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Abstract 

The recommendation algorithm suggests products to users, improving their experi-

ence, however, it encounters a challenge of insufficient diversity in the recommended 

results. This paper proposes Product Path and Time decay enhanced Product-based 

Neural Network recommendation algorithm. Firstly, establishes three types of product 

paths: User Purchase History Path, Product Similarity Calculation Path, and Product 

Bundles Path, integrates them to form a comprehensive product relation network, 

thereby enhancing the diversity of the recommended results. Then, a time decay 

function is introduced to further improve recommendation accuracy of the recom-

mended products. Finally, fuses the product path and time decay function as a new 

R component to the Product layer of the PNN model. Experimental results show that 

the Product Path and Time decay enhanced PNN model improves the AUC from 

0.8605 to 0.8772 and reduces the cross-entropy loss from 0.2228 to 0.2155. Mean-

while, the intra-list diversity (ILD) increases from 0.8581 to 0.8832, and the entropy 

rises from 4.15 to 4.74, demonstrating superiority over the standard PNN model in 

both accuracy and recommendation diversity.

Introduction

With the exponential growth of information, recommendation algorithms have 
become essential for filtering vast amounts of data and improving user experience. 
While these algorithms excel in delivering accurate recommendations, they often lack 
diversity. A significant limitation arises in e-commerce platforms when recommenda-
tions fail to adequately capture relationships between previously purchased products 
and new potential purchases, resulting in redundant suggestions from similar product 
categories.

In recent years, the integration of deep learning into recommendation systems 
has markedly advanced predictive accuracy. For instance, Liu et al. [1] combined 
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collaborative filtering with genetic algorithms to enhance multi-attribute service 
recommendations in manufacturing, demonstrating how hybrid models can address 
complex preference structures. Similarly, Jia et al. [2] employed attention-based 
convolutional networks for recipe recommendation, further highlighting the effec-
tiveness of deep neural models. Comprehensive reviews such as Da’u and Salim 
[3] confirm that deep learning has become foundational in modern recommender 
systems.

Beyond accuracy, knowledge graph-based methods have been proposed to 
improve the diversity and interpretability of recommendations. Guo et al. [4] and Liu 
et al. [5] reviewed a range of graph-enhanced models that contextualize item rela-
tions, while more recent efforts (e.g., Liang et al. [6]; Cai et al. [7]) propose graph 
attention and explicable paths to reveal item-item semantics and promote diversified 
outputs.

Recent studies have shown that incorporating time decay functions—such as lin-
ear, exponential, or power decay—can significantly improve recommendation accu-
racy by assigning higher weight to recent user interactions [8,9]. While product path 
strategies—such as browsing patterns and co-purchase trajectories—are useful for 
modeling item relationships, most existing approaches treat temporal dynamics and 
product structures independently. This separation limits the ability of recommender 
models to capture the dynamic and multifaceted nature of user preferences in real-
world scenarios. Bridging this gap remains essential for achieving a robust balance 
between accuracy and diversity.

While product path strategies—such as browsing patterns and co-purchase 
trajectories—have demonstrated utility in capturing structural relationships between 
items, they are often modeled independently of temporal factors. Likewise, time 
decay mechanisms have been employed to reflect evolving user preferences but 
rarely in tandem with structured product relations. The separation of these two 
dimensions limits the ability of recommendation models to capture the nuanced, 
dynamic nature of real-world decision-making. This disjoint modeling hinders 
systems from achieving a robust balance between accuracy and diversity, both of 
which are recognized as important properties for modern recommender systems in 
real-world applications.

In this work, we propose a Product Path and Time decay enhanced Product-based 
Neural Network, which simultaneously improves both the diversity and accuracy of 
recommendations, as illustrated in Fig 1. The key innovations of our approach are as 
follows:

1.	The addition of an R component to the Product Layer of PNN [10,11], allowing 
the model to fuse both the product paths and the temporal dynamics, leading to 
increased diversity and precision of the recommendations.

2.	Construction of three product paths: (i) User Purchase History Path, (ii) Product 
Similarity Calculation Path, and (iii) Product Bundles Path. By integrating these 
paths, our model captures a broader range of relationships, leading to more 
diverse recommendations.
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3.	 Integration of a time decay function, which establishes a dynamic time threshold for filtering outdated product recom-
mendations, ensuring that accurate and relevant items are suggested.

Related work

Traditional recommendation algorithm

The current recommendation algorithm methods are mainly divided into four categories [12]: content-based [13], collab-
orative filtering, knowledge-based [7], and hybrid systems [3,14]. Then the traditional recommendation algorithms typi-
cally rely on simple rules for recommendations, and the results are easily interpretable. With the growing need to capture 
temporal and contextual factors, context-aware collaborative filtering methods—such as those incorporating time, location, 
and device information—have been introduced to refine user similarity measures and improve recommendation relevance 
[15]. They also have relatively low data requirements and can effectively recommend on smaller datasets [16]. Collab-
orative filtering [1,17], as one of the classic recommendation algorithms [12,18], primarily recommends items of interest 
to users based on groups with similar tastes. However, for products, different users may provide varied feedback on the 
same item, yet the recommendation outcomes remain the same. Therefore, a collaborative filtering recommendation 
algorithm based on user correlation and evolutionary clustering has been proposed [19]. This algorithm incorporates an 
evolutionary clustering model into the collaborative filtering framework, which can better uncover similarities among users 

Fig 1.  Schematic of Product Path and Time decay enhanced PNN.

https://doi.org/10.1371/journal.pone.0343638.g001
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and community structures, thereby enhancing recommendation accuracy. By selecting the most similar neighbors within 
each user group to predict ratings, the algorithm ensures the diversity and personalization of the recommendation results.

With the rapid development of internet technology, recommendation algorithms have made significant progress. From 
the initial collaborative filtering [20] to later technologies such as GBDT [21], factorization machines [22], and deep learning, 
various models have emerged, covering a wide range of application scenarios. Moreover, session-based and sequential 
recommendation techniques using Markov chains or recurrent models have been explored to model the dynamic evolution 
of user interests over time. Despite the somewhat antiquated nature of traditional recommendation methods and the recent 
efforts by scholars to integrate traditional recommendation algorithms with deep learning, models like collaborative filtering 
[20], logistic regression [23], factorization methods [24], with their high interpretability and the advantages of quick training 
and deployment, continue to be applicable in many scenarios. They are also widely used as auxiliary models in conjunction 
with deep learning recommendation models. No single recommendation algorithm model reigns supreme, and understand-
ing the strengths and weaknesses of each model, as well as how to flexibly apply them in different business environments, 
is crucial. However, most traditional algorithms do not fully capture the temporal evolution of user interests.

Deep learning-based recommendation algorithms

With the development of deep learning, traditional recommendation algorithms have undergone significant changes. 
Increasingly, researchers are striving to integrate deep learning into recommendation algorithms within the realm of 
recommender systems [25–29]. The PNN is a neural network model that adopts a feature extractor to explore feature 
interactions [10,11]. The core idea of the PNN model is to cross-mix features of various combinations, constructing a 
deeper learning network model. The PNN model places greater emphasis on diverse cross-combination methods between 
features. The inner product and outer product operations in the PNN model are more targeted than the indiscriminate pro-
cessing approach of fully connected layers, enabling the PNN model to more effectively obtain interleaved data informa-
tion from features. Reference [2] combined collaborative filtering algorithm with deep learning, presenting an  
Attention-based Convolutional Neural Network (ACNN) built upon the mechanism of attention. Reference [30] proposes a 
deep learning-based recommendation algorithm designed to address information overload while enhancing the accuracy 
of recommendation results. The algorithm leverages multi-criteria ratings to reflect various aspects of user preferences 
and employs a deep autoencoder to learn non-linear and latent relationships, thereby generating more precise recom-
mendations. More recently, sequence-aware and transformer-based models—such as SASRec and BERT4Rec—have 
shown strong performance in capturing long-term dependencies in user behavior. Graph neural network approaches, 
including non-sampling KG-enhanced recommenders [6] and position- and time-aware graph convolutional networks [31], 
further enrich representation learning by modeling high-order connectivity among users and items. These advances have 
pushed the frontier of deep recommendation towards better handling of sparse data, cold-start issues, and explainability. 
While these deep models enable complex feature interactions, most still lack explicit temporal decay modeling, motivating 
more time-aware solutions.

Recommendation algorithm based on knowledge graph

In recent years, the wealth of information within knowledge graphs [4,31,32] has garnered significant attention. As an 
emerging technology, knowledge graphs serve as a vital link, connecting a vast array of intricate information and knowl-
edge, thereby constructing a comprehensive knowledge system [33]. Recent studies have further leveraged graph 
attention networks (GAT) over knowledge graphs to selectively propagate user-item interactions and entity relations, 
yielding more interpretable and accurate recommendations [5,32]. Utilizing graph database technology [34,35], knowl-
edge graphs facilitate the depiction of complex relationships between entities, empowering machine learning systems 
to achieve deeper and more accurate data understanding. The strength of knowledge graphs [36,37] lies in structuring 
a large amount of complex information and knowledge, making it easier to manage and utilize [38,39]. Additionally, 
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optimization techniques inspired by natural behavior, such as Grey Wolf or Greylag Goose algorithms, have been shown 
effective in improving knowledge graph-based structure learning and hyperparameter search under large-scale heteroge-
neous settings [35]. A knowledge graph-based recommendation algorithm is an approach that utilizes knowledge graphs 
to build recommendation systems [5]. It associates users’ historical behavior with information such as entities and attri-
butes in the knowledge graph, achieving more precise recommendations. Knowledge graphs provide numerous nodes, 
triples and edges [40], offering better insights into users’ interests and needs for more accurate recommendations. 
Additionally, knowledge graphs can build associated knowledge bases, enabling knowledge inference to help recommen-
dation algorithms more accurately identify users’ interests and needs, thus achieving more precise recommendations. 
This way, a connection is established between recommendation information and the knowledge graph. Behavior path 
collaborative filtering recommendation algorithms based on knowledge graphs efficiently recommend across multiple 
dimensions, achieving comprehensive utilization of data and diversity in recommendations [41]. A novel end-to-end rec-
ommendation scenario [42] is presented which jointly learns the collaborative signal and knowledge graph context. The 
knowledge graph is utilized to provide supplementary information in the recommendation scenario. To have personalized 
recommendation for each user, user-specific attention mechanism is also utilized.However, most knowledge-graph-
based recommenders focus on static relationships and rarely account for the temporal dynamics of user preferences.

Time decay mechanisms in recommendation

Time decay mechanisms recommendation have emerged as a critical research direction for modeling the dynamic evolu-
tion of user preferences. Incorporating temporal information allows recommender systems to prioritize recent user behav-
iors and adapt to changing interests. Various forms of time decay functions—such as linear, exponential, logarithmic, and 
power decay—have been widely adopted to weight user interactions according to recency [8,9,43,44]. For example, the 
TD-CF model [9] leverages the human memory forgetting curve to design a time decay function, thereby effectively inte-
grating both short-term and long-term user interests. Similarly, exponential and power decay functions have been incorpo-
rated into matrix factorization and deep neural network frameworks to enhance prediction accuracy, as demonstrated in 
recent works [8,44]. Comparative studies confirm that models with appropriate temporal weighting outperform their static 
counterparts across diverse domains, including e-commerce and educational resource recommendation [43,45].

In addition to user-item interactions, recent research has emphasized the importance of integrating temporal dynam-
ics with structural or path-based models. For instance, time decay vectors have been applied within heterogeneous 
graph frameworks to mitigate issues such as over-weighting older nodes and to improve the diversity and relevance of 
recommendations [46]. However, many existing approaches still treat temporal factors and structural relationships inde-
pendently, limiting their ability to fully capture the complexity of real-world decision-making. Bridging this gap by jointly 
modeling time decay and structured product or information paths is a promising direction, as it may lead to more robust, 
accurate, and diverse recommendation outcomes.Bridging this gap by jointly modeling time decay and structured product 
or information paths is a promising direction, as pursued in this work.

Methods

PNN model

The PNN [10] is a deep learning model designed for recommendation systems. It enhances feature interactions by intro-
ducing a Product Layer that models pairwise feature interactions via inner or outer products, thereby improving predictive 
performance. PNN also possesses structural advantages that make it suitable for both classification and regression tasks.

A key component of the PNN model is the Product Layer, which organizes feature interactions in a structured manner. 
The input consists of embedding vectors from N feature fields, producing two output vectors: the linear feature representa-
tion ( lz) and the cross-product interaction representation ( lp). These are computed as:
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	 lnz =W
n
z ⊙ z, lnp =W

n
p ⊙ p	 (1)

where Wn
z and Wn

p are the learnable weights of the Product Layer, z denotes the concatenated embeddings across all 
feature fields, and p represents the pairwise interaction terms between embedding vectors.

The linear component lz processes continuous-valued features, including product attributes, path-based relational 
embeddings, and time decay scores. It outputs a D1-dimensional vector, where each element is computed as:

	 lnz =
N∑
i=1

M∑
j=1

(Wn
z)i,jzi,j	 (2)

The interaction component lp encodes discrete categorical features such as product ID, category, and brand. Its elements 
are computed via:

	 lnp =
N∑
i=1

M∑
j=1

(Wn
p)i,jpi,j	 (3)

This interaction mechanism can be instantiated as either an Inner Product-based Neural Network (IPNN) or an Outer 
Product-based Neural Network (OPNN). IPNN uses inner products to capture feature interactions compactly, while OPNN 
leverages outer products for richer cross-feature modeling. As outer products lead to higher dimensional outputs, dimen-
sionality reduction techniques such as pooling are typically applied to ensure computational tractability.

A notable strength of the PNN architecture lies in its ability to handle high sparsity and long-tail interaction distributions, 
which are prevalent in recommendation datasets. By modeling feature interactions within a low-dimensional latent space, 
PNN avoids reliance on high-dimensional feature co-occurrence matrices that are prone to noise under sparse super-
vision. Its factorized interaction structure enables generalization beyond directly observed user–item pairs, allowing the 
model to effectively capture relationships for infrequent or cold-start items. These properties make PNN particularly robust 
and applicable in sparse recommendation scenarios with skewed activity distributions.

Product path and time decay enhanced product-based neural network model

We extend the traditional PNN architecture by embedding a novel R component designed to capture synergistic inter-
actions between product structural relationships and temporal user behavior (Fig 2). This component enriches feature 
interactions with temporal and path-based context via the following steps:

1.	Joint Representation: For each product pair (i, j), compute

	 ri,j = S
i,j
total × f

(
|t0 – tu,i|

)
,	 (4)

where Si,jtotal denotes the integrated score between items i and j derived from all product paths via a learnable weighted 
fusion (see below for its detailed computation). f(·) is the time decay function that adjusts the influence of this similarity 
based on interaction recency (see section “Time dacay function” for the definition of the decay function).

2.	Weighted Projection: Project the matrix r ∈ RN×M into a D1-dimensional vector lr using a dedicated weight tensor 
Wr ∈ RD1×N×M :

	 lnr =
N∑
i=1

M∑
j=1

(Wn
r )i,j ri,j, n = 1, . . . ,D1.	 (5)
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3.	Feature Fusion: Concatenate lr with the static interaction vectors lz and lp from the Z and P components:

	 lprod = [ lz; lp; lr ],	 (6)

and feed lprod into the subsequent fully connected L1 layer.
This integration enables the model to dynamically weight recent, path-relevant interactions alongside traditional feature 

crosses. During training, Wr  is learned during model training, while the decay factor α in f(·) is set based on domain knowl-
edge and remains fixed during training to minimize the binary cross-entropy loss, ensuring the R component’s represen-
tations align with overall recommendation objectives. This joint formulation ensures that only semantically related items 
with recent user interactions receive strong emphasis, thereby enhancing the model’s ability to capture both diversity 
(through paths) and precision (through recency). For instance, if a user recently viewed or purchased certain products, the 
integrated R component will emphasize recommendations of items closely related to these recent interactions, effectively 
balancing between short-term user interests and long-term preferences to enhance both recommendation diversity and 
accuracy.

Establishment of product paths

Constructing effective comprehensive product paths is fundamental to personalized recommendation systems, as it 
enables a refined analysis of user preferences and product relationships. In this study, we leverage three complementary 
datasets—the User Purchase History Table, the Product Information Table, and the Product Bundles Table to establish 
a robust foundation for recommendation generation. A systematic, three-pronged approach is employed to construct 
these paths: analyzing user purchase behavior, computing product similarity based on textual features, and incorporating 
merchant-defined product bundles. By employing these three types of product paths—behavioral (user purchase history), 

Fig 2.  Schematic diagram of Product Path and Time decay enhanced Product-based Neural Network model structure.

https://doi.org/10.1371/journal.pone.0343638.g002

https://doi.org/10.1371/journal.pone.0343638.g002
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content-based (product similarity), and domain-expert (product bundles)—we ensure that the model captures complemen-
tary, non-redundant relationships between items (see Fig 3). This design enables the model to leverage diverse sources 
of relational knowledge, leading to more accurate and diverse recommendations. Detailed construction methods for each 
path are provided below.

User purchase history path.  The User Purchase History Path identifies complementary item relationships by 
analyzing co-purchased items within the same transaction. For example, in Fig 3, for the T-shirt A, we retrieve all users 
who purchased T-shirt A and their transaction timestamps, then extract other items (Jacket A, Sweater A, Jeans A, 
etc.) bought by the same users on the same day, excluding items from the same category as T-shirt A. Two metrics 
are computed: (1) fmp, the co-purchase frequency of T-shirt A and another item X within the same transaction, and (2) 
fcm, the cross-category co-occurrence frequency between the categories of T-shirt A and X. The relevance score S is 
defined as:

	 S = fmp ln(1 + fcm)	 (7)

The natural logarithm is employed in this formulation to compress the range of fcm, thereby mitigating the potential over-
emphasis of items with very high cross-category co-occurrence frequencies. This transformation embodies the principle 
of diminishing returns: initial increases in fcm contribute substantially to the relevance score, but subsequent increases 
yield a reduced incremental effect. This ensures that the score remains balanced, effectively integrating both intra-session 
co-purchase patterns and inter-category affinities. Additionally, the term ln(1 + fcm) remains well-defined even when fcm 
equals zero.

Fig 3.  Schematic of product path construction.

https://doi.org/10.1371/journal.pone.0343638.g003

https://doi.org/10.1371/journal.pone.0343638.g003
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Product similarity path.  The Product Similarity Path models semantic relationships between products based on 
shared content attributes, enabling recommendations grounded in intrinsic item similarity. This path is constructed from 
textual features extracted from product descriptions.

As illustrated in Fig 3, T-shirt A and T-shirt B have similar product descriptions (e.g., “cotton”, “casual wear”), while 
T-shirt A and Jeans A exhibit weaker attribute similarity due to category differences. We compute similarity scores using a 
combination of TF-IDF weighting and cosine similarity.

For a term t in document Di, the term frequency is defined as:

	 TF =
count(t)
|Di|

	 (8)

where |Di| denotes the total number of terms in Di. The inverse document frequency is calculated as:

	 IDF = log

(
N

1 +
∑N

k=1 I(t,Dk)

)
	 (9)

where N is the number of products and I(t,Dk) is an indicator function denoting the presence of term t in Dk. The final 
TF-IDF representation is given by:

	 TF-IDFt,Di = TF× IDF	 (10)

Each product is represented as a sparse TF-IDF vector, and pairwise cosine similarity is computed to quantify textual simi-
larity between items.

To avoid excessive reinforcement of highly similar items within the same category, we filter out same-category product 
pairs (e.g., “T-shirt A” and “T-shirt B”) and prioritize cross-category similarities (e.g., “T-shirt A” and “Jeans A”). This strat-
egy encourages cross-category discovery and alleviates popularity bias, leading to improved recommendation diversity 
while preserving semantic relevance.

It should be noted that the Product Similarity Path models attribute-level semantic relatedness only, and is not intended 
to capture complementary purchasing patterns or marketing strategies, which are explicitly modeled by the Product Bun-
dles Path.

Product bundles path.  The Product Bundles Path captures merchant-defined relationships derived from curated 
product bundles, reflecting domain knowledge and marketing strategies in retail environments. Unlike behavior-based or 
similarity-based paths, bundle associations encode complementary usage and cross-selling intentions that may not be 
observable from user interactions or product descriptions alone.

Unlike similarity signals, bundle relations are not treated as semantic proximities between items. Instead, they repre-
sent an independent relational source that reflects expert knowledge about complementary consumption patterns.

To model bundle coherence in a principled manner, we quantify association strength using bundle co-occurrence statis-
tics. For each item pair (i, j), a normalized bundle-based association score is computed as:

	
cij =

|Bi ∩ Bj|
|Bi| 	 (11)

where Bi  denotes the set of bundles containing item i. This metric estimates how frequently item j appears together with 
item i across curated bundles, normalized by the popularity of i within bundles.

To eliminate weak or spurious relations, we apply a threshold-based filtering strategy:
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	 Rbundle = {(i, j) | cij ≥ τ }	 (12)

where τ controls bundle coherence quality. Item pairs whose scores fall below τ are excluded from further modeling to 
avoid introducing noisy bundle relations.

This thresholding approach follows common practices in co-occurrence-based modeling and bundle-aware recommen-
dation systems, ensuring that only strong bundle associations contribute to the relation graph [47,48].

The retained associations are encoded as a bundle-specific embedding Sbundle and passed to the unified Product Path 
representation:

	 Sbundle ∈ {Si}	 (13)

serving as an independent domain-informed relation source during path fusion.
Product path.  The Product Path is a unified representation that integrates three sources of relational information: user 

purchase history, product similarity, and product bundles. Each path generates a dense embedding vector Si , encoding 
distinct aspects of item relationships (see Fig 3). All path embeddings are projected into a shared d-dimensional latent 
space (d = 16 in our experiments) through trainable linear layers and are optimized jointly with other model parameters 
using binary cross-entropy loss. To obtain the final similarity score for each item pair, these embeddings are fused through 
a learnable weighted aggregation:

	 Stotal =
∑

(wi × Si)	 (14)

where wi are path-specific weights initialized from domain knowledge and further optimized during training. The weights 
are learned via backpropagation jointly with all other model parameters using binary cross-entropy loss, without explicit 
normalization or hard constraints. This weighted fusion, functionally analogous to an attention mechanism, enables the 
model to adaptively balance the contribution of heterogeneous relational sources. Importantly, different paths are not 
forced into a single similarity interpretation, but are instead combined through data-driven optimization to preserve their 
distinct semantic roles.

In the complete model, the integrated similarity Stotal is further modulated by the time decay function to yield the final 
relational signal. This signal is fed into the novel R component within our PNN product layer, whose output ( lr) is concate-
nated with the PNN’s original linear ( lz) and cross-product ( lp) features to form the input for the final prediction layers. By 
integrating multi-path and temporal signals in this manner, our model jointly captures diverse, adaptive, and timely item 
relationships, enhancing both recommendation accuracy and diversity.

Time decay function

To accurately reflect the dynamic evolution of user preferences in recommendation, we introduce a time decay function 
that modulates the overall influence of past interactions after integrating multi-path relational information. This mechanism 
ensures that recent behaviors exert more influence, while outdated actions are gradually down-weighted, thereby aligning 
recommendations with users’ current interests.

Specifically, after fusing all product path information into the integrated similarity score Stotal, we apply a time decay 
function f(·) based on interaction recency:

	
f
(∣∣t0 – tui

∣∣) = 1
1 + α

∣∣t0 – tui
∣∣
	 (15)

where t0 is the current timestamp, tui  denotes the timestamp of user u’s interaction with item i, and α is the decay factor 
controlling how rapidly past behaviors lose influence.
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This design ensures that all relational signals from different paths are first fused into Stotal, and only then modulated by 
recency. In this way, the recommendation fully leverages multi-path knowledge while dynamically adapting to users’ latest 
behaviors.

We select α based on domain knowledge and the statistical characteristics of our dataset, which includes both 
short-lifecycle (e.g., fashion, trending goods) and long-lifecycle (e.g., books, furniture) product categories (see Table 1). 
For short-lifecycle items, a higher α ensures that only recent actions remain highly influential; for durable goods, a smaller 
α allows longer-term preferences to persist in the recommendation. This product-type-sensitive strategy is illustrated in 
Fig 4: higher α leads to rapid decay suitable for fast-changing categories, while lower α better preserves stable, long-term 
interests.

Unlike methods that learn the decay rate, we fix α per product type to avoid overfitting and reduce model complexity. In 
practice, we set α according to product lifecycle analysis on our large-scale dataset (over 1.1M users, 460K items, and a 
1-year time span), as described in the Dataset Description.
Comparison with Exponential Decay: While exponential decay (e–λt ) is widely used, we adopt a rational function to 
provide smoother attenuation and better control over the influence of moderately old interactions. Our formulation allows 
for finer adjustment between short- and long-term effects, and its effectiveness in recommendation systems has been 
supported by prior work demonstrating the benefits of time decay functions for capturing user interest drift and improving 
recommendation performance [9].
Integration with Path Fusion: The time decay function is applied to Stotal after the fusion of path-specific embeddings, 
ensuring that both the fusion and the final recommendation remain sensitive to recency and temporal dynamics. This 
design is especially important given our dataset’s diversity in product lifecycles and the observed patterns of user repeat 
behavior.

Experimental verification

Dataset description

The experiments in this paper are conducted on a large-scale e-commerce dataset derived from Alibaba’s open platform 
[49], which includes three relational tables: user purchase history, product information, and product bundles. After rigorous 
preprocessing, the final dataset comprises over 1.1 million users, 460,000 items, and 281 product categories, with more 

Table 1.  Key statistics of the experimental dataset.

Statistic Value

Number of users 1,103,702

Number of items 462,008

Number of categories 281

Number of interactions 13,611,038

Sparsity (%) 99.9973

Avg. actions per user 12.33

Median actions per user 10

Max actions per user 4,807

Avg. actions per item 29.46

Median actions per item 9

Max actions per item 18,318

Cold-start user ratio (%) 0.49

Cold-start item ratio (%) 4.24

Time span 1 year

https://doi.org/10.1371/journal.pone.0343638.t001

https://doi.org/10.1371/journal.pone.0343638.t001
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than 13.6 million user-item interactions recorded over the span of one year. Key statistics of the dataset are summarized 
in Table 1.

To assess category diversity and coverage, we analyze the distribution of product categories. Fig 5 presents the cumu-
lative coverage of the top-N product categories, showing that the top 10 and 20 categories account for approximately 56% 
and 80% of all products, respectively. Fig 6 further illustrates the long-tail distribution of categories, with a large number of 
tail categories containing relatively few products. This confirms that the dataset exhibits both significant category diversity 
and a realistic long-tail property, making it well-suited for evaluating recommendation accuracy and diversity.

To simulate real-world recommendation scenarios and maintain temporal causality, we adopt a temporal split: the first 
80% of interactions (chronologically) are used for training, the next 10% for validation, and the final 10% for testing, follow-
ing the protocol described in Qu et al. [11].

These comprehensive statistics and visualizations demonstrate that the dataset is large-scale, sparse, and diverse, 
providing a solid foundation for evaluating recommendation models in realistic environments.

Training protocol and hyperparameter configuration

All models are implemented using PyTorch and trained on a single NVIDIA RTX 3090 GPU. All hyperparameters are 
selected via grid search on the validation set to ensure fair comparison and reproducibility across model variants, as sum-
marized in Table 2. For certain baseline models, several hyperparameter settings are initialized by following the original 
PNN implementation [11].

To mitigate overfitting under the extreme sparsity of the dataset, multiple regularization strategies are employed in 
model training. Specifically, dropout with a rate of 0.5 is applied to fully connected layers, and L2 weight decay (1× 10–6)  
is added to all trainable parameters. In addition, early stopping is used based on validation AUC, and training is terminated  
if no improvement is observed within ten consecutive epochs. Hyperparameters are selected through grid search on the 

Fig 4.  Time decay for different product lifecycles. Higher α causes faster decay, suitable for trend-sensitive goods; lower α retains long-term influ-
ence for stable-interest domains.

https://doi.org/10.1371/journal.pone.0343638.g004

https://doi.org/10.1371/journal.pone.0343638.g004
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validation set to ensure stable optimization and generalization across all compared methods. These design choices collec-
tively control model complexity and improve robustness in highly sparse recommendation environments.

Evaluation metrics

To comprehensively assess model performance, we report both accuracy and diversity metrics. Accuracy is evaluated 
by the Area Under the ROC Curve (AUC) and cross-entropy loss, as widely adopted in recommendation literature. In 
addition, to reflect the core goal of our method—enhancing recommendation diversity—we introduce two non-accuracy 
metrics: Intra-List Diversity (ILD) and Entropy.

Fig 5.  Cumulative coverage of top-N product categories. The top 10 and 20 categories cover 56.0% and 79.8% of all products, respectively.

https://doi.org/10.1371/journal.pone.0343638.g005

Fig 6.  Long-tail distribution of all product categories (logarithmic scale).

https://doi.org/10.1371/journal.pone.0343638.g006

https://doi.org/10.1371/journal.pone.0343638.g005
https://doi.org/10.1371/journal.pone.0343638.g006
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AUC (Area Under the ROC Curve): AUC measures the ranking performance of the model for binary classification, 
reflecting how well positive samples are ranked above negative ones. It is widely used in recommendation tasks to eval-
uate click prediction or purchase likelihood. The higher the AUC, the better the model distinguishes between positive and 
negative instances.

	
AUC =

Number of correctly ranked positive-negative pairs
Total number of positive-negative pairs 	 (16)

ILD (Intra-List Diversity): ILD quantifies the average pairwise dissimilarity among items in a user’s recommendation list, 
indicating how diverse the recommended items are. For a recommendation list Lu  of length K:

	
ILD(Lu) =

2
K(K – 1)

∑
1≤a<b≤K

(1 – sim(ia, ib))
	 (17)

where sim(ia, ib) is a similarity metric (e.g., category match or cosine similarity).
Entropy: Entropy measures the distribution of recommended item categories across users, with higher values indicating 
greater diversity:

	
Entropy = –

∑
c∈C

pc log pc
	 (18)

where pc is the proportion of recommended items belonging to category c.

Ablation experiment

Impact and statistical significance of product paths and time decay.  To further assess the impact of incorporating 
product paths and the time decay function, we conducted ablation experiments using three different models: the baseline 
PNN, PNN with product paths, and the Product Path and Time Decay enhanced PNN. Evaluation metrics include AUC, 
cross-entropy loss, intra-list diversity (ILD), and entropy, as summarized in Table 3. Higher ILD and entropy indicate 
greater intra-list and global diversity, respectively.

Table 3 comprehensively compares the performance of the baseline PNN, PNN with product paths, and the full Product 
Path and Time Decay enhanced PNN across both accuracy and diversity metrics.

Table 2.  Model and training hyperparameter configuration.

Parameter Setting

Embedding dimension 16 (all categorical features)

Hidden layers 2 layers (256, 128 units), ReLU activation

Dropout rate 0.5

Optimizer Adam (β1 = 0.9, β2 = 0.999)

Loss function Binary cross-entropy

Learning rate (grid search) {1× 10–4, 5× 10–4, 1× 10–3, 5× 10–3}

Batch size 1024

L2 weight decay 1× 10–6

Early stopping Stop if validation AUC does not improve after 3 
epochs

https://doi.org/10.1371/journal.pone.0343638.t002

https://doi.org/10.1371/journal.pone.0343638.t002
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Integrating product paths into the PNN consistently improves AUC (from 0.8605 to 0.8691) and lowers loss (from 
0.2228 to 0.2173), confirming the benefit of incorporating structured relational information. The introduction of the time 
decay component provides further improvements, achieving the highest AUC (0.8772) and lowest loss (0.2155).

From a diversity perspective, ILD and entropy also exhibit a clear upward trend. ILD increases from 0.8581 in the base-
line PNN to 0.8727 with product paths, and further to 0.8832 with the addition of time decay, indicating the recommenda-
tions are becoming less redundant and more diverse. Entropy rises from 4.15 to 4.74, then maintains at 4.72, suggesting 
that the recommended items are spread across a wider range of categories, rather than being clustered in a few popular 
types.

To evaluate the reliability and consistency of these performance improvements, we conducted repeated training runs 
(five times per model using different random seeds) under identical settings. Figs 7 and 8 report the mean performance 
along with the corresponding standard deviations. The consistent improvement trends observed across runs indicate that 
the observed gains are stable and not caused by random initialization effects.

Fine-grained analysis of recommendation diversity via product path.  In this experiment, we randomly selected 
purchase records from 10,000 users and recommended 100 products to each user. For each user, we calculated the 
number of unique product categories among their recommended items. The distribution of these category counts is 
visualized in Fig 9 (with product paths) and Fig 10 (without product paths).

As illustrated in Fig 9, incorporating product paths substantially broadens the diversity of recommendations for most 
users: the number of unique recommended categories per user is typically distributed between 10 and 20, reaching up to 
33 in some cases, with an average of 11.211. In contrast, Fig 10 shows that without product paths, this number is concen-
trated between 0 and 10, averaging only 7.328, and very rarely exceeding 40 due to outlier effects.

Table 3.  AUC, Loss, ILD, and Entropy for PNN, PNN with Product Paths, and Product Path and Time Decay enhanced PNN.

Model AUC Loss ILD Entropy

PNN Product Path Time Decay

✓ 0.8605 0.2228 0.8581 4.1502

✓ ✓ 0.8691 0.2173 0.8727 4.7439

✓ ✓ ✓ 0.8772 0.2155 0.8832 4.7432

https://doi.org/10.1371/journal.pone.0343638.t003

Fig 7.  AUC across models with error bars (± std) from five independent runs.

https://doi.org/10.1371/journal.pone.0343638.g007

https://doi.org/10.1371/journal.pone.0343638.t003
https://doi.org/10.1371/journal.pone.0343638.g007
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These results provide a visual, user-level confirmation of the effectiveness of product path modeling. The majority of 
users benefit from increased diversity in their recommendations, supporting and complementing the aggregate improve-
ments observed in ILD and entropy. Additionally, the scatter plots highlight occasional extreme cases, reflecting both the 
realistic long-tail properties of the data and the influence of underlying product associations.

Comparative experiments

To comprehensively evaluate the effectiveness of our Enhanced PNN model with Product Path and Time Decay, we 
conducted comparative experiments against several representative baseline recommendation models, including PNN, 
Wide&Deep, DeepFM, DCN, and DGCN, as well as diversity-oriented models MMR and DPP. In addition, we included two 
recent state-of-the-art graph-based collaborative filtering models, LightGCN and SimGCL, to evaluate the competitiveness 
of our method against modern graph learning approaches.

Model performance was assessed using four key metrics: AUC (accuracy), cross-entropy loss, intra-list diversity (ILD), 
and entropy (global diversity). Table 4 summarizes the experimental results. For each baseline, values in parentheses 

Fig 8.  ILD across models with error bars (± std) from five independent runs.

https://doi.org/10.1371/journal.pone.0343638.g008

Fig 9.  Experimental results with using product paths.

https://doi.org/10.1371/journal.pone.0343638.g009

https://doi.org/10.1371/journal.pone.0343638.g008
https://doi.org/10.1371/journal.pone.0343638.g009
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indicate the gap relative to our Enhanced PNN (i.e., the Enhanced PNN value minus the baseline value for each metric). 
All baseline results were also obtained from five independent runs with different random seeds, and the reported values 
represent average performance. The ranking of models remained stable across runs, demonstrating robustness of the 
comparison.

As observed in Table 4, the Enhanced PNN model achieves the best overall performance, surpassing all baselines in 
both accuracy (highest AUC, lowest loss) and recommendation diversity (highest ILD and entropy). Notably, traditional 
deep models such as Wide&Deep, DeepFM, DGCN, and DCN show competitive AUC but exhibit lower diversity, high-
lighting the trade-off often observed in practice. Diversity-focused baselines such as DPP and MMR improve ILD and 
entropy relative to classic PNN, but this improvement is accompanied by a noticeable degradation in prediction accuracy, 
as indicated by their lower AUC and higher loss. We further compare the proposed model with graph-based collaborative 
filtering baselines, LightGCN and SimGCL. We observe that LightGCN and SimGCL achieve lower performance than the 
proposed method in terms of both prediction accuracy and recommendation diversity. This is likely due to the fact that 
our dataset contains rich side information and explicit bundle relationships, which are not directly exploited by CF-based 
graph models.

In contrast, the proposed method explicitly integrates product attributes, structured product relations, and temporal 
dynamics, making it more suitable for feature-rich and highly sparse recommendation scenarios.

These results demonstrate the advantages of our approach in promoting both recommendation accuracy and diversity, 
making it more suitable for practical e-commerce scenarios where both aspects are critical. Figs 11 and 12 further illus-
trate the convergence trends of AUC and loss for the Enhanced PNN model over 180 training epochs.

Analysis of experimental results

The experimental results comprehensively demonstrate the effectiveness of incorporating product paths and a time decay 
function into the PNN framework for personalized recommendation. Compared to the baseline PNN model, the integration 
of product paths leads to a notable improvement in accuracy, as evidenced by the increase in AUC from 0.8605 to 0.8691 
and the reduction in cross-entropy loss from 0.2228 to 0.2173. Further enhancement is achieved with the addition of the 
time decay component, resulting in the highest AUC of 0.8772 and the lowest loss of 0.2155 among all model variants.
In addition to accuracy, the proposed enhancements significantly boost recommendation diversity. Both intra-list diver-
sity (ILD) and entropy rise as the model transitions from baseline PNN to PNN with product paths and then to the fully 

Fig 10.  Experimental results without using product paths.

https://doi.org/10.1371/journal.pone.0343638.g010

https://doi.org/10.1371/journal.pone.0343638.g010
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Table 4.  Comparison of Accuracy and Diversity Metrics Across Recommendation Models.

Model AUC Loss ILD Entropy

PNN 0.8605 0.2228 0.8581 4.1502

(+0.0167) (−0.0073) (+0.0251) (+0.5930)

Wide&Deep 0.8652 0.2227 0.8233 3.9529

(+0.012) (−0.0072) (+0.599) (+0.7903)

DeepFM 0.8671 0.2237 0.8607 4.2251

(+0.0101) (−0.0082) (+0.0225) (+0.5181)

MMR 0.7910 0.2394 0.8662 4.3081

(+0.0862) (−0.0139) (+0.0170) (+0.4351)

DPP 0.8096 0.2315 0.8698 4.3766

(+0.0676) (−0.0160) (+0.0134) (+0.3666)

DGCN 0.8618 0.2202 0.8718 4.6681

(+0.0154) (−0.0047) (+0.0114) (+0.0751)

DCN 0.8693 0.2189 0.8698 4.6710

(+0.0079) (−0.0034) (+0.0134) (+0.0722)

LightGCN 0.8576 0.2257 0.8446 4.4153

(+0.0196) (−0.0102) (+0.0386) (+0.3279)

SimGCL 0.8598 0.2260 0.8432 4.4098

(+0.0174) (−0.0105) (+0.0400) (+0.3334)

Enhanced PNN 0.8772 0.2155 0.8832 4.7432

https://doi.org/10.1371/journal.pone.0343638.t004

Fig 11.  AUC Convergence of the Product Path and Time decay enhanced PNN Model over 180 Epochs.

https://doi.org/10.1371/journal.pone.0343638.g011

https://doi.org/10.1371/journal.pone.0343638.t004
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enhanced model, indicating that users are presented with a broader and less redundant selection of recommended items. 
Visualizations of category coverage further confirm that the use of product paths results in a more balanced and diverse 
distribution of recommended categories across users, in contrast to the baseline, which tends to concentrate recommen-
dations within a narrower range of categories. Moreover, Comparative experiments against established baseline models—
including Wide&Deep, DeepFM, DCN, DGCN, MMR, DPP, LightGCN, and SimGCL—demonstrate that the Enhanced 
PNN outperforms all competitors not only in terms of predictive accuracy but also in recommendation diversity, as shown 
in Table 4.

Conclusion

In this study, we proposed the Product Path and Time decay enhanced PNN to address the challenges of insufficient 
diversity and limited accuracy in recommendation systems. By incorporating three types of product paths—User Purchase 
History Path, Product Similarity Calculation Path, and Product Bundles Path—our approach captures complementary 
relational information among products, leading to more diverse and informative recommendations. The integration of a 
time decay function further enables the model to assign higher importance to recent user behaviors, ensuring that rec-
ommendations remain temporally relevant. Comparative experiments against multiple baseline models demonstrate that 
the proposed method consistently improves both prediction accuracy and recommendation diversity, indicating its strong 
potential for large-scale e-commerce recommendation scenarios.

While the experimental results are encouraging, several aspects offer natural opportunities for further refinement. The 
current time decay factor is selected based on domain insights rather than learned dynamically, and the evaluation—
although comprehensive—remains limited to offline metrics without online user-engagement validation. These are not 
fundamental constraints of the proposed framework but rather practical considerations that open pathways for future work. 
Moving forward, we plan to explore adaptive temporal modeling techniques, such as attention-based or sequence-aware 

Fig 12.  Loss Minimization Trend of the Product Path and Time decay enhanced PNN Model over 180 Epochs.

https://doi.org/10.1371/journal.pone.0343638.g012

https://doi.org/10.1371/journal.pone.0343638.g012
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architectures, incorporate richer user context signals, and expand the evaluation to include additional metrics such as 
precision and recall. We also aim to investigate the applicability of this framework in broader domains, including news and 
educational recommendations.
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