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Abstract. Recommendation systems play an important role by predicting
users’ preferences while allocating visibility and economic opportunity to item
providers. This becomes especially challenging when items have limited life-
times (e.g., news articles, political campaigns, perishable goods, and seasonal
products), because time-sensitive attention can be disproportionately captured
by a small subset of items due to position bias and popularity effects. Building on
the notion of fair exposure, we propose LIFE , a multi-objective post-processing
approach that adjusts users’ top-k lists to balance user relevance, provider fair-
ness, and item urgency, proportionally estimating quality over a time window
while prioritizing items closer to the end of their lifetimes.

1. Introduction
As the amount of online information grows exponentially, recommendation systems be-
come central components in filtering and organizing digital content. Whether recom-
mending products, media, or news, these systems primarily aim to select and rank items
according to estimated preferences of the users, facing the challenge of handling this
massive volume in order to accurately deliver what users want and need to receive.
By organizing elements into rankings, recommendation systems determine which con-
tent receives greater visibility, directly influencing attention, interaction, and informa-
tion consumption patterns. Beyond satisfying user preferences, these systems serve as
engines, allocating visibility and opportunity, consequently playing an important role
in providing access to the small items providers, who might suffer from underexpo-
sure [Morik et al. 2020, Wang et al. 2022, de Lourdes M. Silva et al. 2025]. In the con-
text of items with limited lifetimes, such as news, perishable goods, political campaigns,
and seasonal products, the challenge is particularly relevant due to the high volume and
rapid turnover of available content.

Given their significant importance in the current scenario, recommendation sys-
tems impact not only users but also the items they recommend. Empirical studies, such as
those by [Joachims et al. 2017, Collins et al. 2018], have quantified the impact of position
bias, demonstrating that higher-ranked items achieve significantly higher click-through
rates, regardless of their true relevance, emphasizing the effect of position bias. This
dynamism of initial exposure is decisive, since the lack of visibility in early moments
prevents the collection of information about the item, leading to its premature neglect and
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disproportionately benefiting already popular items. The notion of exposure fairness seeks
to ensure that the attention allocated to items is proportional to defined criteria, such as
relevance or representativeness, thereby avoiding systematic distortions in the distribution
of visibility over time.

This exposure problem becomes considerably more complex in online scenarios,
where ranking is continuously updated, and items often have a short lifetime of peak
relevance, and the absence of exposure during their tight relevance window implies a loss
of utility. For instance, recommending a local accident that occurred a week ago in a
news article does not seem ideal, but recommending this article in the first hours after the
event would be far more effective. In this context, the window of opportunity to ensure
fairness of exposure is tight; any delayed correction loses its impact, making the real-time
application of fairness of exposure a challenge worth exploring.

This work proposes a framework for analyzing and controlling exposure in rec-
ommendation systems with time-sensitive items. The main objective of LIFE is to verify
and adjust the exposure distribution, ensuring that the exposure of item groups present
in the top-k is proportional to their representativeness or relevance within the overall set.
Using post-processing mechanisms and multi-objective reranking, the approach seeks to
preserve user relevance. It also ensures that exposure of item groups is proportional to
their representativeness in the current window, prioritizing items near the end of their
lifetimes.

The work is organized as follows. Section 2 reviews related work, contextualizing
the research and providing the theoretical background necessary to position this study’s
contribution. Section 3 establishes the necessary background, discusses fairness concepts
in recommendation systems, and defines the attributes and variables that underpin the
framework. Section 4 details the proposed approach, describing its central objective, the
mechanism‘s operation, and the developed algorithm. Section 5 reports the experiments
and results, evaluating the effectiveness of the solution across different applications. Fi-
nally, Section 6 presents the conclusions and final considerations.

2. Related Work and Background

In this section, we provide the necessary background and related work to support the
understanding of our proposed approach, exploring existing works on fairness in recom-
mendation systems and limited lifetime items’ scenarios.

2.1. Fairness in recommendation systems

Recommendation platforms involve two principal stakeholder groups: users, who con-
sume the available items or content, and providers, who make these items available on the
platform [Wang et al. 2023]. Although both groups participate in the same ecosystem,
their objectives are not necessarily aligned. Users are primarily concerned with receiving
accurate and relevant recommendations, whereas providers seek greater consumption of
their items, which largely depends on the visibility they receive from the platform.

The study of fairness in recommendation systems has received increasing atten-
tion in recent years, giving rise to a variety of fairness notions and algorithmic strategies.
In this subsection, we examine representative works that address fairness from the per-
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spectives of both major stakeholders, namely user-side fairness, which focuses on fairness
toward users, and item-side fairness, which concerns fairness toward items or providers.

User-side fairness This dimension of fairness concerns user satisfaction and utility with
respect to the recommendations they receive. From a utilitarian perspective, the objec-
tive is to maximize social welfare, understood as the aggregate well-being of individuals,
while assigning equal moral importance to each person so that no individual is granted
unjustified priority or advantage over another [Rawls 2017]. In the context of recom-
mendation systems, this perspective implies that the well-being of no user should be sys-
tematically prioritized over others. Along this line, Do et al. [Do et al. 2021] propose an
approach that maximizes overall utility while giving particular attention to users who re-
ceive the least favorable recommendations. To this end, the authors employ concepts such
as Lorenz efficiency to encourage rankings that are Pareto efficient and that improve the
utility of the worst-off individuals. From a different perspective on user-side fairness, Li
et al. [Li et al. 2021] argue that users belonging to different demographic groups should
receive comparable recommendation performance, thereby reducing the risk that certain
groups are systematically less satisfied with the recommendations they receive. Moreover,
drawing on the notion of envy-freeness [Brams and Taylor 1995, Farhadi et al. 2021],
user fairness may also be understood as a condition in which no user prefers another user’s
recommendation list to their own. However, because recommended items are indivisible
and recommendation lists are inherently capacity-constrained, exact envy-freeness is gen-
erally unattainable in practice [Amanatidis et al. 2023], which motivates the adoption of
relaxed fairness notions [Arnsperger 1994].

Item-side fairness On the other hand, providing fairness addresses disparities between
items stemming from popularity bias [Guo et al. 2025], a phenomenon in which items
monopolize the top of rankings. Fairness of exposure was formalized to mitigate the
marginalization of those items, using the concept of probabilistic allocation of user
visual attention in the fairness constraint [Singh and Joachims 2018]. With that con-
cept, the notion of quality-weighted exposure holds that an item or provider’s expo-
sure should not necessarily be uniform but rather proportional to its relevance or quality
[Heuss et al. 2022]. This approach differs from uniform exposure, as it does not distribute
attention equally across all content. Consequently, it avoids disregarding inherent user
preferences and the actual relevance distribution within the system’s context. A recom-
mendation resulting from quality-weighted exposure is considered fair if each provider
receives an overall exposure proportional to the sum of the quality scores of the items
they offer across the platform [Wu et al. 2021]. That comes from the fact that position
bias inherently prevents any single ranking from achieving full proportionality; systems
must treat and amortize fairness over a sequence of rankings [Biega et al. 2018].

2.2. Limited lifetime items

Multiple recommendation scenarios involve items with limited lifetime, whose utility and
user interest decay over time. This is particularly evident in domains such as news, fresh
content, and newly introduced items, where recommendations must account not only for
relevance but also for temporal urgency and visibility [Zhang et al. 2017, Bae et al. 2023].
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In these settings, the literature has argued that such items or providers may require
a minimum level of exposure within a fixed time window to remain viable, moti-
vating recommendation policies that explicitly incorporate exposure constraints over
time [Ben-Porat and Torkan 2023, Bae et al. 2023].

Those lifetime constraints can be seen in news recommendation, for in-
stance, articles rapidly lose relevance as events unfold and public attention shifts
[Raza and Ding 2022], so delayed exposure often provides little impact. A sim-
ilar effect arises in seasonal sales, where promotional items are only attractive
during specific commercial periods, such as holidays or end-of-season campaigns
[Macedo and Marinho 2014]. In the case of event tickets, the opportunity to benefit from
exposure vanishes as the event date approaches or seats become unavailable. Pharma-
ceutical items may also exhibit lifetime sensitivity, particularly when recommendations
involve drugs, vaccines, or medical supplies with expiration dates or time-critical demand.
Likewise, perishable items in grocery or food platforms have short commercial viability
because freshness degrades over time, making late recommendations less useful for both
consumers and suppliers. Finally, job vacancies are also time-constrained items, since po-
sitions are eventually filled or closed, and their value diminishes as application deadlines
pass.

Under this context, foundational fairness frameworks generally assume an un-
limited time horizon for correcting exposure disparities, overlooking the fact that time-
sensitive items lose value when their exposure is delayed. Recent advancements have
attempted to address fairness in continuously evolving environments. For instance,
[Wu et al. 2023] introduced dynamic strategies designed to balance exposure fairness
and recommendation quality over sequential interactions. Similarly, [Guo et al. 2025]
employed a reinforcement learning framework to enhance the exposure of newly intro-
duced items in dynamic recommender systems. Despite addressing temporal dynamics
and accumulated unfairness, these models do not explicitly account for the hard con-
straints imposed by item expiration. None of the existing studies successfully com-
bine amortized exposure fairness [Biega et al. 2018] with the urgency of item expiration
[Bae et al. 2023, Ben-Porat and Torkan 2023] in a dynamic, post-processing reranking
environment. LIFE fills this gap by introducing a multi-objective mechanism that ad-
justs users’ top-k lists to simultaneously balance user relevance, provider fairness, and
item urgency.

3. Preliminaries
This section formalizes the notation and terminology used throughout this work.

Let n and m denote the number of users and items, respectively. The recommen-
dation environment consists of a set of users U = {u1, u2, . . . , un} and a set of items
I = {i1, i2, . . . , im}. Additionally, a set of categories C = {c1, c2, . . . , co} is considered,
where each item is associated with one category.

The system operates over a sequence of time windows W = {W1,W2, . . . ,WP},
encapsulating the evolution of users’ preferences and the continuous entry of new items.
Each window Wt ∈ W represents a discrete interval defined by a start time and a size,
which determines its duration. It is also used to parameterize the estimated qualities of
items in the Wt time window and the exposures.
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For each item i, a lifetime value Li is defined, representing its expected peak
relevance period. Based on empirical notions of temporal decay and importance, it is
assumed that items approaching the end of their lifespan require increased exposure to
maximize their effective relevance. Consequently, urgency Ui(t) is defined as a measure
of proximity to the end of an item‘s lifetime. The urgency at time t is calculated as the
proportion of the consumed lifespan:

Ui(t) =
{

t−tpubi

Li
, if 0 ≤ t− tpubi ≤ Li

0, otherwise

where tpubi denotes the publication time. This ensures that items reach users be-
fore losing their peak of relevance. This way, the system functions as a “last-chance“
mechanism, elevating the exposure priority for items about to expire.

The recommendation process is based on a score matrix S ⊆ Rn×m, where every
matrix cell ŝui ∈ S represents the predicted relevance of the item i associated to the user
u. The quantified quality of an item i within a window Wt is denoted as qi(Wt) and is
estimated by the sum of its relevance scores for all users. Hence, the quality of a category
c within a window, denoted as Qc(Wt) for us, is the sum of the qualities of all items
belonging to that category.

For each user u, there is a top-k ranking list of the k best system-estimated item
suggestions. The weight vector w = {w1, w2, . . . , wk}, where wr represents the exposure
received by an item at a rank r, which brings the notion of position bias where, w1 ≥ w2 ≥
· · · ≥ wk ≥ 0, representing the diminishing visibility of lower positions [Do et al. 2021,
Usunier et al. 2022]. Similarly, the exposure of a category is defined as the sum of the
items’ exposures that belong to that category.

In recommendation systems, the tendency for items at higher ranks to receive
significantly more attention, leading to position bias, often results in an unfair distribution
of visibility [Joachims et al. 2017]. To ensure that the exposure is proportional to the
quality of each category, the total quality in a window Wt is defined as Q =

∑
c∈C Qc(Wt),

and the total exposure as E =
∑

c∈C Ec, which represents the sum of all position bias
weights across all rankings. The target exposure for a category c, denoted as Tc is defined
as:

Tc = E · Qc(Wt)

Q

serving as a fairness benchmark for the recommendation process. While the framework
generates rankings, the main objective is to approximate each category’s actual exposure
Ec to its target Tc, thereby mitigating unfair exposure.

4. Lifetime-aware Item Fair Exposure (LIFE)

The objective of the proposed framework is to address quality-weighted exposure for
items with limited lifetimes in recommendation systems, ensuring that the ranking re-
flects not only users’ historical preferences but also the temporal availability of items,
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thereby achieving weighted visibility over items’ categories. The LIFE approach is im-
plemented as a post-processing framework that modifies the output ranks produced by a
matrix factorization model [Koren et al. 2009]. The essence of our method is the integra-
tion of temporal aspects of items, considering urgency in the exposure decision process,
ensuring that items are recommended not only for relevance but also for their remaining
window of opportunity. The system operates over a sequence of time windows. Our UI(t)
acts as a “last chance” mechanism, elevating the exposure priority for items about to ex-
pire. In that way, the system can better estimate their true quality over time, helping items
with few interactions receive greater exposure before their lifetime ends, and it loses its
peak of relevance.

The LIFE algorithm is shown in Algorithm 1. Before initiating the process of
changing users’ ranks, the framework establishes a fairness benchmark for each category
c ∈ C in the current window, which we call Target Exposure Tc, proportional to the ag-
gregate quality of its active items and users’ interactions. This ensures that our categories
with higher predicted relevance receive a fair share of visibility while mitigating popular-
ity bias. It is important to note that recommendation models, such as matrix factorization,
are inherently susceptible to popularity bias, as they tend to learn more effectively from
data with higher density. The algorithm iterates over each user’s ranking and performs
strategic swaps between items in the user’s top-k and candidates outside it. To preserve
the recommendations’ integrity and avoid a complete overhaul of the personalized expe-
rience, we impose a structural constraint by setting a maximum of

⌊
k
2

⌋
swaps per user.

This means the algorithm can replace at most 50% of the original recommendations. The
swaps decision is oriented by a priority score Pi, computed as

Pi = α · G(c) + β · Ui(t) + γ · ŝui

which is composed of three fundamental pillars, each controlled by a specific hyperpa-
rameter that defines the relative importance of each objective in the final ranking: fairness
gain, temporal urgency, and relevance.

Fairness Gain (G): Focused on balancing visibility across different item categories, it
measures how much the inclusion of a specific item helps bring the category’s actual ex-
posure Ec closer to the target exposure Tc calculated for that category. The algorithm
calculates the absolute distance between the current state and the target exposure, where
the gain is positive, if inserting an item reduces this distance. Fairness weight (α) param-
eter controls the strength of the categorical exposure adjustment. A higher α pushes the
system to prioritize items from under-exposed categories, even if they have slightly lower
relevance.

Temporal Urgency (U): It is based on the lifetime Li. As time passes and the item
approaches the end of its peak of relevance, the value of Ui(t) scales from 0 to 1, elevating
items that are about to become less relevant. Urgency weight (β) is crucial in dynamic
catalogs to ensure that short-lived content receives sufficient exposure to be evaluated by
users before it expires, giving preference to items whose Ui(t) is close to 1.0
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Algorithm 1: LIFE: Lifetime-Aware Fair Exposure Reranking
1 foreach user u ∈ U do
2 Ru ← current Top-k list for user u;
3 swaps← 0;
4 while swaps <

⌊
k
2

⌋
do

5 Identify eligible item iout ∈ Ru for removal such that:
6 1. iout ∈ c where Ec > Tc

7 2. Relevance score ŝuiout < safety_threshold;
8 if no eligible iout found then
9 break

10 max_P ← −∞;
11 iin ← null;
12 foreach candidate item j /∈ Ru do

13 Calculate Urgency: Ui(t) =
{

t−tpubi

Li
, if 0 ≤ t− tpubi ≤ Li

0, otherwise
;

14 Calculate Fairness Gain: G(cj)← reduction in |Ecj − Tcj | if j is
added;

15 Calculate Priority: Pj ← αG(cj) + βUj(t) + γŝuj;
16 if Pj > max_P then
17 max_P ← Pj;
18 iin ← j;

19 Replace iout with iin in Ru;
20 Update global exposure counters Ecout and Ecin;
21 swaps← swaps+ 1;

22 return Reranked top-k lists for all users in Wt;

Relevance (ŝui): Ensures that, despite fairness and adjustments, the recommendation
remains useful for the user. It utilizes the predicted scores generated by the Matrix Fac-
torization model and represents the original intent of the pure recommendation algorithm.
Relevance weight (γ) ensures the preservation of the user experience. A high γ prevents
the framework from making aggressive swaps that would significantly decrease the per-
ceived quality of the recommendation list.

Although the priority score guides the selection of new items, the framework aims
not to pursue fairness at the expense of the user experience. To preserve some quality,
the algorithm applies constraints during the swap process: An item is only eligible for
removal if it belongs to an over-exposed category (Ec > Tc) and its relevance score is
below a safety threshold. Also every time a swap is performed, the global category expo-
sure counters are updated in real time, this ensures that fairness objectives are distributed
across the entire user base within the window.

Figure 1 illustrates by example the pipeline of the algorithm developed in our
studies. In the first module, the system starts with a set of items categorized into groups.
Each item i ∈ I carries a quality score qi and a lifetime Li, representing how much time
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1 Item Pool + Urgency

a1 10% q=0.95

a2 60% q=0.79

b1 30% q=0.82

b2 75% q=0.71

c1 45% q=0.78

Urgency Qual.
2 Time Windows

t

W1 W2 W3

A:55%
B:25%
C:20%

A:35%
B:35%
C:30%

A:15%
B:45%
C:40%

Target exposure shifts as items expire

A (overexp.)
B (underexp.)
C (underexp.)
Expired

3 Quality-Weighted Target Exposure at W2

3a. Category quality (Qg =
∑

qi)
QA = 0.95 + 0.79 = 1.74
QB = 0.82 + 0.71 = 1.53
QC = 0.78

3b. Target exposure (Tg ∝ Qg )
TA = 1.74/4.05 = 43% TB = 1.53/4.05 = 38%
TC = 0.78/4.05 = 19%

4 Reranking: priority by exposure gap & urgency

Original Top-k

a1 q=0.95

a3 q=0.88

b1 q=0.82

a2 q=0.79

a4 q=0.74

#1

#2

#3

#4

#5

A:80% B:20% C:0%

Reranker

1. Exposure gap: ∆g = Tg −Eg
2. Max |∆g| group gets priority
3. Within group: urgent items

promoted first (near expiry)
4. Remove lowest-score items

from overexposed group

TA=43% TB =38% TC =19%

Urgency filter: skip expired

input output

Reranked Top-k

a1 q=0.95

b1 q=0.82

c1 q=0.78

a3 q=0.88

b2 q=0.71

#1

#2

#3

#4

#5

A:40% B:40% C:20%

a4 removed

a2 removed

c1 promoted

b2 promoted

swap

swap

b2 prioritized: high urgency (75%) + high ∆B

Figure 1. Quality-weighted post-processing reranking with time-aware group fair-
ness.

remains before the item expires, and is a critical variable for prioritizing content about
to disappear. The framework operates across time windows, where, as time progresses,
the target exposure for each group shifts in order to account for the items present in the
window. At stage 3, we see the ideal exposure target for each group in the current window
being calculated: 3a is the sum of the individual quality scores of active items for each
group, and 3b is the exposure proportional to each group’s total quality relative to the
entire pool. The 4 step is the decision maker; the reranker takes the original top-k and
transforms it. It identifies the difference between what a group should have and what it
currently has. Underexposed groups are prioritized, and items from those groups with
low time-to-live are promoted first to ensure they get a chance to be seen by users. The
result is a reranked top-k distribution that is more similar to the expected target in that
time window.

Let At denote the set of active users within a given time window Wt, and let I ⊆ I
represent the total set of candidate items available for swapping. The computational com-
plexity of LIFE depends primarily on the number of active users per time window, the
total number of candidate items, and the maximum allowed swaps. During the rerank-
ing phase, the algorithm evaluates potential replacements for each active user, which, in
the worst-case scenario, this evaluation reaches the maximum swap limit, resulting in a
time complexity of O(|At||I|

⌊
k
2

⌋
). Since k

2
is a constant value derived from the top-k
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recommendation size, the predominant complexity is O(|At||I|) per time window.

5. Experiments and Results

This section presents the experimental evaluation of the proposed approach. We describe
the datasets and their experimental setups, the hyperparameter settings, the temporal eval-
uation protocol, and discuss the results obtained with LIFE 1.

Datasets and experimental setup

We conduct the experimental evaluation on three benchmark datasets: MovieLens
100K [Harper and Konstan 2015] and two subsets of Amazon Product Data, namely Gro-
cery and Gourmet Food and Health and Personal Care2. Each dataset was preprocessed
so that each record corresponds to a tuple containing a user, an item, a rating, and a
timestamp.

To ensure that each evaluation step contains a sufficient number of observations,
we impose a minimum density requirement of 100 active users per window. Whenever
a window does not satisfy this threshold, it is extended by incorporating the subsequent
temporal block until the minimum number of active users is reached. This adaptive pro-
cedure ensures that each evaluation window remains statistically meaningful.

Because the datasets differ in their temporal scope and interaction density, the
sliding-window configuration is adjusted for each scenario in order to better reflect a real-
world setting.

The MovieLens 100K dataset spans a short, dense time period from September
1997 to April 1998. Although it spans less than one year, it contains multiple interac-
tions on the same day. To capture user preferences over this compressed temporal range,
we use a 30-day warm-up period and a 7-day sliding window. This configuration en-
ables evaluation across a larger number of windows despite the dataset’s limited overall
duration.

In contrast, the Amazon Product Data subsets cover a much longer period, with
reviews spanning from May 1996 to July 2014. To accommodate this longitudinal scale
and ensure that each evaluation step remains statistically representative, we adopt a 180-
day warm-up period and a 30-day sliding window. Whereas MovieLens exhibits a denser,
more continuous stream of ratings, the Amazon subsets exhibit substantially sparser, more
irregular interaction patterns.

In the experimental design and categories assignment, we impose a high imbal-
ance of category distribution within each dataset. Specifically, during the random assign-
ment of categories to items in the dataset, we ensured that Category 1 received a higher
probability, resulting in significantly more information about this first category. By forc-
ing this imbalance, we can evaluate the framework´s ability to override the model’s base
popularity bias and achieve exposure fairness in line with our quality-weighted targets.

1For reproducibility purposes, the experiments are available on https://github.com/MiBC03/
life_algorithm.git

2https://jmcauley.ucsd.edu/data/amazon/
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Also, for online experimental purposes, we define Li as a random value within a specified
range.

Hyperparameter settings

To address the multi-objective aspect of our approach and facilitate the interpretation of
each component, we normalize the hyperparameters such that the weights for fairness (α),
urgency (β), and relevance (γ) sum to 1. To identify the optimal configuration and eval-
uate hyperparameter sensitivity, we conducted a grid search across all evaluated datasets,
testing weight combinations. The empirical results demonstrated that the configuration
α = 0.4, β = 0.2 and γ = 0.4 provides an ideal, balanced baseline, assigning a substan-
tial and equal weight to categorical justice and user relevance, while allocating sufficient
priority to the last chance mechanism. For our experiments, the recommendation list size
k was set to 10, which inherently defined our maximum swap limit to 5 items per user.

Temporal evaluation protocol

As the proposed approach simulates a real-world production environment in which new
interactions become available over time, the experimental protocol follows an iterative
training procedure. The model is first trained on an initial set of historical interactions
before the reranking strategy is applied. Then, for each time window Wt, the model is
retrained using the initial interaction set together with all interactions observed from W1 to
Wt−1, and subsequently evaluated on the interactions associated with the current window
Wt. At each iteration, the training and test sets remain disjoint, thereby preventing data
leakage and supporting the validity of the evaluation.

To assess the exposure fairness achieved by LIFE , we compute, for each time win-
dow, the percentage of exposure allocated to each category and then report the average
across all windows. We compare three distributions: the target exposure distribution, the
exposure induced by the baseline ranking (i.e., the raw top-k), and the exposure obtained
after reranking. Furthermore, we also calculate standard quality metrics, such as preci-
sion, recall, NDCG and MAP, to evaluate the trade-off between fairness and the ranking
utility. This allows us to verify whether the adjustments made to ensure fair exposure
compromise the relevance of the recommendations provided to the users and negatively
impact the overall user experience.

Discussion

The results of LIFE applied in the MovieLens dataset are summarized in Table 1. It has an
expected concentration of exposure in the dominant category across all ranking strategies.
Yet, it presents a distinct dynamic in its baseline ranking, where category 2 experiences
significant overexposure in the traditional, receiving 26.59% of visibility, which exceeds
its quality-based target of 19.46%. This disproportional concentration prevents the domi-
nant group from reaching its true potential, leaving it with only 57.63% despite a target of
61.23%. Furthermore, Category 3 is also underexposed in the baseline model, receiving
only 6.55% against a target of 10.10%, while Category 4 already aligns perfectly with its
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target at 9.23%. Ultimately, the re-ranking strategy corrects these imbalances, adjusting
every category to closely match its respective target by correcting the over-exposed cat-
egory 2 and redistributing its excess visibility precisely to categories 1 and 3, all while
maintaining the existing stability of category 4.

Table 1. Comparison between Target, top-k, and reranked results in MovieLens

Category Orig. Rerank Target Metric Base Drop (%)

1 57.63% 61.23% 61.23% Precision@10 0.1724 -6.07%
2 26.59% 19.78% 19.46% Recall@10 0.0915 -6.07%
3 6.55% 9.79% 10.10% NDCG@10 0.1932 -4.18%
4 9.23% 9.22% 9.22% MAP@10 0.1042 -5.41%

The Health dataset results, in Table 2, exhibit a tendency to favor the top groups in
the baseline ranking. Despite that, category 2 is slightly overexposed at 24.57% against
its 21.59% target. Consequently, the smaller groups are suppressed. Category 3 has
visibility of only 7.53%, falling short of its 9.98% target, and category 4 is similarly
at 7.01%, below its 9.08% expected exposure. The reranking algorithm adapts to these
irregularities, curbing the overrepresentation by reducing category 1 to 58.81%, which is
slightly below its target, and pulling category 2 down to a much more balanced 22.48%.
Meanwhile, the suppressed categories experience a crucial recovery.

Table 2. Comparison between Target, top-k, and reranked results in Amazon
Health and Personal Care

Category Orig. Rerank Target Metric Base Drop (%)

1 60.88% 58.81% 59.36% Precision@10 0.0102 -8.00%
2 24.57% 22.48% 21.59% Recall@10 0.0618 -8.79%
3 7.53% 9.61% 9.98% NDCG@10 0.0358 -6.08%
4 7.01% 9.09% 9.08% MAP@10 0.0240 -4.59%

Table 3 contains the results of LIFE for the Grocery dataset. It reveals an imbal-
ance in the baseline ranking, primarily by the dominant group. In this execution, category
1 is significantly overexposed, capturing 62.88% of the visibility compared to its 59.82%
merit. This over-concentration leads to an under-exposure for all the remaining groups.
Category 4 has visibility of 9.37%, below its 10.36% target, and category 2 is suppressed
to 17.13%, falling short of its 18.89% expected exposure. Our method addresses this
disparity by redistributing the excess of exposure from category 1 to where it is needed.
Consequently, category 4 is elevated to 10.66%, slightly surpassing its target. Similarly,
category 2 rises from its initial 17.13% to a stable 18.54%, significantly closer to its ex-
pected quality, and category 3 receives a proportional boost, reaching 11.12%. With that,
the algorithm demonstrates its ability to identify multi-layered exposure biases and reallo-
cate visibility from multiple over-represented classes directly to the most starved groups.

Analyzing the impact of the re-ranking algorithm shows the expected trade-off be-
tween fairness and accuracy in recommender systems. By redistributing exposure toward
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Table 3. Comparison between Target, top-k, and reranked results in Amazon
Grocery and Gourmet Food

Category Orig. Rerank Target Metric Base Drop (%)

1 62.88% 59.68% 59.82% Precision@10 0.0089 -7.41%
2 17.13% 18.54% 18.89% Recall@10 0.0633 -7.41%
3 10.63% 11.12% 10.93% NDCG@10 0.0358 -5.13%
4 9.37% 10.66% 10.36% MAP@10 0.0245 -3.52%

underrepresented categories, the method inevitably introduces some loss in traditional rec-
ommendation metrics. The magnitude of the trade-off varies across datasets, with some
domains showing greater sensitivity to ranking modifications than others. Nevertheless,
the proposed approach reduces exposure imbalance and increases the visibility of disad-
vantaged categories. Overall, the experiments demonstrate that the re-ranking strategy
balances recommendation utility and exposure fairness, achieving meaningful fairness
gains.

6. Conclusion

We propose LIFE , a post-processing approach that addresses the fairness of exposure in
recommendation systems for items with limited lifetimes. We propose that ideally, the at-
tention allocated to items should be proportional to relevance within the overall set. How-
ever, for time-sensitive items, failing to expose them during their peak relevance window
results in a loss of utility. We apply a “last chance” mechanism that elevates the exposure
priority of items approaching the end of their lifespan, ensuring they reach users before
they lose their peak relevance. As a result, the system balances user relevance, provider
fairness, and item urgency by proportionally estimating quality over a sliding time win-
dow. We compare our approach against a Matrix Factorization baseline in scenarios that
simulate a chronological real-world data flow. We empirically demonstrate that the LIFE
reranking strategy corrects exposure imbalances with high precision, achieving alignment
with quality-based targets without compromising the integrity of the personalized user
experience.

Moving forward, we aim to replace randomized lifetime variables (Li) with real-
world temporal data, such as product expiry dates or the shelf-life of news articles, to
enhance model accuracy. Furthermore, replacing the synthetic category assignments used
to create imbalance in this study with authentic item taxonomies or provider-level group-
ings would enable a more robust evaluation of the framework’s effectiveness in real-world
scenarios.
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