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Abstract

Recommender systems are known to exhibit fairness issues, par-
ticularly on the product side, where products and their associated
suppliers receive unequal exposure in recommended results. While
this problem has been widely studied in traditional recommendation
settings, its implications for bundle recommendation (BR) remain
largely unexplored. This emerging task introduces additional com-
plexity: recommendations are generated at the bundle level, yet
user satisfaction and product (or supplier) exposure depend on both
the bundle and the individual items it contains. Existing fairness
frameworks and metrics designed for traditional recommender sys-
tems may not directly translate to this multi-layered setting. In
this paper, we conduct a comprehensive reproducibility study of
product-side fairness in BR across three real-world datasets using
four state-of-the-art BR methods. We analyze exposure disparities
at both the bundle and item levels using multiple fairness metrics,
uncovering important patterns. Our results show that exposure pat-
terns differ notably between bundles and items, revealing the need
for fairness interventions that go beyond bundle-level assumptions.
We also find that fairness assessments vary considerably depending
on the metric used, reinforcing the need for multi-faceted evalua-
tion. Furthermore, user behavior plays a critical role: when users
interact more frequently with bundles than with individual items,
BR systems tend to yield fairer exposure distributions across both
levels. Overall, our findings offer actionable insights for building
fairer bundle recommender systems and establish a vital foundation
for future research in this emerging domain.
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1 Introduction

Fairness in recommender systems has become an increasingly im-
portant area of research [12, 24, 31, 40, 57]. These systems often
serve multiple stakeholders - such as users, products, providers (or
suppliers), and platforms — each with different expectations and
needs [1]. Although recommender systems are typically optimized
to deliver accurate and personalized results to users, fairness re-
quires that products and providers are equitably represented in
these outputs.

On the product side, exposure is a key concern for fairness. The
visibility of a product on a recommendation list can shape users’
opinions (e.g., in news [46, 59]), influence opportunities (e.g., in job
matching [23, 32]), affect preferences (e.g., in music [42]), and drive
economic outcomes (e.g., in e-commerce [11]). Product-side fairness
aims to ensure that products receive equal exposure or exposure
proportional to their utility, so that suppliers or products have a
fair chance of being seen and selected by users [39, 51].

Prior research has made significant progress in measuring and
addressing product-side fairness across a variety of recommenda-
tion tasks. For example, Raj and Ekstrand [48] studied fairness in
top-K recommendation by modeling item exposure based on user
browsing behavior. Similarly, Li et al. [30] explored fairness in next-
basket recommendation, focusing on how repeated and exploratory
recommendation patterns influence product exposure.

Despite these advances, the issue of fairness remains largely
unexplored in the context of bundle recommendation (BR), which
recommends sets of items grouped together as meaningful packages.
BR is increasingly common in diverse domains such as e-commerce
(e.g., fashion [15], electronic kits [53], online games [13]), digital me-
dia (e.g., curated playlists [52]), services (e.g., meals [29]), and even
the medical field (e.g., drug packages [65]). Unlike single-item rec-
ommendation, bundle recommendation must account not only for
the relevance of individual items but also for their compatibility as
a collection, introducing more complex relationships between users,
bundles, and items [45, 52, 53]. This added complexity raises critical
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new challenges to fairness. Specifically, ensuring fair exposure in
BR requires attention not just to which bundles are recommended,
but also to how items within those bundles are presented, both of
which may be influenced by biases in historical interaction data.

In this paper, we conduct the first comprehensive study of product-
side fairness in bundle recommendation. Our goal is to assess how
fairly current BR methods allocate exposure to both bundles and
the individual items they contain, and to understand how exposure
disparities arise and propagate through these systems.

We frame our investigation around the following questions:

(RQ1) To what extent does popularity bias in historical user inter-
actions lead to unfair exposure (i.e., unequal representation)
at both the bundle and item levels in BR methods?

(RQ2) How fairly do BR methods allocate exposure to bundles of
varying popularity, and how does this affect the exposure
of items within those bundles?

(RQ3) How does variation in users’ interaction preferences, such
as a tendency to engage more with bundles versus individual
items, impact fairness outcomes in BR scenario?

To answer these questions, we implement a thorough empirical
study using four state-of-the-art BR methods across three bench-
mark datasets from diverse domains: books, music playlists, and
fashion outfits. We employ fairness evaluation protocols based on
six widely adopted exposure fairness metrics [30, 34, 48], measuring
both bundle- and item-level disparities. In addition, we devise a
novel approach to investigate the impact of user preferences on
bundle- and item-level fairness through a user grouping strategy.
Thereby, this study offers nuanced views of how fairness manifests
in BR systems.

2 Related Work

This section describes relevant studies on bundle recommendation
and fairness issues, which serve as the background of our work.

2.1 Bundle Recommendation

In bundle recommendation, a variety of methods have been de-
veloped to improve the accuracy of recommending pre-defined
item sets to users. An early approach of Chen et al. [9], named
DAM, emphasizes the necessity of affiliated items within bundles by
jointly optimizing user-item and user-bundle interactions through
attention mechanisms and multi-task learning. Using advances in
graph neural networks [18, 22, 27], BGCN [7] surpasses DAM [9]
by unfolding user preferences into an item view and bundle view,
adopting graph convolutional networks [27] to encode each type
of preference separately. Deng et al. [13] employ BundleNet, per-
forming message passing on the user-bundle-item tripartite graph.

With the growth of multi-view architectures, the adoption of
contrastive learning has addressed challenges related to the incon-
sistency and synergy of information propagation between different
views in bundle recommendation [36, 37, 45, 64]. CrossCBR [37],
a multi-view learning approach with LightGCNs [22], achieves
notable advancements by using cross-view contrastive losses to
capture cooperative signals from two distinct views. Building on
CrossCBR [37], MultiCBR [36] restructures the learning process by
reversing the sequence of fusion and contrast operations. Instead
of relying on a quadratic number of cross-view contrastive losses,
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MultiCBR [36] simplifies the framework by employing only two
self-supervised contrastive losses, enhancing both its effectiveness
and efficiency. Recent approaches based on distillation [49] or syn-
ergy optimization [25] have achieved state-of-the-art performance.
Investigation of intricate item connections that affect bundle
tactics and user preferences has led to several in-depth studies on
bundle recommendation [45, 52, 53, 58, 64]. First, Zhao et al. [64]
introduces the intention disentanglement technique by modeling
multiple latent features from both local and global views, using
contrastive loss to align these views. This architecture faces perfor-
mance limitations due to its hyperparameter sensitivity and com-
putational complexity. BundleGT [58] leverages hierarchical graph
transformer networks to capture strategy-aware representations by
modeling latent associations at the bundle and user levels. To en-
hance bundle representation learning at the item-level, EBRec [16]
augments user-item interactions by exploiting user-bundle-item
correlations generated through pre-trained models. BunCa [45]
harnesses item-level causation within user preferences and bundle
construction, employing a refined attention operation on item-item
graphs to better capture asymmetric relationships among items
in real-world scenarios. Beside modeling item relations in set rec-
ommendation via graphs [44, 45, 58], some generative approaches,
such as BRIDGE [6] and DisCo [5], have been further developed to
produce new appropriate bundles aligning with user preferences.
These advancements listed above [45, 58, 64] uncover user pref-
erences underlying inferred bundling strategies, but have not in-
spected the impact of product-side fairness on the final prediction.
Our study reproduces prominent BR models [36, 37, 45, 58] within a
unified experimental framework and concentrates on investigating
item-level and bundle-level fairness based on their outcomes. Our
scrutiny can also be extended to enhance current approaches in
bundle construction [38, 53], or bundle generation [8, 54] tasks.

2.2 Fairness in Recommender Systems

Information access systems, such as search engines and recom-
mendation systems, exhibit characteristics of multi-stakeholder,
ranking-based displays, centrality of personalization, and user re-
sponses in real applications [17]. These factors pose challenges in
evaluating and optimizing fairness. In recent years, the research
community has shown a growing interest in fairness within recom-
mender systems, focusing on fairness definitions [3, 62], evaluation
metrics [50, 63], and optimization algorithms [4, 41] to foster a fair
and healthy recommendation ecosystem.

Fairness of recommender systems can be divided into user fair-
ness and product fairness [57]. Product fairness investigates whether
products are allocated a fair distribution of exposure by being rec-
ommended based on various fairness principles, such as equal op-
portunity and statistical parity [48]. On the user side, user fairness
measures the deviation of recommendation performance among
different user groups [56]. Specifically, users can be grouped by the
level of activity or the consumption of popular items [47]. To opti-
mize product fairness and user fairness in a recommender system,
fairness algorithms, including in-processing methods [61] and post-
processing methods [43], have been proposed to enhance fairness
at different stages of the recommendation algorithm pipeline. A
recent open-source toolkit, FairDiverse [60], collects and develops
multiple fairness-aware algorithms in search and recommendation.
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Apart from the general recommendation scenarios, fairness is
also explored in some special domains, such as next basket rec-
ommendation (NBR), where users exhibit both repetitive and ex-
ploratory purchase behaviors [28]. Liu et al. [34] re-consider item
fairness metrics to assess representative NBR methods and test the
robustness of these metrics. Li et al. [30] discover a shortcut to
achieving better fairness and accuracy performance in NBR and
proposes a fine-grained evaluation paradigm. Liu et al. [33] jointly
optimize item fairness and repeat bias for NBR methods through
mixed-integer linear programming. These works show that fairness
behaves differently in different recommendation scenarios, which
may impact the evaluation design and optimization strategies.

Fairness in bundle recommendation remains unexplored. Bundle
recommendation algorithms directly recommend bundle lists to
users, and indirectly influence the exposure of items within the
predicted bundles. Therefore, our work aims to measure the bundle-
level and item-level fairness of BR methods and investigate their
potential correlation. To the best of our knowledge, we are the first
to study product-side fairness in bundle recommendation.

3 Methodology

This section outlines our experimental setup used to evaluate expo-
sure at both the bundle and item levels.

3.1 Problem Formulation

Given a set of users U = {uy,uy, .. .,u|(u|}, a set of bundles B =
{b1, by, . ..,b|3|}, and a set of items I = {iy, io, ..., i|]‘}, the BR
task represents user-bundle interactions, user-item interactions,
and bundle-item affiliations through three binary matrices: X €
{0, 1}1UIXIBI 'y e {0, 1}/ UIXIT] and Z € {0, 1}/B1%IL] a5 inputs
to train BR models. In these matrices, an entry of 1 indicates an
observed connection between the corresponding user-bundle, user-
item, or bundle-item pair, while 0 denotes the absence of such an
interaction. The objective of the BR task is to predict accurately
unobserved user-bundle interactions by leveraging the implicit
feedback contained within X, Y, and Z matrices. Specifically, for
each user u € U, alist of top-K bundles can be inferred and ranked
through user-specific relevance probability §(b|u), where b € B.

Fairness approach. Our study evaluates fairness at both the item-
level and bundle-level across recommended bundles for all users
using fairness metrics described in Section 3.3.2. Each user receives
a list of bundles L, as a recommendation, where each bundle b € L
contains a set of items. We aim to evaluate whether the bundles
and items obtained by these BR algorithms are fairly exposed, and
to investigate the correlation between bundle-level fairness and
item-level fairness in the BR scenario. Table 1 presents the notation
used in this paper.

3.2 Datasets

Following [7, 16, 36, 37, 45], we use three benchmark datasets from
various sectors with the same training ratio to evaluate BR models:
Youshu'!, NetEase?, and iFashion [10].

The Youshu dataset involves predicting which book lists (bun-
dles) users are likely to purchase. In the NetEase dataset, individual

https://www.yousuu.com/
Zhttps://music.163.com/
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Table 1: Notation used in the paper.

X binary user-bundle interaction matrix
Y binary user-item interaction matrix

zZ binary bundle-item affiliation matrix

L ranked list of K bundles

L(b) rank of bundle b in L

y(blu) relevance of b to u

y(ili € b)  relevance of item i in bundle b

G* popular group

G~ unpopular group

ar, exposure vector for bundles in L

ar (b) exposure of b in L

ay (ili € b) exposure of item i in bundle b

G(L) group alignment matrix for bundles in L
€L the exposure of groups in L (G(L)Tay)

tracks represent items, and user-generated playlists serve as the
target bundles for music recommendation. The iFashion dataset
constructs outfits as bundles, which are combinations of clothing
and accessories, to attract user engagement in a fashion recom-
mendation scenario. The key statistics of the three datasets are
summarized in Table 2. These datasets cover diverse application
domains and show varying interaction densities and bundle sizes,
ensuring a general evaluation.

Three types of historical interaction are used as model inputs:
user-item, user-bundle, and bundle-item. Following [37], datasets are
randomly split into training, validation, and test sets on user-bundle
interactions for each user by a 7 : 1 : 2 ratio.

Notably, the c-score metric, as reported in [49], measures the
consistency between collaborative user-user pairs via interaction
matrices X and Y. On the iFashion dataset, it demonstrates high
consistency, indicating that users with similar item-level prefer-
ences also tend to have similar bundle-level preferences. In contrast,
on the Youshu and NetEase datasets, the low c-score values suggest
that in large-bundle datasets, there is weaker alignment between
user-bundle and user-item collaborative relationships.

3.3 Evaluation Protocols

3.3.1 Utility ranking metrics. Following common evaluation prac-
tices in bundle recommendation [16, 37, 45, 52], we use recall at K
(R@K) and normalized discounted cumulative gain at K (N@K) to
assess the utility of BR methods. R@K computes the proportion of
test bundles that appear within the top-K ranked prediction, while
N@K evaluates the ranking quality by emphasizing the placement
of relevant bundles at higher positions in the predicted list.

3.3.2  Fairness ranking metrics. Following [34], we measure fairness
using a popular bundle group and an unpopular bundle group over
distributions of ranked bundle lists among all users. Since fair expo-
sure is unlikely to be satisfied in a single list in the recommendation
task [48], we exclude exposure fairness metrics designed for sin-
gle ranking, such as attention-weighted rank fairness (AWRF) [50].
Assume 7(L|u) is a user-dependent distribution and p(u) is a distri-
bution over all users, then p(u)x(L|u) is the distribution of overall
rankings among all the users. e; = G(L)Tay, is the group exposure
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Table 2: Statistics of the Youshu, NetEase, and iFashion datasets.

User groups

Dataset  |U| | T |B| U-1 U-8 #Avgl/B  U-B Dens. c-score

lgil  lg2l  lgsl
Youshu 8,039 32,770 4,771 138,515 51,377 37.03 0.13% 0.0812 677 135 7,194
NetEase 18,528 123,628 22,864 1,128,065 302,303 77.80 0.07% 0.0599 498 240 17,790
iFashion 53,897 42,563 27,694 2,290,645 1,679,708 3.86 0.07% 0.2917 5,565 3,397 44,935

of a single ranking; its expectation e, = Ezp[er] is the group ex-
posure among all the rankings. We select six representative fair
ranking metrics covering two categories of fairness principles:

Equal opportunity takes into account the utility of the ranked
lists, and requires that exposure should be proportional to relevance.
The Exposed Utility Ratio (EUR) [51] uses a ratio-based metric to
measure how much the exposure of each group deviates from the
ideal of being proportional to its utility Y(G):

er (GY) /Y (G*
EUR:—”(_)/ ( _), 1)
€x (G7) /Y (G7)
The Realized Utility Ratio (RUR) [51] further ensures that click-
through rates for each group I'(G) should be proportional to utility:
r(G*) /Y (G*)
=TV Ay 2
r(G7) /Y (G7)
The Expected Exposure Loss (EEL) [14] measures the Euclidean dis-
tance between expected exposure €, and target exposure €* among

groups; similarly, the Expected Exposure Relevance (EER) [14] mea-
sures the dot product of expected exposure and target exposure:

®)

Statistical parity ensures equal exposure across groups without
considering utility. In particular, the Expected Exposure Disparity
(EED) [14] quantifies the disparities in how overall exposure is
distributed among groups:

EED = [lex 3.

RUR

EEL = |lex — €*||2, EER = 2¢, €*

4)

Demographic Parity (DP) [51] calculates the ratio of average expo-
sure obtained by the two groups:

DP =€, (G*) /ex (GT). (5)

Following [48], we take logDP, logEUR, and logRUR in the experi-
ments to deal with the empty-group case. We use the Geometric
browsing model [4] to compute exposure for all fair ranking metrics,
ie,y(1- y)L(d)_l, where y is the patience parameter.

Item-level fairness evaluation. We measure item-level fairness be-
tween a popular item group and an unpopular item group. First, we
obtain the exposure of bundles within a list via the browsing model.
Then, each item within a bundle shares equal average exposure of
the bundle exposure, i.e., item exposure ay (i|i € b) = ar(b)/|b|,
where |b| is the number of items within bundle b. For the test data,
the relevance of item i within a bundle is: y(i|i € b) = y(b|u)/|b|.
In this way, we can use the above fair ranking metrics to measure
the item-level fairness.

3.4 Bundle Recommendation Models

To reproduce BR baselines, we investigate the following representa-
tive BR methods with open-source materials, including multi-view
learning, graph neural network, and data augmentation approaches.
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Four well-known BR algorithms are used to facilitate our evalua-
tions of utility and fairness.

e CrossCBR [37] uses contrastive learning between two distinct
views (user-item view and user-bundle view) to exploit their coop-
eration. In each view, a corresponding bipartite graph (user-item
graph or user-bundle graph) is constructed and then propagated
using LightGCN operation [22]. Aligning separately learned
views enables each view to distill augmented data from the other,
resulting in mutual enhancement. CrossCBR improves the self-
discrimination of representations by increasing the dispersion
among different users and bundles.

e MultiCBR [36] is a multi-view learning framework that jointly
captures user-bundle, user-item, and bundle-item interactions.
Built on CrossCBR [37], it uses bundle-item affiliations to en-
hance sparse bundle representations. By adopting an “early fusion
- late contrast” method, MultiCBR models both cross-view and
ego-view preferences for improved user modeling, and reduces
computational cost by requiring only two contrastive losses in-
stead of a quadratic number like CrossCBR.

o EBRec [16] learns item-level bundle representations through two
key modules, which incorporate high-order B-U-I (bundle-user-
item) correlations to capture richer collaborative signals. More-
over, it enhances B-U-I correlations by augmenting observed user-
item interactions with synthetic data generated by pre-trained
models, further improving representation quality.

e BunCa [45] is a causation-aware multi-view learning framework
for BR that captures asymmetric item interconnection via bundle
construction and user preferences to enhance the ultimate rep-
resentation of bundles/users. Contrastive learning is inherited
from prior work [36, 37] to enhance representation alignment
and discrimination across views.

3.5 Implementation Details

To examine group fairness using the fair ranking metrics from Sec-
tion 3.3.2, we create a popularity-based bundle and item partition,
which is determined by the frequency of purchases across all histor-
ical user interactions. Following [19, 34], highly interacted bundles
making up roughly 20% of interactions are categorized as the popu-
lar group (G*), while the remaining 80% constitute the unpopular
group (G7). Particularly, the interaction frequency for each item is
determined to compute item popularity by first reconstructing the
user-item matrix, Y’, as follows:

Y = (XXZ)+Y (6)

then we normalize the matrix by dividing its entries by the total
number of interactions. Given Y’, we follow the same procedure
as [19, 34] (also described above for bundles) to compute item pop-
ularity. This way of computing item popularity takes into account
the impact of users’ interactions with bundles.
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Figure 1: Distribution of bundle and item frequency in historical interaction and BR outcomes on Youshu dataset.
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(b) Item distribution
Figure 2: Distribution of bundle and item frequency in historical interaction and BR outcomes on NetEase dataset.
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(b) Item distribution
Figure 3: Distribution of bundle and item frequency in historical interaction and BR outcomes on iFashion dataset.

To ensure convincing comparisons, our implementation uses
settings from state-of-the-art publications on bundle recommenda-
tion [16, 36, 37, 45]. The initial embedding dimension is set to 64,
Xavier [21] is used to initialize the trainable parameters, and the
Adam optimizer [26] is applied to ensure stable and efficient train-
ing. Regarding validating hyperparameters, we follow the optimal
configurations provided in the original papers. To facilitate perfor-
mance validation, the utility metrics, including R@K and N@K, are
employed with K = 20. In the Geometric browsing model, y is set to
0.5. For the training and test phases, our computational environment
is built on NVIDIA P100 and T4 GPUs.Our repository is available on
Github via https://github.com/Rec4Fun/Fairness_Bundle_RecSys25.
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4 Experimental Results

In this section, we present the results from our experiments to
answer our three research questions from the introduction.

4.1 Popularity and Exposure Analysis (RQ1)

RQ1 investigates the relationship between the distribution of user
interactions in the input data and the distribution of exposure in
recommendation results, analyzed at both the bundle and item
levels. Fig. 1-3 visualize the distributions of bundles and items in
the user interaction data and the outputs of four BR methods across
three datasets. These results reveal key differences in distributional
patterns (i.e., degrees of popularity bias) in user interaction with
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Figure 5: Uniformity of (a) bundle and (b) item distribution
measured by Gini Index in user interaction data and the
recommendation results obtained from four BR methods.

bundles and items, as well as how such biases propagate through
recommendation models into their output exposure.

In the leftmost plots of each figure, corresponding to the input
interaction data, it becomes evident that user interactions with bun-
dles and with individual items do not always follow the same distri-
butional trend. These histograms show the number of bundles/items
on the y-axis and the (log-transformed) interaction frequency on
the x-axis. This transformation helps to visualize distributional
differences more clearly across varying frequency scales.

On the Youshu and iFashion datasets (Figs. 1 and 3, respectively),
bundle and item interactions follow similar overall shapes: a long-
tail distribution for the Youshu dataset and an approximately normal
distribution for the iFashion dataset. However, on the NetEase
dataset (Fig. 2), this alignment does not hold. Bundle interactions
show a long-tail distribution, whereas item interactions are closer
to a normal distribution. This discrepancy aligns with NetEase’s
low c-score (shown in Table 2), suggesting that user preferences
over bundles and individual items are less consistent in this dataset.

To better understand this discrepancy, Fig. 4 presents the re-
lationship between each bundle’s interaction frequency and the
average interaction frequency of the items it contains. In these
plots, the x-axis represents bundle frequency (computed from ma-
trix X in Eq. 6), and the y-axis represents the average frequency
of items within each bundle (computed from matrix Y’ in Eq. 6).
This analysis confirms that user behavior toward bundles and items
can differ significantly. For instance, a frequently interacted bundle
may include items that are themselves infrequently interacted with,
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and vice versa—a highly popular item may appear in bundles that
are rarely engaged with. This suggests that bundle-level interaction
patterns do not necessarily follow item-level interaction patterns.

Beyond the input data, we also observe how BR methods influ-
ence exposure at both levels. Although BR systems recommend only
bundles, we infer item-level exposure by distributing each bundle’s
exposure score equally among its constituent items as described in
Section 3.3.2. For example, if a bundle receives an exposure score
of 0.9 and contains 10 items, each item is assigned 0.09 exposure.

The results show method- and dataset-specific patterns. On the
Youshu dataset, item and bundle exposure distributions across BR
methods closely resemble those in the interaction data. On the
NetEase dataset, bundle distributions remain consistent with inter-
action data, but item-level exposure varies across methods. Multi-
CBR and EBRec produce item distributions resembling the normal
distribution seen in the input data, while CrossCBR and BunCa
exhibit long-tail patterns. On the iFashion dataset, MultiCBR and
BunCa match the normal distribution observed in the input data,
whereas CrossCBR and EBRec tend toward long-tail exposure.

Fig. 5 quantifies distributional uniformity using Gini Index [55],
computed for both bundles and items. A lower Gini Index indicates
a more uniform distribution (fairer representation). While NetEase
and iFashion datasets exhibit similar levels of uniformity in the
input interaction data, the uniformity in recommendation results
varies across BR methods. Two trends emerge: (1) BR methods
typically decrease the uniformity of exposure compared to the input
data—indicating an amplification of popularity bias, and (2) this
reduction in uniformity is consistent with the original bias level in
the input data: datasets with less uniform interaction distributions,
such as the Youshu dataset, tend to result in less uniform exposure
distributions in both bundles and items. These findings align with
prior work [2, 35] and highlight the critical role of interaction bias
in shaping fairness outcomes in BR systems.

4.2 Fairness Evaluation (RQ2)

To address RQ2, the fairness of BR methods is evaluated by fairness
metrics described in Section 3.3.2. Table 3 presents the results.

In terms of accuracy, MultiCBR and BunCa consistently perform
well across datasets. However, when assessing fairness at the bundle
level, CrossCBR (on the Youshu and NetEase dataset) and EBRec
tend to outperform the other methods, reflecting a trade-off between
fairness and accuracy similar to findings in previous studies [20, 42].
At the item level, no single method consistently performs best, and
the fairness metrics often disagree on which BR method is superior.

Overall, these results suggest that fairness in bundle recommen-
dation is multi-faceted. Achieving fairness at the bundle level does
not necessarily translate to fairness at the item level. This highlights
the need for fairness-aware approaches that explicitly consider ex-
posure disparities at both the bundle and item levels.

4.3 Fairness Analysis on User Tendency (RQ3)

To understand how different user behaviors affect fairness out-
comes, we group users based on their interaction tendencies: group
g1 tends to purchase bundles rather than individual items; group
g2 combines neutral users who treat bundles and items equally;
group g3 prefers to buy single items. We quantify this behavior
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Table 3: Overall performance of bundle recommendation methods in terms of utility and fairness metrics. Bold values indicate
the best performance for each metric, while underlined values represent the second-best. Arrows denote metric direction: T
means higher is better, | means lower is better, and o indicates optimal fairness when values are closer to 0.

Accuracy Bundle-level Fairness Item-level Fairness

Dataset Method
R@20T N@207 logEURo logRURe EEL| EERT EED| logDPo  logEURo logRURe EEL| EERT EED| logDPo
MultiCBR  0.286 0.168 2.667 2.249 0.476 0.486 0.660  6.024 0.565 0.083 0.049 0.826 0.564 4.152
Youshu CrossCBR  0.276 0.166 2.094 2.101 0.289 0.569 0.556 5.444 0.437 0.079 0.049 0.848 0.585 4.025
EBRec 0281  0.168 2153 2187 0308 0560 0565 5.504 0486  0.093 0.048 0.840 0577 4.074
BunCa 0.295 0.172 2.390 2.131 0.385 0.524 0.606 5.743 0.523 0.084 0.048 0.834 0.571 4.111
MultiCBR  0.090  0.050 2173 0.690 0387 0560 0.589 4.744 0458  0.001 0035 0958 0614 2835
Netease CrossCBR  0.081 0.043 1.908 0.644 0.288 0.613 0.544 4.464 0.505 0.002 0.035 0.949 0.605 2.872
EBRec 0.088 0.048 2.241 0.693 0.413 0.547 0.603 4.817 0.443 0.001 0.035 0.961 0.617 2.811
BunCa 0.089  0.048 2515 0755  0.519 0500 0.661 5.110 0452  0.001 0035 0.959 0.615 2.820
MultiCBR  0.150 0.120 1.464 0.604 0.335 0.825 0.529  4.525 0.547 0.076 0.039 1.087 0.529  3.868
Fashion CTOSSCBR  0.115 0,088 1383 0458  0.293 0.853 0.518 4.418 0350  0.041 0.014 1.146 0563 3.624
EBRec 0.133  0.105 1.314 0472 0.259 0.882 0510 4.328 0356  0.043 0.014 1.144 0561 3.632
BunCa 0.143 0.112 1.578 0.594 0.399 0.781 0.550  4.680 0.601 0.076 0.048 1.070 0.522 3.935

using a tendency score that measures the disparity ratio between
bundle-based and item-based interaction for each user:

_ ZbesXub

Zier Yui
where ry, represents the proportion of bundle-based interactions to
item-based interactions for each user u. A higher value of r;, depicts
a stronger tendency of user u toward bundle-oriented purchases.®

Fig. 6-8 present the fairness outcomes of four BR methods across
these user groups and datasets. Fairness varies meaningfully across
user types, confirming that fairness is not solely a property of the
recommendation algorithm or dataset, but also a function of user
behavior or tendency in interacting with bundles or items.

For the iFashion dataset, consistency between fairness perfor-
mances across groups is achieved at both item-level and bundle-
level, while it is more confusing on other datasets. This is reason-
ably expected by the disparity issues between learning item-level
and bundle-level user preference [49], the meaning of c-score [49],
and the influence of high-frequency items within bundles on BR
models [45] demonstrated in related work. The NetEase dataset
exhibits the most inconsistent patterns. The limited accuracy of
models and data properties (low c-score, large bundle-sizes, and
high item-frequency variance) likely introduce noise in fairness
evaluations. Moreover, bundles in the iFashion dataset are outfits,
i.e., constructed more elaborately, based on the providers’ strategy.
Meanwhile, bundles in the Youshu and NetEase datasets are simply
defined by grouping items based user sessions.

BR methods generally achieve fairer exposure distributions when
serving users who primarily interact with bundles, especially ac-
cording to the EEL and EER metrics. This may be due to the rela-
tively low overlap among bundles, which promotes greater expo-
sure diversity. EED and logDP have opposite item-level fairness
rankings of the three user groups on all datasets. This means that
recommendations for g3 have the closest overall exposure between

™

u

3In our experiment, users with r,, > 1.1 are bundle-oriented (g1), those with r,, < 0.9
are item-oriented (¢3), and users with r,, in between are considered neutral (g;). These
thresholds were selected based on the observed distribution of r,,, though alternative
values may also be appropriate depending on dataset characteristics.
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popular and unpopular item groups, while recommendations for
g1 have the closest average exposure between two item groups.

5 Conclusion

We conducted the first in-depth study of product-side fairness in the
bundle recommendation task. Unlike conventional recommenda-
tion settings where individual items are recommended, BR systems
deliver bundles—each consisting of multiple items. While exposure
is explicitly given to bundles, items within them also receive indirect
exposure. This dual-layer exposure requires fairness assessments
at both the bundle-level and item-level aspects.

We found that the distribution of exposure in historical interac-
tion data and in the outputs of BR methods differs notably between
bundles and items. Hence, fairness interventions cannot rely solely
on bundle-level assumptions and must consider item-specific dy-
namics. Moreover, consistent with prior research, we observed that
different fairness metrics often disagree in their assessments, re-
inforcing the need for multi-perspective evaluation. Finally, we
showed that user behavior plays a key role: when users interact
more with bundles than individual items, BR methods tend to yield
fairer exposure distributions at both the bundle and item levels.

These findings highlight the complex nature of fairness in bundle
recommendation and the need for more targeted strategies that
address its unique challenges. To the best of our knowledge, this is
the first comprehensive exploration of fairness in the BR scenario.

In future work, we plan to expand our analysis beyond the popu-
larity of bundles in recommender systems. In this study, we defined
fairness subgroups based on popularity. However, other grouping
strategies—such as item categories, supplier identities, or sensitive
user and item attributes—could reveal additional fairness issues.
Investigating these dimensions should lead to the development of
more holistic and inclusive fairness-aware BR methods.
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