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Abstract. Recommender systems are increasingly required to satisfy fairness
and transparency constraints. However, the interaction between calibration-
based fairness interventions and recommendation explainability remains insuffi-
ciently understood. This paper proposes a calibration-driven framework that ex-
tends single-category calibration to a multi-category setting, enabling a richer
representation of user preferences across item dimensions. The approach in-
tegrates fairness-aware calibration with post-hoc knowledge-graph-based ex-
planations into a unified pipeline. We evaluate both recommendation perfor-
mance and explanation quality, considering alignment with user profiles, accu-
racy, miscalibration, and popularity bias, as well as explanation metrics such
as recency, popularity, and diversity. Results show improved alignment, reduced
miscalibration and popularity bias, and preserved accuracy, while explanation
quality remains stable. These findings indicate that calibration-based fairness
can be achieved without compromising explainability.

1. Introduction

Recommender systems (RSs) help users navigate large item spaces through personal-
ized suggestions and are widely used in e-commerce, streaming, social networks, and
online marketplaces [Aggarwal et al. 2016, Roy and Dutta 2022]. Although traditional
approaches focus on accuracy metrics, such as rating prediction and ranking relevance
[Aggarwal et al. 2016], these alone are insufficient to ensure trustworthy and satisfactory
user experiences. Consequently, recent research has expanded beyond accuracy to include
diversity, novelty, serendipity, and fairness [Ping et al. 2025, Zhao et al. 2025], as well as
explainability and transparency to support responsible recommendations [Ge et al. 2024].

In particular, explainability has become an important part of responsible Ar-
tificial Intelligence (AI), aiming to clarify why specific items are recommended and
thereby improving transparency, user trust, and engagement [Zhang and Chen 2020].
In many systems, explanations are generated post-hoc from model outputs
[Arévalo and Salmeron 2025]. The problem with this approach is that biases and/or dis-
tortions introduced at the recommendation stage may be propagated to the explanation
phase, potentially affecting its quality, transparency, and trustworthiness [Liu et al. 2024].

To address this issue, fairness in recommender systems seeks to ensure both eq-
uitable user outcomes and fair item exposure [Zhao et al. 2025]. Calibration is one ap-
proach to achieving user-centered fairness by ensuring model outputs are representative
of underlying data or preferences. Steck [Steck 2018] formalized calibration as a fairness-
aware post-processing mechanism that aligns the categorical distribution of recommenda-
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tions with users’ historical preferences while minimizing accuracy loss. However, exist-
ing calibration approaches are largely limited to a single-category (e.g., genre), implicitly
assuming one-dimensional user preferences. This simplification fails to capture the inher-
ently multifaceted nature of user interests across multiple dimensions.

This work proposes a calibration-driven recommendation framework for fairness
and explainability that investigates the interplay between multi-category calibration and
post-hoc explanation quality in recommender systems. Specifically, we extend traditional
single-category calibration to a multi-category setting, enabling recommendations to bet-
ter capture the multifaceted user preferences across multiple categorical attributes. The
framework also explicitly links calibration to explanation generation, enabling a system-
atic analysis of how fairness-driven post-processing interventions affect explanation qual-
ity. By jointly examining these components, our approach provides new insights into the
relationship between fairness mechanisms and explainability, highlighting trade-offs and
synergies often overlooked when these aspects are studied in isolation.

2. Related Work

Early recommender system research primarily focused on accuracy-based objectives,
such as rating prediction or ranking performance [Aggarwal et al. 2016]. However, this
focus can introduce biases by favoring popular items and repeating common data pat-
terns. As a result, recommendations may not fully reflect user preferences, especially by
ignoring less frequent or niche interests. To address this issue, Steck [Steck 2018] pro-
posed calibration, a post-processing method that adjusts recommendations to better match
the user’s past preferences. This involves balancing relevance with how well the recom-
mended items follow the user’s preference distribution, often measured using Kullback-
Leibler (KL) divergence. Calibration is now seen as a simple and effective way to improve
fairness and representation in recommendation lists.

Several works have extended calibration in different directions. Abdollahpouri et
al. [Abdollahpouri et al. 2019] showed that popularity bias over-exposes popular items
and reduces personalization. Sacilotti et al. [Sacilotti et al. 2023] proposed a method
that combines genre and popularity to reduce this bias while preserving accuracy. Da
Silva et al. [da Silva et al. 2021] introduced a flexible post-processing framework that
supports different metrics and personalized trade-offs between fairness and accuracy.
Souza and Manzato [Souza and Manzato 2024b] proposed a two-stage calibration ap-
proach that aligns recommendations with genre and popularity preferences. Da Silva
and Durdo [da Silva and Durdo 2023] presented a framework to jointly optimize rele-
vance and fairness using a trade-off formulation, and studies such as [Lima et al. 2022]
further investigate fairness through regularization strategies, analyzing their impact on
bias mitigation and recommendation quality. Recent advances also explore efficiency-
oriented solutions, such as surrogate submodular formulations combined with lazy greedy
algorithms for calibrated recommendation [da Silva et al. 2025]. Moreover, Naghiaei et
al. [Naghiaei et al. 2024] expanded calibration by incorporating novelty, diversity, and
serendipity through a multi-objective re-ranking approach.

Explainability has emerged as a key research direction for improving transparency
and user trust in recommender systems. Existing approaches are typically categorized
as intrinsic or post-hoc methods [Zhang and Chen 2020]. Among post-hoc approaches,
knowledge graph-based methods have gained particular attention. For instance, Musto et
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al. [Musto et al. 2016] proposed ExpLOD, which generates natural language explanations
by leveraging Linked Open Data (LOD) to identify shared properties between user-liked
and recommendation items. These properties are ranked by relevance and used to generate
explanations via template-based generation. Extending this work to ExpLOD_v2, Musto
et al. [Musto et al. 2019] incorporate both direct and indirect relationships from LOD, en-
abling more expressive and generalizable explanations across multiple items. Addressing
limitations in exploiting hierarchical information, Du et al. [Du et al. 2022] introduced a
property-based explanation model (PEM) that leverages the DBpedia ! category hierarchy
to generate semantically rich and non-redundant explanations.

Despite these advances, most calibration methods assume that user preferences
can be represented along a single categorical dimension, an assumption that recent work
has challenged, highlighting the inherently multifaceted nature of user interests. In this di-
rection, [Atauchi et al. 2025a] proposed a multi-category calibration approach that simul-
taneously considers multiple attributes derived from a knowledge graph (KG), improving
alignment with user preferences while maintaining accuracy. Nevertheless, calibration
research remains largely focused on preference alignment, overlooking its broader im-
pact on other system components. Although calibration and explainability are typically
applied as post-processing steps, their interaction has received limited attention. Prior
work [Atauchi et al. 2025b] showed that single-category calibration has minimal impact
on explanation quality, suggesting robustness to re-ranking effects. However, the impact
of multi-category calibration on explanation quality remains unexplored, leaving open
whether improving calibration across multiple dimensions affects it. More recently, ad-
vances in large language models have enabled the integration of LLMs with KG, support-
ing self-explainable recommendation pipelines that combine structured semantic reason-
ing with natural language generation [Seabra et al. 2025].

Overall, prior research has made significant progress in enhancing fairness
through calibration and transparency through explainability. However, these directions
have largely evolved independently. Current calibration methods still fail to capture the
multidimensional nature of user preferences, and there is limited understanding of how
multi-category calibration affects explanation quality. Addressing this gap, we study the
impact of multi-category calibration on post-hoc explanation quality.

3. Proposed Framework

This work proposes a calibration-driven recommender system framework that integrates
multi-category calibration and explanation generation within a unified framework. The
modular and extensible framework supports different recommendation algorithms and
explanation paradigms without altering its core structure, which consists of three sequen-
tial modules: (i) recommendation generation, (ii) fairness-centered calibration, and (iii)
explanation generation. Each module contributes a distinct analytical layer while main-
taining a coherent end-to-end pipeline from raw interaction data to explanation quality
assessment. Figure 1 provides an overview of the pipeline.

3.1. Recommender System Module

As shown in Figure 1(a), the framework takes as input a processed user-item interaction
dataset, and a recommendation algorithm produces a ranked top-N recommendation list

"https://www.dbpedia.org/

550



Proceedings of the 41** Brazilian Symposium on Data Bases September 2026 — Sao Carlos, SP, Brazil

Recommendation System Module Fairness-Centered Calibration Module Explanation Generation Module
N e
@ Categories Historical user W
(8) = )
WIKIDATA @ © o=— Explanation
R dati Calibrated . Recommendation
ecomrEetn ation ( o Recommendation Explanation Methods List
s \ List
. — Q
—~ Y- v o — E
—_— Y 247 -8 =Singl§—category§ Yo
Yo —Multi-category=> |} o amm
Dataset Recommender System J/ \l/ \L
Evaluation (&= Evaluation [§= E\;\jluta_tlon
Metrics E;A Metrics E?i; etrics 7R J
5 Y, J .

() () (e)

Figure 1. Overview of proposed framework. (a) Recommendation generation. (b)
Recommendation calibration. (c) Explanation generation.

I, for each user u. This module is model-agnostic, requiring only that the model produce
a ranked list of items along with relevance scores s(i,u), which are later used during
calibration, ensuring that the proposed framework is not tied to a specific recommendation
paradigm and can be readily integrated with state-of-the-art or future models.

3.2. Fairness-Centered Calibration Module

Figure 1(b) presents the calibration component. The initial recommendation list is re-
ranked to align with the distribution of recommended item categories and the user’s histor-
ical preference profile. We adopt the calibration objective proposed by Steck[Steck 2018]
(Eq. 1) and the multi-category extension previously introduced by Atauchi et al.
[Atauchi et al. 2025a] (Eqs 2-3).

3.2.1. Calibration Objective

Calibration is formulated as an optimization problem that balances two competing objec-
tives: recommendation relevance and distributional alignment with user preferences.

Formally, for a user u, the calibrated recommendation list I, is obtained by solving
Eq. 1. This equation defines the optimization problem as maximizing recommendation
relevance while minimizing the divergence between the category distribution of the rec-
ommended list and the user’s preference profile. The term s(/,,) quantifies the relevance
of the recommendations, whereas DS (p, q(Iu)) captures the divergence between the ob-
served category distribution in the generated list and the user’s preference distribution p.
The parameter A € [0, 1] acts as a regularization factor, controlling the trade-off between
relevance and categorical alignment.

I = arglmax [(1=X)s(1y) — DY (p,q(1n))], o))

3.2.2. Multi-Category Divergence Formulation

This term is defined as a weighted sum of Kullback-Leibler divergences across cate-
gories:

D%’(L (p, Q(Iu)) = Z W(C) DKL(pca Q(Iu)c) ) ()
ceC

C denotes the set of considered item categories, e.g., genre, country of origin, and award received.
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3.2.3. Category Weighting

To mitigate over-calibration effects, each category is weighted by Eq. 3, where p(c) €
[0, 1] denotes the degree of similarity between the user’s historical interaction profile and
category c. In our implementation, p(c) is computed using cosine similarity. This weight-
ing reduces calibration pressure on categories that are already well represented in the user
profile, generalizing conventional single-category calibration to a multi-category setting.

1—p(c), if|C|>1 (multi-category case),
w(c) = (3)
1, if |C| =1 (single-category case).

3.3. Explanation Generation Module

This component (see Figure 1(c)) generates post-hoc explanations for the re-ranked list
using structured knowledge sources represented as knowledge graphs. This component is
decoupled from the calibration module, making it fully model-agnostic. Thus, any post-
hoc explanation method can be applied to the re-ranked list. This design enables a fair and
modular analysis of how calibration affects different explanation paradigms. Although
this work focuses on syntactic KG-based methods, the framework is modular and can
incorporate alternative paradigms such as counterfactual or LLM-based explanations.

4. Materials and Methods

4.1. Dataset

Experiments were conducted on two widely used benchmark datasets, MoviLens 100K
[Harper and Konstan 2015] and LastFM 2K [Cantador et al. 2011]. Both datasets provide
user-item interactions and can be enriched with external knowledge from Wikidata. For
each dataset, interactions were split into training and test sets using an 90/10 ratio.

4.2. Methodological Approach

This study evaluates the impact of calibration on the quality of recommendations and ex-
planations. We consider two recommendation approaches, namely Bayesian Personalized
Ranking Matrix Factorization (BPR-MF) [Rendle et al. 2009] and Neural Collaborative
Filtering (NCF) [He et al. 2017], which are non-neural and neural algorithms, respec-
tively. Both methods are implemented using the case-recommender library with default
parameter settings to ensure reproducibility.

The recommendation output is post-processed with a calibration step, enabling
comparisons between the original and calibrated rankings. Unlike previous works that
used only a single category to align user profiles with recommendations in a post-
processing step, we extracted a KG from Wikidata > to obtain multiple categories for
the items in the datasets. To obtain the KG for MovieLens, we use the IMDb ID
shared by the dataset and Wikidata to extract multi-category item data. To extract in-
formation about artists in the LastFM dataset, we use their names to retrieve their re-
spective details. A KG connects items to attributes through categories, creating triples
(item, category, attribute). In the KG extracted for MovieLens, we found 9,535 items,

https://www.wikidata.org/
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23 categories, and 69,487 attributes across 295,787 triples. For the KG of LastFM, we
found 11,646 items, 33 different categories, and 23,001 attributes across 134,197 triples.

In this work, we focus primarily on syntactic explanation approaches. Meth-
ods such as ExpLOD [Musto et al. 2016], ExpLOD_v2 [Musto et al. 2019], and PEM
[Du et al. 2022] operate on the structural topology of the KG, identifying explanation
paths based on graph connectivity patterns and attribute frequencies, providing inter-
pretable and transparent justifications grounded in the graph topology.

To ensure the robustness of the results, all experiments use a 10-fold cross-
validation protocol. Statistical significance testing evaluates differences between cali-
brated and non-calibrated approaches, as well as differences in explanation quality across
methods at both the single-category and multi-category levels. To analyze the balance be-
tween relevance and calibration, we evaluated three values of trade-off parameter A : 0.1,
0.5, and 0.9. For the multi-category calibration setting, we jointly considered the genre,
award received, and country of origin attributes extracted from the knowledge graph.

4.3. Metrics
The effectiveness of the proposed approach was evaluated by complementary metrics:

1. Relevance. Recommendation accuracy is evaluated using Mean Average Precision
(MAP), which measures how well relevant items are ranked for each user. Higher MAP
values indicate that relevant items appear earlier in the recommendation lists.

2. Miscalibration. To assess how well recommendations reflect user preference distribu-
tions, we use Mean Rank Miscalibration (MRMC) metric [da Silva et al. 2021]. MRMC
measures the divergence between the distribution of recommended items and users’ his-
torical preferences across the ranked list. Lower values indicate better calibration. In this
work, calibration is analyzed from two perspectives: item categories and item popular-
ity. These are combined into a single score, F'1,,zn¢, using the harmonic mean, where
higher values indicate better overall calibration.

3. Diversity. It is measured using Intra-list Diversity (ILD), which captures how different
the items in a recommendation list are from each other. Higher ILD values indicate more
diverse recommendations, reducing redundancy and encouraging exploration.

4. Popularity Bias. We use the Group Average Popularity (GAP) metric
[Abdollahpouri et al. 2021] to measure the average popularity of recommendations
across user groups. Users are divided into Blockbuster, Diverse, and Niche groups
[Souza and Manzato 2024a, Abdollahpouri et al. 2019]. We compare the popularity of
recommended items against users’ historical preferences and compute the relative change,
summarizing the overall deviation using RMSE_POP, where lower values indicate better
alignment with users’ original popularity preferences [Palomino et al. 2026].

5. Explanation Quality. It is evaluated using three metrics proposed by Balloccu et al.
[Balloccu et al. 2022]. Linked Item Recency (LIR) measures whether explanations rely
on recent user interactions. Shared Entity Popularity (SEP) evaluates whether explana-
tions involve popular or niche entities. Explanation Type Diversity (ETD) measures the
variety of explanation types provided across the recommendation list.

6. Multi-Attribute Utility Theory (MAUT). It aggregates multiple evaluation metrics
into a single score by assigning each a weight reflecting its importance. Metrics are
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normalized beforehand for comparability, and final utility is computed as a weighted sum.

5. Experimental Results

We divide our results analysis into two parts: calibration and explanation. The calibration
results are reported in Tables 1, 2, 3, where the first column indicates the calibrated cat-
egory, followed by results for the baseline and three trade-off groups (0.1, 0.5, and 0.9),
with metrics including MAP, RMSE_POP, and ILD computed per category, as well as the
F1 score for each category and the overall MAUT score.

Table notation. For all tables, 1 (]) denotes that higher (lower) values are preferred.
Symbols e, 4, and vdenote no significant difference, significantly worse, and significantly
better results, respectively, relative to multi-category calibration.

Table 1. Calibration Results for LastFM — BPR-MF

o ~
0 a, ) @} < e} ~ =
29 a a a < 9 S 2
Category = I = = = T T T =
baseline 0.201 1.079 0.906 0.570 0.774 0.392 0.649 0.484 0.137
genre (0.1) 0.207 1.079 0.906 0.570 0.775v  0.404v  0.653 0.484 0.166

country of origin (0.1)  0.204 1.079 0.907 0.581v  0.775v  0.395 0.693v  0.484 0.223v
award received (0.1) 0.203 1.069v  0.906 0.569 0.768 0.394 0.649 0.521v  0.173
multicategory (0.1) 0.206 1.074 0.906 0.574 0.773 0.400 0.667 0.503 0.204

genre (0.5) 0.214 1.059 0.909 0.571 0.782v  0.454v  0.671 0.480 0.314
country of origin (0.5)  0.199 1.069 0.909 0.607v  0.777v  0.397 0.751v  0.484 0.390
award received (0.5) 0.196 0.996v  0.906 0.569 0.703 0.396 0.650 0.606v  0.299
multicategory (0.5) 0.216 1.017 0.909 0.589 0.749 0.433 0.715 0.572 0.473

genre (0.9) 0.187 0.959 0911 0.576 0.778v  0477v  0.683 0.477 0.499
country of origin (0.9)  0.195 1.031 0.910 0.595 0.776v  0.397 0.761v  0.485 0.432
award received (0.9) 0.176 0.881v  0.910 0.581 0.571 0.389 0.654 0.630v  0.476
multicategory (0.9) 0.194 0.902 0.913 0.604 0.670 0.455 0.734 0.605 0.727

Table 2. Calibration Results for LastFM — NCF

o =7
a9 Q< g = 5
= 29 a a a < 9 S 2
Category = 1 = = = T T T 1T=
baseline 0.269 0.389 0.959 0.729 0.368 0.324 0.669 0.599 0.659
genre (0.1) 0.270 0.389 0.959v  0.729 0.369 0.325v  0.669 0.599 0.663

country of origin (0.1)  0.270 0.389 0.959 0.730v  0.368 0.324 0.675v  0.599 0.666v
award received (0.1) 0.270 0.389 0.959 0.729 0.368 0.324 0.669 0.601v  0.663
multicategory (0.1) 0.270 0.389 0.959 0.729 0.369 0.325 0.670 0.599 0.664

genre (0.5) 0.276 0.389 0.960v  0.728 0.371v  0.337v  0.672 0.598 0.682
country of origin (0.5)  0.273 0.389 0.959 0.733v  0.368 0.326 0.710v  0.599 0.708v
award received (0.5) 0.271 0.390 0.959 0.729 0.364 0.324 0.668 0.612v  0.681
multicategory (0.5) 0.275 0.389 0.960 0.730 0.369 0.332 0.683 0.601 0.693

genre (0.9) 0.282 0.390 0.962v  0.724 0.378v  0.388v  0.684 0.595 0.758
country of origin (0.9)  0.261 0.390 0.959 0.725 0.368 0.325 0.763v  0.601 0.749
award received (0.9) 0.264 0.395 0.959 0.731 0.340 0.323 0.667 0.635v  0.682
multicategory (0.9) 0.290 0.390 0.961 0.731 0.372 0.372 0.728 0.611 0.815
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Table 3. Calibration Results for MovielL.ens — BPR-MF

o a1
F
s 25 2 2 2 9 & = 3
Category s LZH 2 T2 T2 T T T b=
baseline 0.286 0.571 0.883 0.233 0.861 0.505 0.837 0.452 0.161
genre (0.1) 0.290v  0.571 0.884v 0.233 0.861 0.515v 0.837 0.452 0.177

country of origin (0.1)  0.288v  0.569 0.883 0.238v  0.861 0.505 0.841v  0.452 0.191v
award received (0.1) 0.285 0.571 0.883 0.233 0.861v  0.506 0.837 0.469v  0.179
multicategory (0.1) 0.286 0.570 0.883 0.233 0.861 0.508 0.837 0.460 0.176

genre (0.5) 0.297v  0.572 0.889v  0.229 0.863v  0.562v  0.836 0.452 0.249
country of origin (0.5)  0.287 0.562 0.884 0.259v  0.860 0.503 0.860v  0.455 0.327v
award received (0.5) 0.277 0.559v  0.883 0.233 0.856 0.510 0.838 0.534v  0.268
multicategory (0.5) 0.290 0.563 0.885 0.234 0.859 0.528 0.839 0.508 0.277

genre (0.9) 0.264 0.541 0.896v  0.230 0.863v  0.601v  0.833 0.451 0.390
country of origin (0.9)  0.269 0.551 0.887 0.256v  0.860v  0.500 0.870v  0.459 0.390
award received (0.9) 0.258 0.479v  0.885 0.231 0.800 0.507 0.840 0.565v  0.427
multicategory (0.9) 0.275 0.511 0.891 0.235 0.830 0.567 0.845 0.558 0.504

Table 4. Calibration Results for MovielL.ens — NCF

o ~
H
5 8 2 2 9 g £ 3
Category s &S T2 T2 T2 & T & >
baseline 0.358 0.246 0.907 0.361 0.603 0.502 0.843 0.516 0.593
genre (0.1) 0.359 0.245 0.907v  0.361 0.603 0.504v  0.843 0.516 0.598

country of origin (0.1)  0.358 0.246 0.907 0.362v  0.603 0.502 0.844v  0.516 0.600v
award received (0.1) 0.358 0.245 0.907 0.361 0.604v  0.502 0.843 0.518v  0.599
multicategory (0.1) 0.358 0.245 0.907 0.361 0.603 0.503 0.843 0.517 0.597

genre (0.5) 0.368v  0.245 0.908v  0.360 0.603 0.517v  0.843 0.517 0.624v
country of origin (0.5)  0.357 0.246 0.907 0.364v  0.603 0.502 0.852v  0.517 0.627v
award received (0.5) 0.354 0.245 0.907 0.359 0.609v  0.502 0.843 0.532v  0.628v
multicategory (0.5) 0.362 0.245 0.907 0.361 0.605 0.507 0.844 0.520 0.616

genre (0.9) 0.335 0.250 0912v  0.357 0.604 0.568v  0.843 0.517 0.701
country of origin (0.9)  0.343 0.248 0.907 0.368v  0.600 0.500 0.869v  0.516 0.665
award received (0.9) 0.307 0.246 0.906 0.352 0.627v  0.498 0.844 0.558v  0.667
multicategory (0.9) 0.354 0.245 0.909 0.357 0.615 0.531 0.848 0.540 0.720

The calibration results show that multi-category calibration maintains comparable
MAP performance across all trade-off settings, relative to the baseline and single-category
approaches. Regarding the RMSE_POP metric, we observe comparable values or reduced
popularity bias as the trade-off increases, relative to both baseline and single-category
approaches. Across both datasets and models, ILD results show a generally consistent
pattern for multi-category calibration. At a high trade-off (A = 0.9), it yields the most
balanced diversity across the genre (G), country of origin (CO), and award received (AR)
dimensions. In BPR-MF, calibration strongly increases ILD for the genre and country of
origin dimensions, but often degrades diversity in the award received dimension, revealing
pronounced cross-category competition. Multi-category calibration effectively mitigates
this collapse by redistributing diversity more evenly. Negative significance in ILD_X in-
dicates that single-category calibration on X achieves higher diversity than multi-category
calibration, reflecting a specialization advantage rather than true degradation. In all cases,
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calibrating directly on a category maximizes its ILD, whereas multi-category calibration
distributes optimization across categories and thus reduces the peak value in each indi-
vidual dimension. This can make multi-category calibration appear significantly worse
than single-category results, even when absolute ILD remains similar to or better than
the baseline. The exception is the award received dimension, which behaves less consis-
tently: it shows weak interactions with other categories and achieves reliable improve-
ments mainly when directly optimized. For the F1 score, the pattern is highly consistent
and well defined. For each category X, single-category calibration on X yields the highest
F1_X, forming a clear diagonal in which each category only outperforms the others in its
own metric. Negative significance appears only in this diagonal, meaning multi-category
performs worse than the corresponding single-category baseline for that category. In con-
trast, multi-category shows significant improvement in off-diagonal cases, boosting F1
scores for the other categories. This indicates a strict specialization behavior, in which
each category is best optimized independently, while multi-category calibration promotes
cross-category improvements rather than maximizing a single dimension.

The explanation results are reported in Tables 5 and 6, on which the algorithm
under analysis is in the first column, followed by results for the baseline and the same
trade-off groups, and report LIR, ETD, and SEP, together with the overall MAUT score.
The results show generally stable behavior across datasets, models, and explanation al-
gorithms. Overall, LIR remains stable across all methods, indicating that the recency
of explanatory properties is preserved regardless of the calibration strategy. For ETD,
which measures diversity, multi-category calibration generally yields values compara-
ble to or higher than those of single-category approaches, especially at higher trade-offs,
demonstrating its ability to promote diverse explanations without relying on a single at-
tribute. However, this pattern has some notable exceptions. In particular, when cali-
brating on country of origin in MovieLens with BPR-MF using ExpLOD, and on genre
in MovieLens with BPR-MF using ExpLOD_v2, single-category calibration outperforms
multi-category calibration. A similar effect is observed in LastFM with BPR-MF across
all explanation algorithms (ExpLOD, ExpLOD_v2, and PEM) when calibrating on the
country of origin, where multi-category shows negative significance. These cases indi-
cate that, for certain dataset—-model—algorithm combinations, single-category calibration
can better maximize explanation diversity for specific attributes. This reflects localized
specialization effects, where multi-category balancing slightly reduces peak ETD per-
formance. Regarding SEP, where lower values are preferred, multi-category calibration
maintains competitive performance, often avoiding the increases in popularity bias ob-
served in some single-category configurations. When compared directly, single-category
calibration tends to optimize specific aspects of explanation quality, but these improve-
ments are localized and not consistently maintained across other metrics. In contrast,
multi-category calibration provides more balanced improvements, avoiding strong trade-
offs and achieving robust performance across LIR, ETD, and SEP simultaneously. This
advantage is particularly evident in MAUT, where multi-category calibration consistently
yields the highest or near-highest values, especially at higher trade-off levels, demon-
strating that jointly optimizing multiple categories leads to superior overall explanation
quality. Overall, the results indicate that multi-category calibration is a more effective
and stable approach, delivering well-balanced explanations while maintaining or improv-
ing upon the performance of both baseline and single-category methods.
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5.1. Discussion

The results highlight a trade-off between specialization and balance in calibration strate-
gies. Single-category calibration consistently maximizes performance on the targeted
dimension, as evidenced by the clear diagonal pattern in F1 and the peak ILD values
within each category. However, these gains are localized and often come at the expense
of other dimensions, revealing a strong cross-category competition. In contrast, multi-
category calibration promotes a more balanced optimization across categories. While it
does not achieve the highest performance in any single dimension, it mitigates degra-
dation in non-target categories and distributes diversity more evenly. This behavior is
particularly evident at higher trade-off values, where multi-category calibration produces
the most balanced ILD across dimensions and consistently achieves strong MAUT per-
formance. A similar pattern is observed in the explanation results. Single-category cal-
ibration can outperform multi-category approaches in specific cases, particularly when
optimizing explanation diversity (ETD) for a given attribute. However, these improve-
ments are not consistently maintained across other metrics. Multi-category calibration,
on the other hand, provides stable performance across LIR, ETD, and SEP, avoids strong
trade-offs, and yields more robust overall explanation quality.

These findings suggest that multi-category calibration is better suited to real-world
recommendation scenarios requiring simultaneous consideration of fairness, diversity,
and interpretability. In contrast, single-category calibration may be preferable in applica-
tions that prioritize a specific attribute and can tolerate imbalances in others. Overall, the
results show that jointly optimizing multiple categories yields more stable, well-balanced
systems, even at the expense of peak performance in individual dimensions.

6. Conclusion and Future Work

This paper presents a calibration-driven recommender system framework that jointly an-
alyzes fairness and explainability through multi-category calibration. By extending tra-
ditional single-category calibration to multiple dimensions, the proposed method better
captures the multifaceted nature of user preferences. Experimental results show that
multi-category calibration improves alignment with user profiles, reduces miscalibration
and popularity bias, and maintains competitive accuracy when compared to baseline and
single-category approaches.

Importantly, our findings show that fairness-oriented re-ranking does not harm ex-
planation quality. Across datasets, recommendation algorithms, and explanation methods,
metrics such as LIR, ETD, and SEP remain stable or improve under calibration. While
single-category calibration optimizes individual dimensions, multi-category calibration
achieves more balanced and robust performance across recommendation and explanation
metrics, making it well suited to real-world multi-objective scenarios.

For future work, we plan to explore additional explanation paradigms beyond
syntactic knowledge-graph-based methods, investigate new attribute dimensions to better
capture real user preferences, and evaluate the robustness of calibration under knowledge
graph incompleteness and attribute noise. Finally, user-centric evaluations will be essen-
tial for better understanding how calibration affects perceived fairness, trust, explanation
usefulness, and overall user experience in practical applications.
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