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ABSTRACT

Traditional recommender systems primarily rely on overall ratings, which may fail to capture the
fine-grained nuances of user preferences. Multi-Criteria Recommender Systems (MCRS) address this
limitation by incorporating user feedback across multiple aspects of the items to provide more accurate
and personalized suggestions. While the integration of advanced deep learning techniques has signif-
icantly improved MCRS performance, the research landscape remains fragmented, lacking a unified
theoretical framework that connects modern neural network architectures with classical Multi-Criteria
Decision Making (MCDM) theories. To address this gap, this paper presents a conceptually-driven
narrative review that introduces a novel architectural taxonomy for MCRS. We systematically classify
existing methodologies into two paradigms: Multi-Stage architectures and Single-Stage architectures.
Multi-Stage MCRS explicitly integrates MCDM principles, such as multi-attribute utility functions or
Pareto dominance, by decomposing the recommendation pipeline into multi-criteria rating prediction
and preference aggregation. Conversely, Single-Stage MCRS employs holistic, end-to-end modeling
paradigms, such as neighborhood-based methods, deep tensor factorization, or multiview graph
neural networks, in order to capture complex and non-linear dimensional interactions simultaneously.
Moreover, this review examines the transition from relying on explicit criteria elicitation to mining
implicit preferences from user-generated reviews, a shift that significantly broadens the real-world
applicability of MCRS. We also discuss ongoing challenges in the field, such as data sparsity,
integration with contextual situations, and model explainability. By bridging classical decision science
with modern deep learning, this review provides a clear roadmap and theoretical insights for future

MCRS research.

1. Introduction

Traditional recommender systems (RSs) assist users in alle-
viating information overload by providing personalized sug-
gestions tailored to their preferences. However, conventional
RSs primarily rely on a single overall rating, which fails to
capture the fine-grained nuances of user preferences [2]. To
address this limitation, Multi-Criteria Recommender Sys-
tems (MCRS) have emerged, allowing users to express their
preferences across various item attributes [2, 53, 6, 94].

In real-world applications, many platforms explicitly
collect such multi-criteria ratings, which enables multi-
criteria recommendations. For instance, on the hotel booking
platform TripAdvisor.com, users evaluate accommodations
not only through an overall score but also based on spe-
cific criteria such as room quality, cleanliness, location,
and services [28]. Similarly, dining reservation platforms
like OpenTable.com collect fine-grained feedback on food
quality, service, ambience, and value [88], as shown by
Figure 1. More importantly, even if explicit multi-criteria
ratings are not directly collected, the application of MCRS is

© 2026. This manuscript version is made available under the CC-BY-
NC-ND 4.0 license https://creativecommons.org/licenses/by-nc-nd/4.0/.
This is the accepted manuscript of an article published in Neurocomputing;
it is not the Version of Record. The Version of Record is available at
https://doi.org/10.1016/j.neucom.2026.134673

*Corresponding author

2 yzheng66@illinoistech.edu (Y. Zheng)

ORCID(S): 0000-0003-4990-4580 (Y. Zheng); 0000-0003-0724-7615
(D.X. Wang)

how was your experience at Sushi Hai

Rate your dining experience (required)
Reservation made on 12/12/2019

Overall 6 6 6 6 G
Food WR KRR W Ovstancing
e SRR o
Ambience YW W W W Ovistanding
I

Figure 1: Example: Multi-criteria ratings on OpenTable

no longer restricted. Recent advancements in text mining and
sentiment analysis enable the extraction of implicit multi-
criteria preferences directly from user-generated textual re-
views [73, 56, 6]. This paradigm shift significantly broadens
the applicability of MCRS, demonstrating that multi-criteria
recommendation algorithms can be deployed in any domain
as long as user reviews are available.

Over the past years, a variety of MCRS algorithms
have been developed to leverage these multi-dimensional
preferences. The most popular paradigm is the aggregation-
based approach, which typically operates by first predicting
the multi-criteria ratings and subsequently aggregating them
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to estimate the overall rating [1, 93]. More recently, re-
searchers have also introduced deep learning techniques into
MCRS. By effectively capturing the complex and non-linear
interactions between users and items, these advanced neural
network architectures are utilized to build highly accurate
recommendation models [57, 93]. This paper presents a
conceptually-driven narrative review of MCRS, distinctively
anchored in the classical principles of Multi-Criteria Deci-
sion Making (MCDM), aiming to provide a novel taxonomy
and theoretical framework for the advances in MCRS.

1.1. The Missing Link: MCDM in MCRS
Fundamentally, the recommendation process in MCRS is
aligned with the classical theories from MCDM [94]. In-
terestingly, the vast majority of existing MCRS algorithms
belong to the category of Multi-Stage MCRS, where the
recommendation pipeline is typically decomposed into pre-
dicting multi-criteria ratings and subsequently aggregating
them into an overall score or ranking [94]. This aggregation
stage heavily relies on the multi-attribute utility functions
from MCDM methods [2, 21, 72].

Despite this evidence on MCDM in practical MCRS
algorithms, the theoretical connection between the two fields
remains fragmented. We argue that deeply understanding
MCDM provides tremendous benefits for the further devel-
opment of MCRS. For instance, classical MCDM principles
can offer theoretically sound non-aggregation methods (e.g.,
Pareto dominance), inspire novel loss functions in neural
networks, and enhance the explainability of the algorithms
based on deep learning. Theoretically, almost all classical
MCDM techniques could be reused to construct MCRS
architectures; however, the vast majority of current literature
remains heavily concentrated on aggregation-based utility
models. By establishing a novel connection between clas-
sical MCDM theories and MCRS, our review provides a
unified perspective on the relationship between MCDM and
MCRS and identifies several promising research directions.

1.2. Limitations of Existing Surveys

In academic literature, review articles generally fall into
three distinct methodological paradigms, each serving a
different purpose [71]: (1) Comprehensive or Systematic
Literature Reviews (SLRs) aim to exhaustively collect and
quantitatively profile all available studies within a well-
defined boundary, often adhering to strict and reproducible
protocols; (2) Scoping Surveys attempt to rapidly map the
broad concepts and identify the extent of research gaps
in an emerging field [62]; and (3) Narrative Reviews are
interpretive in nature. Rather than exhaustively enumerating
papers, a narrative review selectively synthesizes milestone
literature to construct novel theoretical frameworks, bridge
disparate disciplines, and provide deep architectural insights
[70].

In the field of MCRS, the vast majority of existing
surveys predominantly adopt the comprehensive or scoping
paradigms. For instance, Monti et al. [53] conducted a
comprehensive PRISMA-based SLR to statistically profile

the domain, categorizing 93 MCRS studies. Similarly, Al-
Ghuribi and Noah [6] provided a scoping review focused
on extracting multi-criteria preferences from textual reviews,
while Rajput et al. [63] recently conducted an SLR on the
integration of deep learning models in MCRS. Additionally,
Pelissari et al. [61] presented a preliminary scoping review
regarding the application of MCDM methods in general
recommender systems, where actual data-driven MCRS only
accounted for a small portion of their study. Instead, we
revisited MCRS from the perspectives of MCDM and de-
livered an academic tutorial at the ACM IUI conference in
2023 [94].

While these comprehensive and scoping surveys pro-
vide valuable bibliometric statistics and effectively map
the research landscape, they exhibit notable methodological
limitations. Driven by the goal of exhaustive inclusion, they
tend to mechanically categorize literature based on utilized
algorithms, thereby lacking a high-level architectural syn-
thesis. Regarding the intersection of decision science and
recommendation technologies, although Pelissari et al. [61]
initiated a preliminary statistical mapping, their scope was
broadly oriented towards general RSs rather than dedicated
MCRS. Their work mainly categorized the application of
MCDM into basic functional phases (e.g., preference elic-
itation) and entirely omitted the integration, impact, and
architectural complexities of modern neural network-based
MCRS methodologies.

To fill this gap, this paper adopts a conceptually-driven
narrative review approach. By stepping away from the me-
chanical constraints of comprehensive SLRs, this narrative
approach enables us to systematically select representative
literature and focus on the connections between MCDM and
MCRS. It allows us to construct the proposed architectural
taxonomy and highlight how classical decision science can
offer theoretical scaffolding to interpret, guide, and inspire
the design of future MCRS.

1.3. Contributions and Organization

By bridging decision science with modern recommendation
techniques, the main contributions of this narrative review
are three-fold:

e We establish a theoretical connection between modern
MCRS architectures and classical MCDM paradigms,
providing a unified perspective for understanding ex-
isting MCRS methodologies.

e We propose a novel pipeline-based architectural tax-
onomy that categorizes MCRS into Multi-Stage and
Single-Stage paradigms. Unlike traditional classifica-
tions based primarily on underlying algorithms, the
proposed taxonomy emphasizes computational work-
flows, architectural design choices, and the mecha-
nisms through which multidimensional preferences
are modeled and utilized.

e We synthesize recent advances in MCRS, including
graph learning, contrastive learning, hyperbolic rep-
resentation learning, causal modeling, and emerging
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MCDM-aware architectures. Furthermore, we pro-
vide a critical discussion of the strengths, limita-
tions, and applicable boundaries of different MCRS
paradigms, and outline promising future research di-
rections such as explainable MCRS, neura-MCDM
integration, implicit preference extraction, and the fu-
sion of MCRS with other recommendation paradigms.

The remainder of this paper is organized as follows.
Section 2 defines the fundamentals and data modalities of
MCRS. Section 3 provides a preliminary study of MCDM
theories. Section 4 introduces our proposed architectural tax-
onomy. Section 5 and Section 6 thoroughly review the Multi-
Stage and Single-Stage MCRS architectures, respectively.
Section 7 discusses open challenges and future directions,
followed by the conclusion in Section 8.

2. Fundamentals of MCRS

This section outlines the fundamentals of MCRS. First, we
provide the formal definition of the MCRS problem and
declare the scope of this review. Subsequently, we highlight
the paradigm shift in modern MCRS methodologies, i.e., the
transition from relying on explicitly elicited numerical rat-
ings to extracting implicit multi-criteria preferences directly
from user-generated textual reviews. Finally, we summarize
the benchmark datasets that fuel these data-driven models,
providing an essential data perspective for the algorithmic
taxonomies discussed in the following sections. Moreover,
we introduce the MCRecKit library which is an open-source
library for MCRS.

2.1. MCRS: Definitions and Scopes

Formally, the recommendation problem in traditional RSs
can be defined as a mapping function that predicts an overall
rating based on the interactions between users and items:

R : Users X Items — R (1)

where R, denotes the overall rating representing how much a
user likes an item. In contrast, MCRS extends this paradigm
by additionally considering a user’s preferences across mul-
tiple specific aspects or criteria of the items [2]. Assuming
there are k distinct criteria, the mapping function for MCRS
is defined as:

R : Users X Items = RyX Ry X Ry X -+ X R, (2)

where R, to R, represent the ratings given to each individual
criterion. Table | presents an example of a multi-criteria
rating matrix collected from the restaurant reservation plat-
form OpenTable.com [88]. In this scenario, in addition to the
overall rating, users express their fine-grained preferences
regarding food quality, dining services, ambience of the
space, and value of the money. As shown in the table, the fol-
lowing research problem in modern MCRS revolves around
predicting the missing overall rating (or multi-criteria rat-
ings) for a specific user-item pair (e.g., User U5 on Item T7)
based on the historical rating data. Usually, the predicted

overall ratings on the candidate items can be utilized to sort
and rank candidates to produce the top-N recommendation
list.

It is important to distinguish the scope of MCRS dis-
cussed in this review from two other prevalent research
paradigms that occasionally use similar terminology but dif-
fer in their data foundations and methodologies. First of all,
in classical decision science, literature sometimes utilizes
the term "multi-criteria recommendation” or "recommender
systems", such as [58, 77]. However, their core philoso-
phy is focused on decision analysis rather than preference
prediction. For instance, when recommending a tourism
destination, classical MCDM methods typically evaluate
alternatives based on objective criteria (e.g., cost, distance,
climate) combined with explicitly elicited weights from the
user [9, 22, 67]. This process relies entirely on the inherent
attributes of the alternatives, without utilizing any historical
user ratings. In addition, within the recommender systems
community, some multi-attribute based recommendations
were sometimes labeled with terms like "multi-criteria" and
"recommendations", but they are out of the scope in our
discussions, such as [10, 27]. While they utilize multiple
attributes, these systems lack the users’ preferences on these
specific attributes, i.e., there are no multi-criteria ratings
provided by users in the dataset.

By contrast, the MCRS methodologies reviewed in this
paper are strictly defined as recommender systems utilizing
multi-criteria preferences. Our scope is exclusively focused
on machine learning systems that leverage historical multi-
criteria rating matrices, as exemplified in Table 1, where
users express their subjective and fine-grained preferences
across multiple dimensions, to predict unknown ratings and
subsequently generate Top- N recommendations.

2.2. Paradigm Shift: From Explicit Ratings to
Implicit Reviews

In addition to traditional RSs, there are several specialized
RSs, such as cross-domain RSs [43], context-aware RSs [3,
90, 51], group RSs [50, 18], multi-objective RSs [95].
Most of them may need additional inputs, which limits the
scopes of their applications. For example, context-aware RSs
need ratings in multiple contextual situations, where cross-
domain RSs require algorithms to take user preferences from
multiple domains into account.

Among them, MCRS emerged to capture fine-grained
user preferences across multiple aspects of the items. His-
torically, however, the algorithmic development and real-
world applicability of traditional MCRS have faced severe
bottlenecks. Early MCRS architectures were strictly con-
fined to scenarios where platforms provided explicit multi-
criteria ratings. However, platforms that explicitly collect
such multi-criteria ratings are limited, with TripAdvisor,
OpenTable, and Yahoo! Movies being the popular examples.
Therefore, the development of MCRS was heavily restricted
by this data scarcity, limiting its broad applicability across
diverse domains.
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Table 1

Example: Multi-Criteria Rating Matrix from OpenTable.com
User Item Overall Rating Food Service Ambience Value
U, T, 4 4 3 4 4
U, T, 3 3 3 3 3
U, T, ? ? ? ? ?

To alleviate the dependency on explicit criterion rat-
ings, MCRS research has gradually shifted toward extracting
implicit multi-criteria preferences from unstructured user-
generated content, driven by rapid advances in natural lan-
guage processing (NLP). Early studies demonstrated that
aspect-level ratings could be inferred directly from textual
reviews through latent aspect rating analysis, topic mod-
eling, and opinion mining techniques [73, 74, 32]. These
approaches typically assume that user reviews contain hid-
den aspects corresponding to evaluation criteria and em-
ploy probabilistic topic models to jointly uncover latent
aspects, aspect-specific sentiments, and user preferences.
Thus, criterion-level ratings can be estimated even when
users provide only overall ratings and textual comments.

Subsequent research further incorporated phrase-level

sentiment analysis and aspect-based sentiment analysis (ABSA)

to identify criterion-specific opinions and sentiments from
reviews, enabling the construction of fine-grained preference
representations [80, 56, 42]. Unlike latent topic models,
ABSA-based approaches explicitly identify aspect terms
(e.g., food, service, cleanliness, or value) and estimate the
sentiment polarity associated with each aspect. This allows
systems to directly map review content to predefined criteria
and generate more interpretable criterion-level preference
profiles.

More recently, advances in transformer-based models
and large language models have substantially improved the
extraction of aspect-level preferences, implicit criteria detec-
tion, preference completion, and criteria-level explanation
generation from reviews and conversational interactions [36,
55, 78, 64]. Transformer architectures leverage contextual
language representations to better capture semantic relation-
ships between aspects and opinions, while large language
models can perform instruction-guided preference extrac-
tion, infer missing criterion ratings, and generate structured
user preference profiles from unstructured reviews and di-
alogues. These developments have significantly broadened
the applicability of MCRS by enabling criterion-level prefer-
ence modeling in domains where only overall ratings, textual
reviews, comments, or conversational data are available.

Despite this progress, most existing studies focus on
extracting, completing, or representing criterion-level in-
formation from unstructured data rather than directly de-
veloping MCRS algorithms. Moreover, challenges such as
criterion-schema alignment, incomplete criterion coverage,
and preference sparsity remain open research problems when
transforming textual evidence into structured multi-criteria

rating matrices. Therefore, while implicit preference ex-
traction has become an important enabling technology for
MCRS, a comprehensive review of NLP, ABSA, review
mining, and LLM-based extraction techniques falls beyond
the primary scope of this paper. Instead, this review fo-
cuses on MCRS methodologies and architectures after multi-
criteria preference information has been obtained, whether
through explicit ratings or implicit extraction mechanisms.

2.3. Open Resources

While the previous section highlighted the paradigm shift
toward extracting implicit preferences from textual reviews,
there is currently a lack of standardized, open-source datasets
that provide ready-to-use, pre-extracted multi-criteria rating
matrices from these reviews. To facilitate reproducible
research and algorithmic benchmarking, the evaluation of
MCRS predominantly relies on public datasets containing
explicitly elicited multi-criteria ratings [53].

Obtaining such datasets has been challenging due to the
limited number of platforms featuring explicit multi-criteria
ratings. In recent years, however, researchers have published
several valuable benchmark datasets via web crawling or
user surveys. The most prominent open datasets utilized in
MCRS research include:

e Yahoo! Movies: This is one of the earliest and most
widely used benchmark datasets in the MCRS do-
main [53]. Originally collected by Jannach et al. [40],
it contains explicitly elicited preferences on movies.
Users evaluated movies based on four specific criteria:
direction, story, acting, and visual effects, in addition
to providing an overall rating. There are no public
URLSs to download the data set, but the datasets are
available upon request from the authors.

e TripAdvisor: As a leading platform in the tourism
and hospitality domain, TripAdvisor has served as
the source for several MCRS datasets crawled by
different researchers [53]. A highly utilized version,
also provided by Jannach et al. [40], includes hotel
evaluations across seven fine-grained criteria: value
for money, rooms, location, cleanliness, check-in/front
desk, service, and business services, alongside the
overall rating. Data are available upon request from
the authors.

e OpenTable': To address the lack of high-quality,
multi-criteria datasets in the dining recommendation

1 https://www.kaggle.com/datasets/irecsys/
opentable-data-with-multi-criteria-ratings
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domain, Zheng [88] recently released the OpenTable
dataset crawled from OpenTable.com. Diners evaluate
restaurants based on four critical criteria: food quality,
service, ambience, and value, making it an excellent
modern benchmark for MCRS.

e ITM-Rec’: In the domain of project recommenda-
tions in education [83], Zheng introduced the ITM-
Rec dataset [87]. It collects students’ preferences re-
garding educational project topics or data based on
three criteria: app (the appeal of the application do-
main), data (the ease of data preprocessing), and ease
(the overall ease of the project). Moreover, ITM-Rec
is significantly enriched with contextual information
(e.g., academic semesters, course types, COVID-19
lockdown periods) and explicitly includes group rat-
ings and group compositions, making it a uniquely
versatile testbed for evaluating recommendations in
fused scenarios, such as contextual multi-criteria rec-
ommendations [91, 23, 4], multi-criteria group recom-
mendations [84, 47], and so forth.

Recent efforts have produced open-source libraries to
support reproducible MCRS research. Traditional libraries
like Surprise and LensKit focus on single-rating tasks and
cannot handle multi-dimensional ratings. To address this,
Zheng et al. introduced MCRecKit [98], the first Python-
based, PyTorch-compatible library specifically for MCRS.
MCRecKit includes automated data loaders for benchmark
datasets (e.g., Yahoo!Movies, OpenTable, ITM-Rec) and a
unified configuration environment for flexible multi-stage
pipelines, enabling criteria-level training, aggregation, and
GPU-accelerated multi-criteria ranking. Such toolkits effec-
tively bridge the gap between theoretical MCRS design and
practical large-scale implementation.

3. Preliminary: Multi-Criteria Decision
Making

Before categorizing the modern algorithmic architectures
of MCRS, it is essential to establish a solid theoretical
foundation by reviewing the principles of classical MCDM.
This section first introduces the fundamental definitions of
MCDM, followed by an outline of its methodological tax-
onomy. Finally, we establish a conceptual mapping between
classical decision science and multi-criteria recommender
systems.

3.1. Introduction to MCDM

MCDM is a prominent subarea of operations research and
management science, designed to assist decision-makers
in evaluating and prioritizing alternatives when multiple,
often conflicting, criteria must be considered simultane-
ously [37, 9, 67, 45]. Generally, the MCDM paradigm is
categorized into two primary branches: Multi-Objective

2ht‘cps ://www.kaggle.com/datasets/irecsys/itmrec

Decision-Making (MODM) and Multi-Attribute Decision-
Making (MADM) [45]. MODM typically deals with contin-
uous problems involving mathematical optimization and an
infinite number of feasible solutions. In contrast, MADM is
utilized for discrete problems featuring a finite, predefined
set of alternatives. Since recommendation tasks inherently
involve selecting from a list of candidate items (e.g., movies,
hotels, or restaurants), the theoretical foundation of MCRS
is rooted in the MADM paradigm.

According to classical decision science, despite the
vast diversity of specific techniques, the ingredients of an
MCDM problem are relatively straightforward. Formally, it
requires at least one decision-maker, a finite set of available
alternatives (or actions), and a family of evaluation criteria
used to judge the performance of the alternatives [25, 29].

Furthermore, Bernard Roy, a pioneer in decision science,
systematically categorized the ultimate goals of decision-
aiding into distinct "decision problematics". When evalu-
ating a set of alternatives based on multiple criteria, the
MCDM process generally aims to solve one of the following
core problematics [2, 14]. In the choice problematic, the goal
is to select a single best alternative or a highly restricted
subset of the most "satisfactory" alternatives from the entire
candidate pool. By contrast, sorting problematic involves
assigning each alternative into one of several pre-defined
and preference-ordered categories. For example, classify-
ing candidate alternatives into groups such as "accepted",
"rejected”, or "to be further considered" [54]. Finally, the
ranking problematic aims to order the alternatives compre-
hensively from the most preferred to the least preferred.

These foundational problematics essentially dictate the
mathematical output of an MCDM model. While classi-
cal MCDM methods can be applied to address all these
problematics, the vast majority of existing MCRS research
predominantly focuses on the ranking problematic (i.e., top-
N recommendation task in RSs) [2]. Understanding this
conceptual mapping lays the critical groundwork for com-
prehending how classical operations research algorithms can
be adapted to fulfill modern recommendation tasks.

3.2. Methodological Taxonomy of MCDM

Over the past decades, operations research has produced
hundreds of MCDM algorithms, each characterized by dis-
tinct mathematical axioms and decision philosophies [45].
To systematically navigate this vast landscape and provide
theoretical support for modern recommender systems, we
introduce the following popular taxonomy in MCDM. This
taxonomy categorizes classical MCDM methodologies into
four distinct families [25, 29]:

e Value and Utility Theory Approaches: Rooted in
multi-attribute utility theory and multi-attribute value
theory, this family operates on the principle of full
compensation, where poor performance on one cri-
terion can be compensated by high performance on
another [29]. The core idea is to synthesize a decision-
maker’s multi-dimensional preferences into a single,
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Table 2
Conceptual Mapping between MCDM and MCRS

MCDM Terminology MCRS Terminology

Explanations

Decision-Maker Active User

Alternatives (or Actions) Candidate Items

Criteria Aspects of items (Criteria)
Performance / Utility Values Multi-Criteria Ratings
Decision Process (Ranking)

Recommendation Generation

The user seeking decision support or recommendations.
The discrete set of choices or candidates for evaluations.
The multiple evaluation aspects or perspectives.

The explicit or implicit scores as user preferences.

The process of the top-N recommendations.

global utility score for each alternative via an aggre-
gation function (e.g., a weighted sum) [25]. Prominent
methods in this category include the Analytic Hier-
archy Process (AHP), Weighted Sum Model (WSM),
and the Technique for Order of Preference by Similar-
ity to Ideal Solution (TOPSIS) [45].

e Outranking Models: Unlike utility-based methods,
outranking approaches do not construct a single global
score. Instead, they rely on pairwise comparisons to
build a preference relation (an "outranking" relation)
indicating whether one alternative is at least as good
as another [25, 15]. These methods are typically non-
compensatory or partially compensatory. They eval-
uate the strength of the assertion a outranks b using
two core concepts: concordance (a majority of criteria
must support the assertion) and discordance (no single
criterion should strongly oppose or "veto" the asser-
tion) [29]. Classic algorithms in this family include
the ELECTRE and PROMETHEE series [45].

o Preference Disaggregation Models: Traditional MCDM

methods typically require decision-makers to explic-
itly provide parameters (e.g., criteria weights or thresh-
olds) a priori. In contrast, preference disaggregation
is an a posteriori approach that essentially acts as
reverse-engineering [39]. It infers the global pref-
erence model, such as marginal utility functions,
indirectly from a set of holistic, global decision ex-
amples or historical rankings provided by the user
[25, 39]. The most representative algorithm in this
family is the UTA (Utilités Additives) method, which
utilizes ordinal regression techniques to estimate these
implicit preferences [38, 29].

e Multi-Objective Optimization (MOO): This math-
ematical programming approach treats each criterion
as a separate objective function to be optimized si-
multaneously [19, 75, 95]. Because these objectives
frequently conflict, there is rarely a single optimal so-
lution. Instead, MOO aims to identify a set of Pareto-
optimal (or non-dominated) solutions, representing
the best possible trade-offs where no objective can be
improved without degrading another [75, 95].

3.3. Mapping MCDM to MCRS

Having outlined the theoretical foundations and method-
ological taxonomy of classical MCDM, this preliminary
study tries to establish a formal conceptual bridge between

operations research and recommendation technologies. By
drawing analogies between these two disciplines, we can
translate classical MCDM frameworks into modern MCRS
[61,2].

More specifically, an item recommendation process in
MCRS can be viewed as a multi-criteria decision-making
process [6, 94]. To systematically demonstrate this synergy,
Table 2 explicitly defines the formal mapping of terminolo-
gies between these two domains [2, 61, 6].

As detailed in Table 2, the individual seeking decision
support corresponds directly to the active user in MCRS.
The discrete set of feasible choices evaluated in MCDM
are equivalent to the candidate items in RSs. Therefore,
the multiple criteria utilized in MCDM map directly to the
specific aspects or attributes of an item (e.g., food, service,
ambience in dining recommendations) or criteria in MCRS.
In this context, the performance score of an alternative on
a specific criterion mathematically translates to the explicit
or implicit criteria rating provided by a user to an item.
Ultimately, the MCDM goal of aiding the decision-maker
in making a choice aligns with the computational process of
generating the top- N recommendation list.

Beyond the mapping of terminologies, it is essential to
recognize that the methodological taxonomy introduced in
Section 3.2 provides the theoretical scaffolding for almost
all existing MCRS algorithms. For instance, the widely
adopted "aggregation function" approach in MCRS could be
linear regression [1], non-linear function like support vector
regression [82], or complex multi-layer perceptrons [93, 57].
All these aggregation approaches are conceptually rooted in
the family of multi-attribute utility theory, aiming to syn-
thesize criteria ratings into a single overall rating. Further-
more, modern data-driven MCRS that learn latent weights
or network parameters from historical multi-criteria rat-
ing matrices are essentially executing large-scale preference
disaggregation. Recently, the concepts and techniques in
MOO and outranking philosophies have also inspired novel
recommendation frameworks, such as multi-criteria ranking
based on the concept of Pareto dominance [93].

By establishing the mapping in this section, the connec-
tion between operations research and recommender systems
becomes clearer. Equipped with this theoretical toolkit, we
now proceed to systematically review and categorize the al-
gorithmic architectures of modern MCRS in the subsequent
sections.
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Independent Methods
(e.g., IndNeuMF)
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Rating Predictions
Dependent Methods

(e.g., Criteria Chains,
MONeuMF)

Multi-Stage Models |_|
~ | (Sequential Pipeline) — Linear Aggregation
(e.g., Linear Regression)

Stage 2: Preference
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Figure 2: The Proposed Pipeline-Based Architectural Taxonomy for Modern MCRS

4. A Novel Taxonomy for MCRS While this conventional taxonomy was instrumental dur-
ing the early evolution of MCRS, it exhibits notable limita-

tions in the modern era of deep learning and complex neural
architectures. Categorizing algorithms by their underlying
mathematical techniques fails to capture the intricate data
workflows and structural designs of modern systems. For
instance, an advanced deep learning framework could si-
multaneously utilize both memory-like distance metrics and
complex predictive models. The traditional heuristic versus
model-based dichotomy has become increasingly insuffi-
cient for systematically profiling the state-of-the-art MCRS
landscape.

To address this gap and provide a more structural per-
spective, we propose a novel, pipeline-based architectural
taxonomy for MCRS, inspired by recent advancements and
open-source MCRS frameworks in the field [98, 94]. In-
stead of focusing solely on the local utility functions, our
taxonomy categorizes modern MCRS algorithms based on
their computational pipelines and data routing mechanisms.

In 2010, Adomavicius et al. categorized MCRS algorithms
based on the mathematical formation of their utility func-
tions, dividing them into two traditional classes: heuristic-
based (or memory-based) and model-based techniques [2].
In the traditional memory-based paradigm, these MCRS
algorithms rely on the K-Nearest Neighbor (KNN) based
collaborative filtering (CF), where systems typically com-
pute user or item similarities on each criterion separately and
aggregate them into a single similarity metric, or directly
calculate multidimensional distances [2]. In other words,
multi-criteria ratings were utilized to seek better neighbor-
hood in CF. By contrast, model-based approaches, such as
probabilistic modeling [66] or multilinear singular value
decomposition [48], attempt to construct a predictive model
to estimate unknown overall ratings from observed data.
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Table 3
Summary of the proposed architectural taxonomy of MCRS.

Paradigm Subcategory Section Representative Methods

Multi-Stage Independent  criteria  Section 5.1 KNN-based CF [1], MF [85], SVD [33], Autoencoder [11],
MCRS prediction IndNeuMF [93]

Multi-Stage Dependent  criteria  Section 5.1 Criteria Chains [81], MONeuMF [57]

MCRS prediction

Multi-Stage Aggregation-based Section 5.2 Linear Regression [1], SVR [82], MLP [93, 57]

MCRS recommendation

Multi-Stage Multi-criteria ranking  Section 5.2 Pareto ranking [93, 96, 97], Utility-based models [85, 86]
MCRS

Single-Stage Neighborhood-based Section 6.1 KNN-based CF [1], TOPSIS/OWA-enhanced CF [8]
MCRS approaches

Single-Stage Probabilistic models Section 6.2 FMM [69, 66]

MCRS

Single-Stage Latent models Section 6.3 MSVD [48], Contextual tensor factorization [35]

MCRS

Single-Stage Graph-based MCRS Section 6.4.1 CPA-LGC [59], CA-GF [60], D-MGAC [26], TaTriGR [52]
MCRS

Single-Stage Hyperbolic and causal ~ Section 6.4.2 HMCR [30], MCCR [31]

MCRS MCRS

Specifically, we classify the modern MCRS architectures
into two paradigms:

e Multi-Stage MCRS Architectures: These models
operate on a sequential pipeline. They explicitly di-

vide the recommendation process into sequential phases,

typically predicting intermediate multi-criteria ratings
first, followed by a distinct preference aggregation or
multi-criteria ranking stage [98, 94].

o Single-Stage MCRS Architectures: These models
operate holistically. They directly leverage multi-
criteria data to generate final recommendations or
overall rating predictions in a unified, simultaneous
process, without necessitating the explicit prediction
of intermediate multi-criteria ratings [94].

Figure 2 illustrates this newly proposed architectural
taxonomy, outlining the hierarchical sub-branches within
each paradigm. To improve the readability of the proposed
taxonomy, Table 3 summarizes the relationships among the
architectural paradigms, their corresponding sections, repre-
sentative algorithms, and key references discussed through-
out this review. This mapping provides readers with a con-
cise overview of the proposed taxonomy and facilitates
navigation across different categories of MCRS methods.
By shifting the classification standard from mathematical
formulations to architectural pipelines, this taxonomy inte-
grates classical MCDM theories with modern neural net-
work designs. In the following sections, we will systemat-
ically unpack this taxonomy, discussing detailed algorith-
mic workflows of Multi-Stage architectures (Section 5) and
Single-Stage architectures (Section 6), respectively.

5. Multi-Stage MCRS: Sequential Pipeline

As illustrated in our proposed taxonomy shown by Figure
2, multi-stage MCRS architectures explicitly decompose
the recommendation task into a sequential pipeline. This
paradigm aligns with classical MCDM processes, where the
evaluation of alternatives across multiple criteria precedes
the final decision synthesis. The vast majority of MCRS
literature falls into this category, operating through two
distinct phases: Criteria Rating Prediction (Stage 1) and
Preference Aggregation or Ranking (Stage 2).

5.1. Stage 1: Criteria Rating Prediction
The primary objective of the first stage is to estimate
the missing multi-criteria ratings for unobserved user-item
pairs. Take the example shown in Table 1, the system
tries to predict U;’s multi-criteria ratings on the item T
first and then aggregates these predicted ratings afterwards.
Depending on whether the latent dependency among dif-
ferent criteria is considered, predictive models in this stage
generally diverge into two distinct methodologies.
Independent Predictions. Early multi-stage systems
typically assume that user preferences on different criteria
are mutually independent. Accordingly, they deploy separate
traditional collaborative filtering models (e.g., matrix fac-
torization [85], SVD [33], KNN based CF [1, 34]) for each
criterion to predict the corresponding ratings independently.
In the deep learning era, this approach has been naturally
extended to independent neural network models. For exam-
ple, Batmaz et al. proposed to utilize autoencoder models
to predict multi-criteria ratings separately [11]. Zheng et
al. used neural matrix factorization (NeuMF) to estimate
multi-criteria ratings independently, where this approach
was named as independent NeuMF (IndNeuMF) [93], and
the model architecture can be visualized by Figure 3a. We
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Figure 3: The architectures of deep multi-criteria recommendation models: (a) IndNeuMF, which utilizes independent NeuMF
networks for each criterion, and (b) MONeuMF, which shares embeddings across criteria with multiple outputs.

can observe that individual NeuMF model was built based
on each individual rating matrix associated with ratings in
each criterion, in order to predict multi-criteria ratings, i.e.,
R\, Ry, ... Rg.

While computationally straightforward, this indepen-
dence assumption often oversimplifies real-world human
cognition. However, these multi-criteria preferences are
rarely isolated; for instance, a high rating for a hotel’s
location might influence its value rating. Or, a high rating on
the ambience of the restaurant may also indicate a positive
observation on dining services.

Dependent Predictions. To overcome the limitations of
the independence assumption, recent advancements focus on
dependent prediction models that explicitly capture inter-
criteria correlations. A prominent example is the Criteria
Chains model [81]. It organizes multiple criteria into a
predefined sequence or "chain". Instead of predicting all cri-
teria ratings simultaneously, it sequentially predicts a user’s
rating on each criterion one by one. During this process,
the previously predicted criteria ratings are transformed and
utilized as contextual information to help predict the user’s
preference for the subsequent criteria in the chain. It is
classified as a dependent method because it explicitly cap-
tures and models these correlations. By feeding the predicted
ratings of preceding criteria as direct inputs to estimate the
subsequent ones, the model’s predictions are mathematically
dependent on prior outcomes in the chain.

Another example is multi-outputs NeuMF model which
is a modern neural architecture [57], as shown by Fig-
ure 3b. Instead of building separate models for each crite-
rion, MONeuMF utilizes a single, unified neural architecture
where users and items share the same embedding layers. The
network branches into multiple outputs, with each output

neuron predicting the rating for a specific criterion. The en-
tire model is optimized end-to-end using a joint loss function
that aggregates the errors across all criteria. The joint loss
function is actually a weighted sum of mean squared errors
associated with predicted multi-criteria ratings, where the
weights can be predefined as hyper-parameters. MONeuMF
is classified as a dependent method because it implicitly
captures these criteria dependencies. By forcing all criteria
to share the same underlying user and item embeddings and
optimizing them together via a joint loss function, the pre-
diction error of one criterion directly influences and adjusts
the shared representations. This joint learning mechanism
ensures that the criteria are not treated in isolation, but rather
as an interconnected system.

5.2. Stage 2: Preference Aggregation or Ranking
Following the prediction of multi-criteria ratings in Stage 1,
the system proceeds to Stage 2, which aims to derive the
final recommendation outcome. To provide a clear delin-
eation of the underlying computational process, this stage
encompasses two distinct procedural steps:

Step 1: Learning the Mapping Function (/). Before
performing any aggregation on the test instances, the system
must first learn a mapping function, denoted as f, using the
historical training data. This function is designed to capture
the relationship between a user’s multi-criteria ratings and
their final overall rating (or a derived ranking score). De-
pending on the architectural design, this mapping function
can be either linear or non-linear. Traditional approaches
frequently utilize linear aggregation (e.g., multiple linear
regression [1]), assuming a straightforward weighted com-
bination of criteria. In contrast, advanced models employ
non-linear functions, such as support vector regression [82]
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or multi-layer perceptrons (used in both IndNeuMF [93] and
MONeuMF [57] as shown in Figure 3), to capture more com-
plex, high-dimensional interactions among different criteria.

The aggregation methods mentioned above, such as lin-
ear or non-linear regressions, usually were adopted to es-
timate the overall ratings. Alternatively, researchers may
try to derive a ranking score to rank the candidate items
to produce the top-N recommendations. This paradigm is
referred to as multi-criteria ranking, which bypasses the
explicit prediction of a single overall rating by directly evalu-
ating the multidimensional preferences. For instance, recent
studies have introduced ranking methods based on Pareto
dominance, where a ranking score is derived directly from
the dominance relationships among candidate items using
their predicted multi-criteria ratings [93, 96, 97]. Drawing
inspiration from multi-objective optimization techniques,
such as Fonseca and Fleming’s ranking, an item’s final score
is calculated based on the number of other candidate items it
strictly dominates across all criteria. This approach ensures
that items are ranked based on their absolute comparative
advantage without relying on any aggregation loss function.
Another example involves utility-based expectation mod-
els [85, 86]. Instead of a straightforward weighted combina-
tion, these methods first learn a user’s specific expectations
across multiple criteria. The system then estimates a utility
or ranking score by calculating the similarity or distance
between the user’s learned expectations and the actual multi-
criteria preferences for the candidate items. These ranking-
oriented approaches offer a highly adaptable multi-criteria
decision-making process, integrating with existing criteria
rating prediction models to generate top-N recommenda-
tions.

Step 2: Preference Aggregation and Scoring. Once the
mapping function f has been fully optimized and learned,
it is applied to the unseen instances. The predicted multi-
criteria ratings generated from Stage 1 are fed as inputs into
this learned function f. The function then aggregates these
predicted criteria values to calculate the estimated overall
rating or a specific ranking score for the target user-item
pair. By explicitly separating the learning of the aggregation
function from the actual application of the predicted criteria
ratings, the framework ensures a mathematically rigorous
and highly adaptable multi-criteria decision-making pro-
cess.

5.3. Multi-Stage MCRS: Connections to MCDM
Fundamentally, the multi-stage MCRS pipeline is closely
linked to the classical theories of MCDM. In real-world sce-
narios, a user selecting an item acts as a decision-maker eval-
uating alternatives across various conflicting factors (e.g.,
location, cleanliness, and service in hotel bookings) [9, 67].
The aggregation and ranking processes in Stage 2 can be
directly mapped to established MCDM paradigms, though
their practical adoption in MCRS varies significantly due to
computational and theoretical constraints.

5.3.1. Dominant Paradigms

The most universally adopted aggregation functions in MCRS
correspond directly to the Multi-Attribute Utility/Value The-
ory (MAUT) in MCDM [41, 9]. Methods that utilize linear
regressions, non-linear support vector regressions, or deep
multi-layer perceptrons act as utility functions designed to
aggregate multidimensional preferences into a single utility
score (i.e., the overall rating). MAUT-based approaches are
predominantly favored by MCRS researchers because they
are straightforward to implement, easily optimized using
historical overall ratings as ground truth, and integrated into
end-to-end deep learning architectures.

Furthermore, the multi-criteria ranking approach based
on Pareto dominance was inspired by MOO. It eliminates
the need for mathematical aggregation functions, preserving
the multidimensional integrity of user preferences until the
final sorting step. However, it is necessary to clarify that
this approach primarily leverages the theoretical concept of
dominance to derive ranking scores, rather than translating
the recommendation task into a strict MOO problem [93].
Formulating MCRS directly as a pure MOO task remains a
profound challenge due to the inherently conflicting nature
of user preferences. In classical MOO, the ultimate goal is
to simultaneously optimize all given objectives or criteria.
However, real-world users rarely maximize their satisfaction
across all item aspects without making subjective compro-
mises. For instance, a user seeking a hotel with exceptional
ratings in room quality, service, and location must often
compromise due to financial constraints, as such premium
quality inevitably conflicts with a limited budget. Translat-
ing MCRS into a pure MOO task is difficult because existing
recommendation datasets primarily capture the final evalua-
tion ratings, lacking explicit records of the users’ dynamic
constraints (e.g., hard budget caps) and their underlying
compromise strategies.

5.3.2. Underrepresented Paradigms

Despite a lot of paradigms in MCDM, several powerful
techniques remain absent or rarely put into practice in multi-
stage MCRS. Most notably, Outranking models (e.g., ELEC-
TRE and PROMETHEE) [15] and advanced aggregation
operators, such as TOPSIS [12] and Ordered Weighted Av-
eraging (OWA) [24], are rarely utilized in modern multi-
stage pipelines. While recent literature has begun exploring
TOPSIS and OWA to handle the uncertainty and incon-
sistency of user preferences while preserving the relative
importance of individual criteria, their application remains
strictly confined to single-stage heuristic models. The re-
luctance to adopt these advanced MCDM methods in deep
sequential pipelines stems from several critical structural
and computational challenges.

One primary challenge is the requirement of explicit
priors. Many advanced MCDM methods, such as TOPSIS
and PROMETHEE, require explicit pre-defined weights or
importance scores for each criterion from the decision-
maker. In typical MCRS datasets, however, users only pro-
vide ratings rather than their explicit weight preferences.
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This lack of explicit priors makes these methods difficult
to apply without introducing additional heuristic weight-
estimation steps or relying on objective entropy derivations.

Another significant hurdle lies in computational com-
plexity and scalability. Outranking methods, for instance,
rely heavily on extensive pairwise comparisons among all
candidate alternatives across all criteria. In a modern rec-
ommender system with massive catalogs containing millions
of items, performing such multidimensional pairwise com-
parisons for every user induces an immense computational
overhead. This inherent complexity severely limits their
applicability for generating real-time Top-N recommenda-
tions.

Beyond data and computational constraints, there exists
an objective mismatch and architectural barrier. Traditional
multi-stage models strictly optimize for regression metrics
(e.g., RMSE or MAE) by predicting an absolute overall
rating. In contrast, MCDM methods like TOPSIS inherently
output a relative closeness coefficient designed exclusively
for ranking rather than absolute value fitting. Furthermore,
modern deep multi-stage architectures increasingly rely on
end-to-end gradient descent and joint loss optimization.
Classical MCDM operators involving sorting mechanisms
(e.g., OWA) or ideal-solution geometric computations (e.g.,
TOPSIS) are typically non-differentiable, making their di-
rect insertion into neural backpropagation pipelines mathe-
matically non-trivial.

While theoretically sound, there remains a significant
gap between classical MCDM theories and modern MCRS
implementations. Many advanced MCDM models have sim-
ply not been adapted to handle the extreme data sparsity,
high dimensionality, and dynamic nature typical of collab-
orative filtering environments. Bridging this gap by devel-
oping scalable, differentiable, and machine-learning-driven
approximations of these advanced MCDM theories to enable
true end-to-end multi-criteria ranking represents a highly
promising, yet underexplored, frontier for future MCRS
research.

6. Single-Stage MCRS: Holistic Modeling

By contrast, single-stage models adopt a holistic modeling
paradigm. While multi-stage pipelines typically follow a
fixed two-stage pattern of prediction and aggregation, single-
stage MCRS does not adhere to a uniform architectural
rule or fixed mechanism. Instead, its implementation heavily
depends on how the underlying recommendation algorithms,
such as latent factor models or probabilistic graphical mod-
els, are adapted to directly accommodate multi-dimensional
criteria [94]. By treating the multiple criteria either as di-
mensions of similarity, latent probabilistic variables, or con-
textual features, single-stage models effectively mitigate the
error propagation inherent in sequential pipelines. The fol-
lowing subsections detail the three predominant methodolo-
gies within this holistic framework.

6.1. Neighborhood-Based Approaches

Early single-stage models primarily extended traditional
neighborhood-based collaborative filtering by redefining
how user or item similarities are computed in a multi-
dimensional space [1]. Multi-criteria ratings can be uti-
lized to seek better neighbors to further be adopted in
neighborhood-based collaborative filtering [44, 5]. More
specifically, instead of relying solely on a single overall
rating, these approaches compute similarities across each
specific criterion independently. Subsequently, they com-
bine these dimension-specific similarities into a unified
global similarity metric using straightforward aggregation
functions, such as calculating the arithmetic average or
identifying the minimum similarity across all criteria. While
these heuristic aggregations are computationally efficient,
they frequently fail to capture the inherent uncertainty and
conflicting nature of complex human preferences.

To overcome the limitations of simple linear aggre-
gations, recent advancements have begun integrating so-
phisticated operations research operators directly into the
memory-based collaborative filtering process. A prominent
paradigm is the utilization of TOPSIS [12] and OWA [24]
to aggregate multi-criteria ratings into a highly robust com-
prehensive score [8]. Rather than applying static weights to
specific criteria, OWA sorts a user’s multi-criteria ratings
by magnitude and applies weights generated by fuzzy logic
distribution functions. In classical operations research, these
pre-defined mathematical functions are termed as "fuzzy
linguistic quantifiers" representing concepts such as "at least
half" or "as many as possible" purely through mathemati-
cal parameters rather than text mining. This systematically
transforms the multi-dimensional ratings into a single ag-
gregated score that intuitively reflects the user’s general
satisfaction level. Alternatively, TOPSIS utilizes data-driven
objective weights, such as those derived from the CRITIC
method, to evaluate how close a user’s criteria ratings are
to a hypothetical perfect evaluation and how far they are
from the worst-case scenario. The resulting relative close-
ness coefficient serves as a robust aggregated rating. It is
important to note that this aggregation occurs independently
for each user-item pair. Thus, a user’s entire profile of multi-
criteria preferences is projected into a new, one-dimensional
pseudo-rating vector (using either the ratings produced by
OWA or the aggregated scores derived from TOPSIS) across
all rated items. Using these newly constructed vectors, the
system computes a multi-criteria similarity between users
across their co-rated items via distance metrics. To establish
the most accurate nearest neighbors, this implicitly derived
multi-criteria similarity is then mathematically fused (e.g.,
via multiplication) with the traditional similarity calculated
from the users’ explicit overall ratings. By leveraging this
similarity fusion, the system can identify a highly reliable
neighborhood, enabling it to directly produce Top-N rec-
ommendations from highly sparse datasets without efforts
to predict the unobserved criteria ratings.
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In summary, the neighborhood-based methodologies
discussed in this section encapsulate two distinct compu-
tational paradigms for leveraging multi-criteria preferences:
computing similarities on individual criteria before aggre-
gating them into a unified similarity metric, and alterna-
tively, aggregating the multi-dimensional ratings into com-
prehensive pseudo-rating vectors prior to distance computa-
tion. Despite their procedural differences, both paradigms
share the same objective: establishing a highly precise,
multi-dimensional user-user similarity to identify better
neighborhoods for collaborative filtering. Most importantly,
by directly utilizing these refined neighborhoods to produce
the final Top-N recommendations, both approaches inher-
ently bypass the intermediate rating prediction of individual
criteria for unobserved items. They exemplify a holistic,
single-stage architectural paradigm by directly translating
complex multi-criteria interactions into actionable recom-
mendations.

6.2. Probabilistic Models

Beyond heuristic neighborhood calculations, probabilistic
modeling offers a mathematically rigorous framework to
capture the complex dependencies among multi-criteria rat-
ings directly. An underlying challenge specific to multi-
criteria rating data is the psychological phenomenon known
as the halo effect. In real-world recommendation scenarios,
a user’s perception of one dominant attribute, or their pre-
existing overall impression of an item, unconsciously biases
their evaluations on other specific criteria [66]. Therefore,
multi-criteria ratings are inherently highly correlated, mean-
ing that assuming strict statistical independence among dif-
ferent criteria often leads to suboptimal modeling of user
preferences.

To explicitly model these cognitive biases and under-
lying dependencies, researchers have successfully adapted
probabilistic generative models, most notably the Flexible
Mixture Model (FMM) [69]. The FMM operates by in-
troducing latent class variables to cluster users and items,
subsequently defining a joint probability distribution over
users, items, and multi-dimensional ratings. By applying
a structure learning algorithm, the model effectively in-
corporates inter-criteria dependencies into the probabilistic
graphical network. Utilizing the Expectation-Maximization
algorithm, the system infers the most likely overall prefer-
ence score for unobserved user-item pairs purely through
probabilistic reasoning over the joint distribution. This al-
lows the system to effectively mitigate the halo effect and
generate accurate recommendations without relying on rigid
mathematical aggregation functions.

This FMM-based approach is classified as a single-stage
architecture due to its capacity to completely bypass the
intermediate rating prediction of individual criteria. Once
the joint probability distribution and the network parameters
are learned from the training data, the model can directly
estimate the overall rating for any unseen user-item entry.
During the inference phase, the system simply marginal-
izes out the unobserved multi-criteria variables, deriving

the expected overall rating solely from the latent user and
item class distributions [66]. The model does not require
the multi-criteria ratings for a specific user-item pair to
be known or explicitly predicted beforehand, embodying
the holistic, one-step prediction paradigm of single-stage
MCRS.

6.3. Latent Models

While probabilistic models successfully capture statistical
dependencies, latent factor models are effective at uncover-
ing hidden semantic features in highly sparse environments
through advanced dimensionality reduction. In the single-
stage multi-criteria context, the earliest breakthroughs ex-
tended traditional two-dimensional matrix factorization into
Multilinear Singular Value Decomposition (MSVD) [48].
This approach constructs a three-dimensional tensor com-
prising users, items, and diverse rating criteria. By decom-
posing this multi-dimensional tensor into a shared low-
dimensional latent space, MSVD uncovers both explicit and
implicit relations among the three dimensions. Rather than
calculating user similarities directly on the extremely sparse
original multi-criteria rating matrix, the system identifies
the active user’s nearest neighbors by measuring distances
within this dense, approximated latent tensor space. Once
these highly accurate neighbors are identified, the algorithm
reverts to a traditional memory-based collaborative filtering
mechanism, utilizing the neighbors’ historical records to
generate the final Top-N recommendations. It is useful to
note that, although the ultimate recommendation step em-
ploys a neighborhood-based collaborative filtering strategy,
the principal mathematical contribution of this approach lies
in the multilinear dimensionality reduction of the multi-
criteria rating tensor. Thus, we still classify this methodol-
ogy under latent models rather than heuristic neighborhood-
based approaches.

Building upon this foundation, recent studies have fur-
ther formalized the single-stage tensor paradigm by treating
criteria as generalized contextual dimensions. For instance,
Hong and Jung proposed a comprehensive multi-criteria ten-
sor model that simultaneously incorporates users, items, cri-
teria, and external context (e.g., cultural groups) into a single
holistic tensor [35]. Instead of predicting multi-criteria rat-
ings sequentially or independently, their approach preserves
the inherent structural interrelations of the data. By apply-
ing higher-order SVD and stochastic gradient descent, the
model directly factorizes the tensor to infer unobserved user
preferences, exhibiting strong robustness to the severe data
sparsity characteristic of multi-criteria environments.

Whether utilizing multilinear decomposition or contex-
tual tensor factorization, these latent factor models embody
the one-stage architectural philosophy. Rather than follow-
ing a multi-stage pipeline that first predicts missing individ-
ual criteria ratings and subsequently aggregates them, these
approaches map all users, items, and criteria into a unified,
low-dimensional embedding space. By directly generating
holistic user-item preference scores or similarities from this
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Table 4

Recent Advances in Modern Single-Stage MCRS.
Models Key Technology Main Contributions
CPA-LGC [59]  Graph Learning Criteria-aware graph representation learning
CA-GF [60] Graph Filtering Efficient graph-based recommendation
D-MGAC [26]  Graph + Attention + Contrastive Learning ~ Multi-view representation learning
TaTriGR [52] MCDM-aware Graph Learning Criterion weighting and ideal-point reasoning
HMCR [30] Hyperbolic Learning Hierarchical preference modeling
MCCR [31] Causal Inference Bias reduction and robust recommendation

shared latent space, they produce the final Top-N recom-
mendations in a single end-to-end step, thereby avoiding
the error propagation issues inherent in sequential prediction
models.

6.4. Advances in Modern Single-Stage MCRS
MCRS has evolved rapidly in recent years driven by ad-
vances in graph representation learning, contrastive learn-
ing, causal inference, and more sophisticated preference
modeling techniques, as described in Table 4. While early
single-stage MCRS methods primarily relied on matrix fac-
torization and tensor decomposition to learn latent user-
item representations, recent studies increasingly leverage
graph structures to capture complex interactions among
users, items, and multiple criteria. Most recent innovations
in MCRS have been concentrated within the Single-Stage
paradigm, largely driven by advances in deep learning and
representation learning.

6.4.1. MCRS Based on Graph Learning

One representative example is the development of graph-
based MCRS. Recent studies have demonstrated that graph
learning can effectively model higher-order relationships
among users, items, and criteria while alleviating data
sparsity issues. For example, CPA-LGC introduced a cri-
teria preference-aware graph learning framework that ex-
plicitly models user-specific criterion preferences within
a graph convolution architecture [59]. Building upon this
line of research, CA-GF further explored graph filtering
techniques and achieved competitive recommendation per-
formance with substantially reduced computational com-
plexity [60]. More recently, D-MGAC integrated multiview
graph learning, dual-attention mechanisms, and contrastive
learning strategies to jointly capture criterion-specific de-
pendencies and improve representation quality [26]. Further-
more, TaTriGR proposed a targeting-aware tripartite graph
learning framework that incorporates user-specific criterion
weighting and ideal-point reasoning, representing one of
the first attempts to more explicitly connect modern graph-
based MCRS with principles from MCDM [52]. Although
TaTriGR does not directly implement a classical MCDM
method such as AHP or TOPSIS, it incorporates several
MCDM principles, including user-specific criterion weight-
ing, ideal-point reasoning, and lexicographic preference
consistency. These mechanisms explicitly model criterion

importance and trade-off relationships, thereby strengthen-
ing the connection between modern graph-based MCRS and
decision-theoretic perspectives.

Despite the methodological differences among these
graph-based approaches, they can all be categorized as
Single-Stage MCRS because criteria information is inte-
grated directly within a unified learning framework rather
than through separate criterion prediction and subsequent
aggregation processes. Unlike Multi-Stage MCRS, which
explicitly predicts individual criterion ratings before de-
riving overall recommendations, these models learn latent
representations and recommendation outcomes in an end-
to-end manner. Accordingly, criterion interactions and de-
pendencies can be captured implicitly during representation
learning.

Compared with earlier Single-Stage approaches based
on matrix factorization or tensor decomposition, graph-
based MCRS offer several advantages. By explicitly mod-
eling higher-order user—item—criterion relationships, graph
structures can better alleviate data sparsity, capture com-
plex dependencies among criteria, or exploit neighborhood
information beyond pairwise interactions. However, these
benefits come at the cost of reduced transparency and inter-
pretability. Since criteria interactions are learned implicitly
within deep graph representations, it is often more difficult
to explain how individual criteria contribute to the final
recommendation outcome. In addition, graph-based models
generally require higher computational resources and more
complex training procedures than traditional latent-factor
approaches. Therefore, while modern graph-based MCRS
may enhance predictive performance, they also introduce
new challenges regarding explainability, scalability, and
alignment with classical MCDM principles.

6.4.2. Hyperbolic Learning and Causal Inference
Beyond graph learning, several emerging directions have
recently attracted attention. HMCR introduced hyperbolic
representation learning into MCRS, enabling the model-
ing of hierarchical relationships among users, items, and
criteria in non-Euclidean embedding spaces [30]. MCCR
incorporated causal inference techniques into MCRS and
demonstrated that explicitly modeling causal relationships
can alleviate recommendation bias and improve recommen-
dation robustness [31].

Although both HMCR and MCCR remain within the
Single-Stage MCRS paradigm, they address limitations that
are not adequately handled by traditional latent-factor or
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graph-based models. HMCR focuses on representation qual-
ity by exploiting the hierarchical structure of user prefer-
ences and criterion relationships, whereas MCCR focuses
on improving recommendation reliability through causal
reasoning and bias mitigation.

Compared with conventional graph-based MCRS, hy-
perbolic representation learning can more effectively capture
hierarchical and multi-scale relationships in sparse recom-
mendation environments. This may improve recommenda-
tion accuracy when user preferences exhibit complex crite-
rion structures. However, hyperbolic models generally intro-
duce additional mathematical complexity and may be more
difficult to interpret and optimize than Euclidean embedding
approaches. In contrast, MCCR does not primarily seek
to improve representation learning but rather to address
or alleviate recommendation bias. By explicitly modeling
causal relationships, causal MCRS can potentially improve
robustness, fairness, and generalization performance. Nev-
ertheless, causal inference often requires stronger modeling
assumptions and additional domain knowledge, and its effec-
tiveness may depend on the availability and quality of causal
signals.

Therefore, recent Single-Stage MCRS research is ex-
panding beyond predictive accuracy toward broader ob-
jectives, including hierarchical preference modeling, ro-
bustness, bias reduction, and trustworthy recommendation.
These developments illustrate how modern MCRS increas-
ingly incorporates ideas from neighboring research areas
while maintaining the same criterion integration mecha-
nism.

These developments demonstrate that modern MCRS
research has gradually expanded beyond traditional latent-
factor approaches toward graph-based learning, causal rea-
soning, and hyperbolic representation learning. Neverthe-
less, despite the diversity of learning paradigms and model-
ing techniques, these advances primarily affect representa-
tion learning, preference modeling, and optimization strate-
gies rather than altering the location at which criteria in-
formation is integrated. Therefore, they can still be natu-
rally interpreted within the proposed taxonomy of Multi-
Stage and Single-Stage MCRS architectures. In this sense,
recent advances provide additional evidence supporting the
explanatory power and continued relevance of the proposed
taxonomy.

6.5. Single-Stage MCRS: Connections to MCDM

While single-stage architectures often originate from tra-
ditional collaborative filtering and representation learn-
ing, their mechanism of integrating multiple dimensions
is aligned with classical MCDM paradigms. In recent lit-
erature, specific MCDM operators have been successfully
integrated into single-stage pipelines to enhance holistic
modeling. Most notably, aggregation-based MCDM tech-
niques, such as TOPSIS and OWA, have been employed to
aggregate multi-criteria ratings into a robust comprehensive
score for computing global user similarities in memory-
based models [8]. These applications illustrate that classical

decision analysis can effectively address the ambiguity and
conflict inherent in human judgments without relying on in-
termediate rating predictions, thereby integrating operations
research principles into neighborhood-based formulations.

Despite these initial successes, a vast array of power-
ful MCDM methodologies remains conspicuously absent
from single-stage MCRS literature. For instance, classical
outranking models, such as ELECTRE and PROMETHEE,
as well as preference disaggregation models, have rarely
been adapted for holistic recommendation tasks [53]. How-
ever, these underutilized methods hold immense theoretical
potential. Outranking models, which evaluate the absolute
comparative advantages of items or users through strict
dominance relationships, could revolutionize neighborhood-
based approaches. Rather than relying on distance metrics
or linear correlation measures to identify similar users, out-
ranking methodologies define user neighborhoods through
multidimensional preference dominance, providing a more
flexible and robust collaborative filtering mechanism that
naturally accommodates minor inconsistencies in user be-
havior.

The hesitation to fully integrate these advanced MCDM
methods into single-stage architectures arises from a range
of computational challenges. First, classical MCDM tech-
niques traditionally require explicit pre-defined weights or
importance scores for each criterion from the decision-
maker. Because typical collaborative filtering datasets only
contain sparse rating matrices without explicit weight pref-
erences, integrating these methods necessitates additional
complex, heuristic weight-estimation steps or objective en-
tropy derivations. Second, methods like outranking rely
heavily on extensive pairwise comparisons among all can-
didate alternatives across all criteria. In a modern recom-
mender system with massive catalogs containing millions of
items and users, performing such multidimensional pairwise
comparisons induces an immense computational overhead,
severely limiting their scalability for real-time Top-N rec-
ommendations [63]. Finally, traditional MCDM assumes a
dense decision matrix, whereas MCRS environments are
characterized by extreme data sparsity [53], making the
direct application of classical decision analysis operators
mathematically non-trivial and establishing a significant gap
between MCDM theories and practical single-stage MCRS
implementations.

7. Summary, Challenges and Futures

This section provides a reflective discussion on the major
findings of this review. We first summarize the key char-
acteristics, strengths, limitations, and applicable boundaries
of different MCRS architectures from an MCDM perspec-
tive. We then discuss the remaining challenges that hinder
the wider adoption of MCRS in real-world environments
and outline several promising future research directions,
including dynamic preference modeling, explainable recom-
mendation, implicit criteria preference extraction, advanced
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Table 5

A Narrative Review of Multi-Criteria Recommender Systems

Architectural Comparison between Multi-Stage and Single-Stage MCRS

Dimension

Multi-Stage MCRS

Single-Stage MCRS

Criteria Integration

Model Design

Method Reusability

Scalability

Computational Cost

Error Propagation

Criteria Dependency

Data Sparsity Robustness

Compatibility with MCDM

Decision Transparency

Explainability

Typical Advantages

Typical Limitations

Best-Suited Scenarios

Criteria ratings are explicitly predicted and
subsequently aggregated.

Modular architecture with separate predic-
tion and aggregation components.

Can directly reuse existing recommendation
algorithms (e.g., CF, MF, NeuMF) and
MCDM aggregation methods (e.g., MAUT,
TOPSIS, OWA).

May suffer from increased complexity as the
number of criteria grows due to multiple
prediction tasks.

Moderate training cost but potentially af-
fected by maintaining multiple models and
aggregation stages.

Susceptible to error propagation because
aggregation depends on predicted criteria
ratings.

Often treats criteria independently, although
methods such as Criteria Chains attempt to
model dependencies.

Performance may deteriorate when individual
criteria ratings are highly sparse.

Highly compatible with classical MCDM
frameworks such as MAUT, OWA, TOPSIS,
AHP, ELECTRE, and Pareto-based ranking.

High. Intermediate criteria ratings and aggre-
gation procedures are explicitly available for
inspection.

Supports intrinsic model and decision trans-
parency through explicit criteria evaluation
and aggregation.

Flexible architecture, strong MCDM com-
patibility, transparent decision process, easy
methodological reuse.

Error propagation, weaker dependency mod-
eling, scalability challenges with many crite-
ria.

Decision-support applications where trans-
parency, controllability, and MCDM integra-
tion are important.

Criteria information is directly incorporated
into a unified recommendation framework.

End-to-end architecture that jointly learns
user, item, and criteria representations.
Often requires customized model architec-
tures and joint optimization strategies.

Generally more scalable from an architectural
perspective because criteria are modeled
jointly.

May incur substantial computational cost
when using graph learning, contrastive learn-
ing, or deep neural architectures.

Avoids explicit error propagation by directly
optimizing recommendation outcomes.

Naturally captures complex dependencies
and interactions among criteria through joint
learning.

Modern representation learning methods can
better alleviate sparsity through shared em-
beddings and graph structures.

MCDM concepts are usually learned implic-
itly within latent representations, making
direct integration more challenging.

Lower. Recommendation decisions are often
generated through latent representations and
complex optimization processes.

Typically relies on post-hoc explanation tech-
niques such as feature attribution or atten-
tion analysis.

Strong predictive performance, superior de-
pendency modeling, improved robustness to
sparsity, end-to-end optimization.

Higher development complexity, lower trans-
parency, and potentially high computational
requirements.

Large-scale recommendation environments
where predictive accuracy and representation
learning are prioritized.

MCDM integration, and the incorporation of emerging Al
technologies.

7.1. Architectures: Summary and Reflections

This review categorizes existing MCRS approaches into
two architectural paradigms: Multi-Stage MCRS and Single-
Stage MCRS. Unlike traditional taxonomies that primarily
classify methods according to algorithmic families (e.g.,
collaborative filtering, matrix factorization, deep learning,
or graph neural networks), the proposed taxonomy focuses
on the role of criteria information within the recommen-
dation process. The distinction is determined by whether

criteria ratings are explicitly predicted and subsequently
aggregated (i.e., Multi-Stage) or directly incorporated into a
unified recommendation framework (i.e., Single-Stage). Ta-
ble 5 summarizes the major differences between Multi-Stage
and Single-Stage MCRS across multiple dimensions. Rather
than viewing either architecture as universally superior, the
comparison highlights their respective strengths, limitations,
and applicable scenarios. More details are discussed in the
following subsections.
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7.1.1. Model Complexity and Scalability

Multi-Stage MCRS and Single-Stage MCRS exhibit distinct
characteristics in model complexity. Multi-Stage architec-
tures explicitly model individual criteria and subsequently
aggregate criterion-level predictions into an overall recom-
mendation. This modular design offers considerable flexibil-
ity, as different prediction models and aggregation mecha-
nisms can be independently selected, optimized, and inter-
preted. For example, existing recommendation techniques
such as collaborative filtering, matrix factorization, tensor
factorization, and neural recommendation models can be
directly employed to predict criterion ratings, while mature
MCDM methods such as weighted utility aggregation, OWA
operators, TOPSIS, AHP, and Pareto-based ranking can be
adopted during the aggregation stage. As a result, Multi-
Stage architectures often benefit from the reuse of well-
established methodologies and do not necessarily require the
development of highly specialized end-to-end recommen-
dation models. However, one potential risk is error prop-
agation, since the ultimate performance could be affected
by multiple models and stages, such as the criteria rating
prediction errors and overall preference aggregation errors.

However, such flexibility comes at the cost of increased
architectural complexity. As the number of criteria grows,
multiple prediction tasks must be maintained, trained, and
updated, potentially increasing computational overhead and
introducing error propagation across stages. Furthermore,
independently optimizing criterion prediction and aggre-
gation components may not always lead to globally opti-
mal recommendation performance. The scalability of Multi-
Stage architectures may become challenging in applications
involving a large number of criteria or rapidly evolving user
preferences.

In contrast, Single-Stage MCRS integrate criteria infor-
mation directly into a unified learning framework. Early
Single-Stage approaches relied primarily on probabilistic
models, matrix factorization, and tensor decomposition,
whereas recent advances increasingly leverage graph learn-
ing, contrastive learning, hyperbolic representation learning,
and causal inference. By jointly modeling users, items,
and criteria within a single optimization process, these ap-
proaches avoid explicit criterion prediction and aggregation
stages. This end-to-end design often improves scalability
and enables the modeling of complex interactions among
criteria. Furthermore, recent representation learning tech-
niques can effectively alleviate data sparsity and improve
recommendation performance in large-scale environments.

Nevertheless, the scalability advantages of Single-Stage
architectures do not necessarily imply lower computational
cost. Modern graph-based and deep learning models may
require substantial training resources, particularly when
incorporating graph neural networks, contrastive learning,
or causal reasoning modules. Moreover, designing unified
architectures capable of simultaneously modeling users,
items, criteria, and their interactions often requires more
sophisticated model development and optimization strate-
gies. Therefore, while Single-Stage MCRS generally offer

stronger scalability from an architectural perspective, they
may also introduce higher computational complexity and
implementation challenges. This trade-off highlights the
importance of considering both system requirements and
application characteristics when selecting an appropriate
MCRS architecture.

7.1.2. Criteria Dependency Modeling

Another important distinction between Multi-Stage and
Single-Stage MCRS lies in their ability to model depen-
dencies among criteria. In many real-world recommendation
scenarios, decision criteria are not independent. For exam-
ple, in restaurant recommendation, food quality and service
quality may jointly influence user satisfaction, while in hotel
recommendation, room cleanliness, location, and perceived
value may exhibit complex interactions. Ignoring such re-
lationships may limit the effectiveness of recommendation
models.

Multi-Stage MCRS often treat individual criteria as sep-
arate prediction tasks and subsequently aggregate criterion-
level predictions into an overall recommendation, though
there have been attempts which try to capture these criteria
dependencies, such as criteria chains. However, criterion
dependencies are frequently modeled only implicitly or are
entirely ignored. As a result, important interactions among
criteria may not be fully captured, potentially limiting rec-
ommendation accuracy in domains where criteria exhibit
strong correlations.

In contrast, Single-Stage MCRS are generally better
suited for modeling criterion dependencies because criteria
information is incorporated directly into a unified learn-
ing framework. Matrix factorization, tensor factorization,
graph-based models, and modern representation learning ap-
proaches can jointly learn relationships among users, items,
and multiple criteria. Recent graph-based MCRS further en-
hance this capability by explicitly modeling higher-order in-
teractions and complex dependency structures. Thus, Single-
Stage architectures often achieve superior performance in
environments where recommendation outcomes are strongly
influenced by interactions among criteria.

Nevertheless, stronger dependency modeling may also
increase model complexity and reduce transparency. Fur-
thermore, not all application domains require sophisticated
dependency modeling. In domains where criteria are rela-
tively independent or where interpretability and deployment
simplicity are prioritized, Multi-Stage architectures may still
provide a practical and effective solution. Therefore, the
importance of criterion dependency modeling should be
evaluated according to the characteristics of the target ap-
plication rather than being viewed as a universal advantage.

7.1.3. Compatibility with MCDM

From an MCDM perspective, Multi-Stage MCRS exhibit
a stronger conceptual alignment with classical decision-
making processes. Traditional MCDM methods typically
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consist of several explicit steps, including criterion evalu-
ation, criterion weighting, preference aggregation, and al-
ternative ranking. Multi-Stage architectures naturally follow
a similar workflow by first predicting criterion-level ratings
and subsequently aggregating them into an overall recom-
mendation. Many established MCDM techniques, such as
weighted utility functions, OWA operators, TOPSIS, AHP,
ELECTRE, and Pareto-based ranking, can be directly incor-
porated into the aggregation stage.

This compatibility provides several practical advantages.
Existing MCDM methodologies can be reused without re-
designing recommendation algorithms, enabling researchers
and practitioners to leverage decades of research in decision
analysis. Furthermore, the modular structure of Multi-Stage
architectures allows different aggregation mechanisms to
be easily compared, replaced, or customized according to
application requirements and user preferences.

In contrast, Single-Stage MCRS generally place greater
emphasis on representation learning and end-to-end opti-
mization. Criterion weighting, preference aggregation, and
ranking are often learned implicitly within a unified model
rather than being explicitly defined. While this design can
improve recommendation performance and capture com-
plex interactions among criteria, it also makes the integra-
tion of traditional MCDM techniques more challenging. In
many cases, classical MCDM concepts become embedded
within latent representations rather than appearing as ex-
plicit decision-making components.

Recent developments nevertheless suggest increasing
convergence between MCDM and modern MCRS. Emerg-
ing models such as TaTriGR incorporate concepts related
to criterion weighting, ideal-point reasoning, and prefer-
ence consistency into advanced graph-learning frameworks.
These developments indicate that future MCRS research
may move toward integrating MCRS models with MCDM
architectures that combine the predictive power of modern
representation learning with the decision-theoretic founda-
tions of classical MCDM methods.

7.1.4. Explainability
From the perspective of model explainability [13, 16, 49]
and decision explainability [7, 17, 68], Multi-Stage MCRS
possess stronger intrinsic transparency because individual
criteria ratings and aggregation mechanisms are explicitly
modeled. The intermediate criterion-level predictions pro-
vide users and system designers with direct visibility into
how recommendation outcomes are formed. Furthermore,
many aggregation approaches adopted in Multi-Stage archi-
tectures, such as weighted utility functions, OWA opera-
tors, TOPSIS, AHP, and Pareto-based ranking, are grounded
in well-established decision-theoretic principles. Therefore,
the decision process itself is often easier to understand,
analyze, and justify than that of black-box recommendation
models.

For example, consider a restaurant recommendation sce-
nario with three criteria: food quality, service quality, and
price. A weighted aggregation model may predict criterion

ratings of 4.8, 4.2, and 3.5, respectively, and compute the
overall recommendation score using criterion weights of 0.5,
0.3, and 0.2. In this case, the model itself is transparent
because both the criterion ratings and criterion importance
can be directly examined, allowing users and analysts to un-
derstand how the final recommendation score is generated.
Similarly, decision-oriented MCDM methods can provide
intuitive explanations for recommendation outcomes. For
instance, a TOPSIS-based recommender may explain that
a restaurant is recommended because it is closest to the
ideal alternative considering all criteria [46], whereas a
Pareto-based approach may justify a recommendation by
showing that the selected restaurant dominates competing
alternatives in terms of food quality and service without
being worse on other criteria. Such explanations are directly
derived from the underlying decision process rather than
from post-hoc interpretation techniques.

However, it is important to distinguish decision trans-
parency from recommendation explainability [79, 76]. Al-
though Multi-Stage architectures provide a more inter-
pretable decision process, relatively few studies have sys-
tematically investigated whether such transparency trans-
lates into better user understanding, trust, satisfaction, or
decision support effectiveness. One potential reason is that
most publicly available MCRS datasets primarily contain
ratings and criterion-level evaluations rather than user feed-
back regarding explanations. Consequently, researchers can
readily evaluate prediction accuracy and ranking perfor-
mance but often lack the infrastructure necessary to as-
sess explanation quality through controlled user studies. In
contrast to domains where researchers can easily deploy
experimental systems and collect user interaction data, many
MCRS applications rely on industry-generated datasets,
making large-scale user-centered evaluation more difficult.
As a result, the explainability of MCRS remains largely
underexplored despite the inherent transparency provided
by criterion-based recommendation processes. In practice,
many MCRS studies implicitly assume that exposing criteria
ratings and aggregation procedures is sufficient to explain
recommendations, while rigorous user-centered evaluations
of explanation quality remain limited. Recent work has
begun to explore explainability in MCRS. For example,
Rismala et al. [65] proposed a criteria-level explanation
framework that generates natural-language explanations by
matching user preferences and item aspects extracted from
review texts. Rather than explaining the internal recom-
mendation model, the approach focuses on explaining rec-
ommendation outcomes through criterion-specific aspect—
opinion pairs. This line of research demonstrates the po-
tential of leveraging multi-criteria information to generate
more detailed recommendation explanations and improve
transparency from the user’s perspective. However, the
authors also claimed that their study was limited since no
user studies were performed.

Single-Stage MCRS typically learn criterion interactions
implicitly through latent representations, graph structures,
or deep neural architectures. Although such models often
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achieve superior predictive performance and stronger ca-
pability in modeling complex criterion dependencies, their
decision processes are generally less transparent. As a re-
sult, explanations frequently rely on post-hoc interpretation
techniques, such as feature attribution, attention analysis, or
model-agnostic explanation methods. This distinction high-
lights an important trade-off between decision transparency
and predictive capability when selecting appropriate MCRS
architectures. It also suggests that explainability remains
an underexplored research direction in MCRS, particularly
from the perspective of user-centered evaluation and deci-
sion support.

As a summary, neither architectural paradigm is univer-
sally superior. Multi-Stage MCRS are particularly suitable
for applications that require explainability, explicit decision
support, and direct integration with MCDM methodolo-
gies. In contrast, Single-Stage MCRS are often preferable
in large-scale recommendation environments where predic-
tive performance, scalability, and the modeling of complex
criterion interactions are prioritized. Therefore, the choice
between Multi-Stage and Single-Stage architectures should
ultimately depend on the characteristics of the application
domain, the availability of criteria information, and the
desired balance between interpretability and predictive ac-
curacy.

Recent advances further demonstrate the continued rel-
evance of the proposed taxonomy. Although modern MCRS
increasingly incorporate graph neural networks, attention
mechanisms, contrastive learning, causal reasoning, and
other advanced Al techniques, these developments primarily
modify representation learning and optimization strategies
rather than changing how criteria information is integrated
into the recommendation pipeline. Recent state-of-the-art
models can still be naturally interpreted within the Multi-
Stage versus Single-Stage framework, providing additional
evidence supporting the explanatory power and longevity of
the proposed taxonomy.

7.2. Challenges and Future Directions

Although the integration of MCDM theories and advanced
machine learning models has accelerated the evolution of
recommender systems, a substantial gap persists between
theoretical MCDM frameworks and practical MCRS imple-
mentations. Bridging this gap requires the research com-
munity to make a transition from purely algorithmic opti-
mizations toward more holistic, dynamic, and human-centric
paradigms.

7.2.1. Human-Centric Evaluations for MCRS

A primary challenge lies in the prevailing evaluation method-
ology of MCRS, which heavily relies on offline predictive
metrics such as RMSE or MAE in rating predictions or
precision and recall in top-N recommendations. Classical
MCDM emphasizes the cognitive processes and interac-
tions of human decision-makers; however, contemporary
MCRS research rarely incorporates comprehensive user-
centric studies. Because multi-criteria preferences are inher-
ently subjective, users often adopt cognitive compromises

when evaluating conflicting criteria, a phenomenon well-
documented in operations research but largely ignored in
recommendation algorithms. Future research should prior-
itize a shift toward human-centric MCRS, investigating how
factors such as trust, emotional states, and personality traits
influence multi-dimensional decision-making [94].

7.2.2. Modeling Dynamic Preferences in MCRS
Beyond human-centric evaluations, the dynamic nature of
user preferences presents a significant challenge. Current
MCRS architectures predominantly assume that a user’s
multi-criteria ratings reflect an absolute, static goodness.
In reality, a user’s perception of specific criteria is highly
dynamic upon dynamic contexts. For instance, a traveler’s
evaluation of a hotel’s "room size" or "location" may vary
drastically depending on whether they are on a business
trip or a family vacation. Integrating context-awareness with
MCRS constitutes a highly promising research trajectory
[91, 23, 4]. Developing advanced models that treat criteria
preferences as dynamic variables conditioned by external
contextual factors (e.g., time, companion, and occasion),
rather than static side information, may substantially im-
prove the precision of personalized recommendations.

7.2.3. Integration with MCDM

On the algorithmic front, several classical MCDM method-
ologies have already been successfully adapted to enhance
multi-criteria recommender systems. For instance, multi-
attribute utility functions [94], aggregation operators like
OWA and TOPSIS [8], and Pareto dominance [93] derived
from MOO have demonstrated remarkable effectiveness in
modeling user preferences and generating recommendations
in MCRS. Despite these successes, a vast array of other
powerful MCDM frameworks, such as outranking models
(e.g., ELECTRE and PROMETHEE) and preference disag-
gregation models, remain conspicuously underutilized in the
MCRS literature [94]. The primary challenge to integrate
these advanced methods stems from their inherent structural
and computational limitations. Traditional MCDM methods
were originally designed to evaluate a limited number of
alternatives and criteria within small-scale, dense decision
matrices. When redeployed into modern MCRS environ-
ments involving extreme data sparsity and millions of users
and items, they face severe scalability bottlenecks and pro-
hibitive computation costs. Methodologies like outranking
rely heavily on establishing strict preference relationships,
which necessitates exhaustive multidimensional pairwise
comparisons among all candidate alternatives. Nevertheless,
these formidable computational challenges may be progres-
sively resolved alongside the continuous advancement of
hardware and software technologies. A prime example of
this technological mitigation can be observed in the recent
application of Pareto dominance for multi-criteria ranking.
While constructing Pareto-based rankings traditionally suf-
fers from the immense computational overhead of exhaus-
tive pairwise comparisons, researchers have successfully
circumvented this bottleneck by deploying advanced parallel
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computing techniques, specifically utilizing NVIDIA GPU-
based CUDA programming to drastically accelerate the cal-
culations and make the process highly efficient [93, 98]. This
successful acceleration paradigm suggests that the continu-
ous evolution of parallel computing could serve as the key
to eventually unlocking and reusing other computationally
expensive MCDM theories for large-scale MCRS in the
future.

7.2.4. Explainable MCRS

Explainability represents another promising research direc-
tion for future MCRS development. Although the explicit
modeling of multiple criteria naturally provides richer in-
formation for explanation generation than traditional single-
rating recommender systems, explainability remains rela-
tively underexplored in the MCRS literature. Relatively little
attention has been devoted to understanding how recom-
mendation models generate criterion-level predictions and
how individual criteria contribute to final recommenda-
tion decisions. From an MCDM perspective, MCRS offers
unique opportunities for explainability because recommen-
dation decisions can potentially be decomposed into crite-
rion evaluation, criterion weighting, and preference aggre-
gation processes. In particular, Multi-Stage MCRS naturally
support decision transparency by exposing intermediate cri-
terion ratings and aggregation mechanisms. Nevertheless, it
remains unclear whether such transparency translates into
improved user understanding, trust, satisfaction, or deci-
sion quality. One reason is that explainability evaluation
in MCRS has largely focused on explanation coverage and
relevance, while user-centered evaluations remain limited.
Future research should therefore investigate explainability
from both algorithmic and human-centered perspectives. Po-
tential directions include developing criteria-aware explana-
tion frameworks, integrating explainable Al techniques into
modern graph-based and neural MCRS, generating natural-
language explanations for criterion interactions and trade-
offs, and conducting user studies to evaluate the effective-
ness of explanations in supporting decision making. The
integration of explainable recommendation techniques with
established MCDM concepts may further strengthen the
transparency, trustworthiness, and practical applicability of
MCRS in decision-support environments.

7.2.5. Handling Missing or Partial Preferences

A pervasive, yet insufficiently addressed, issue in current
MCRS literature is the missing criteria rating problem. Most
existing algorithms operate under the unrealistic assumption
that the training set contains complete evaluations across
all criteria for every observed user-item pair. In reality,
explicitly collecting ratings across every dimension is time-
consuming and frequently faces user reluctance. To mit-
igate user fatigue, real-world platforms like TripAdvisor
now often randomly sample only a subset of criteria for
a user to evaluate, which results in generating partial data
[99]. Moreover, while recent approaches attempt to extract

implicit multi-criteria preferences directly from textual re-
views, users’ natural language feedback rarely covers ev-
ery predefined criterion [99]. Consequently, the extracted
criteria matrices inevitably contain massive missing values.
Developing more robust algorithms and imputation mecha-
nisms capable of handling partially observed criteria ratings
without degrading the recommendation accuracy remains a
direction for future development.

To further address extreme data sparsity and missing val-
ues, the field must embrace more innovative representation
learning paradigms. Currently, while there is a massive surge
of research integrating Large Language Models (LLMs)
with general recommender systems, their specific adaptation
and service for MCRS remain conspicuously scarce. The fu-
ture points toward customizing LLMs to intelligently extract
implicit multi-criteria preferences from unstructured textual
reviews, which can significantly alleviate the user fatigue
associated with explicit numerical ratings while handling the
complex semantics of multi-dimensional opinions [99, 63].
Leveraging these emerging technologies will not only miti-
gate existing computational bottlenecks but also broaden the
applicability of MCRS to more general environments.

7.2.6. Fusing MCRS with Other RSs

Another promising research direction is the fusion of MCRS
with other recommendation paradigms. Although MCRS
has traditionally focused on modeling users’ preferences
across multiple criteria, many real-world recommendation
environments involve additional dimensions such as con-
textual situations, group decision making, conversational
interactions, and multiple stakeholders. The integration of
these paradigms may further improve the applicability and
effectiveness of MCRS in complex decision-making scenar-
i0s.

Existing studies have demonstrated the benefits of com-
bining multi-criteria preferences with contextual informa-
tion, where users may assign different importance to criteria
under different contextual situations [91, 23, 4, 47]. Simi-
larly, criterion-level information has been incorporated into
group recommender systems to better capture heterogeneous
preferences among group members and improve group satis-
faction estimation [20, 84, 47]. Beyond context and groups,
multi-stakeholder recommendation environments introduce
additional challenges because recommendation decisions
must balance the utilities of multiple stakeholders whose
objectives may be partially aligned or conflicting [89, 92,
85]. These studies suggest that multi-criteria preferences can
provide a useful representation for modeling richer decision-
making processes beyond traditional single-user recommen-
dation scenarios.

Recent advances in conversational recommendation and
large language models further create opportunities for dy-
namically eliciting criterion preferences, explaining recom-
mendation trade-offs, and supporting interactive decision
making. Rather than viewing MCRS as an isolated recom-
mendation paradigm, future research may investigate unified
frameworks that jointly model criteria, contexts, groups,
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stakeholders, and conversational interactions. Such integra-
tions may substantially broaden the applicability of MCRS
while strengthening its connection to real-world decision-
support environments.

8. Conclusion

In this narrative review, we have systematically bridged the
theoretical foundations of classical MCDM with the modern
algorithmic implementations of MCRS. This paper provides
a conceptually-driven taxonomy that categorizes the ex-
pansive MCRS literature into two architectures: multi-stage
and single-stage models. Multi-stage architectures explicitly
decompose the recommendation pipeline into criteria rating
prediction and preference aggregation, heavily relying on
operations research principles such as multi-attribute utility
functions and Pareto dominance. Conversely, single-stage
architectures embody a holistic, end-to-end modeling phi-
losophy, leveraging advanced representation learning tech-
niques, ranging from tensor factorization to multiview graph
neural networks, to directly translate complex multi-criteria
interactions into actionable recommendations without inter-
mediate predictions.

Furthermore, this review highlights a critical paradigm
shift in the current MCRS landscape: the transition from
relying on explicitly elicited numerical ratings to mining
implicit multi-dimensional preferences directly from user-
generated textual reviews. This pivotal shift not only miti-
gates the pervasive issues of data sparsity and user fatigue
but also significantly broadens the real-world applicability
of multi-criteria recommendation algorithms across diverse
domains. Despite these profound technical advancements,
our comprehensive analysis reveals that a substantial gap
persists between theoretical decision science and large-scale
recommendation engineering. Key challenges for the com-
munity include scaling computationally intensive MCDM
methods to massive sparse datasets, integrating context-
aware dynamics, and advancing human-centric evaluations
that address fairness, accountability, and transparency. Ul-
timately, by integrating classical operations research with
advanced machine learning, this review aims to offer a solid
theoretical foundation and a clear roadmap to guide the
development of accurate, explainable, and human-centric
multi-criteria recommender systems.
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