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ABSTRACT

The ability to accurately predict the timing of the next purchase is critical for business decision-making yet
challenging. Shopping regularity is often disrupted by negligible transaction costs of e-commerce and the ease of
responding to promotions, fostering increasingly irregular behavior and thereby complicating prediction efforts. In
addition, existing predictive models often overlook how buying in one product category affects future purchases in
others. To address these issues, this study proposes a deep learning framework that integrates the purchase irregularity,
captures category-specific purchase patterns, and learns cross-category interactions for effective next purchase time
prediction at product category level. Specifically, we model purchase irregularity as a latent state that adaptively
captures whether a purchase in each product category tends to follow a routine pattern or not. Then we utilize the
LSTM networks to capture recurring purchase patterns based on past inter-purchase intervals. Finally, a self-attention
mechanism is applied to capture interactions of shopping behaviors among distinct product categories, learning how
the timing of purchases in one category can affect purchasing behavior in others. Experimental evaluations on a large-
scale retail dataset demonstrate the effectiveness of our approach. The proposed model improves purchasing time
prediction and enables businesses to better anticipate demand fluctuations and optimize resource allocation in online
marketplaces.
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1. Introduction

Predicting consumer purchase behavior on e-commerce platforms is essential for developing effective business
strategies, as it enables businesses to optimize marketing efforts, enhance customer engagement, improve inventory
management, and deliver personalized shopping experiences (Qiu et al., 2015; Yang & Pan, 2004). Prior studies on
consumer behavior prediction have identified three fundamental aspects that predict consumers’ purchasing behavior:
“what” a consumer will purchase, “if”’ they will make a purchase, and “when” the purchase occurs. These dimensions
form a comprehensive framework that supports tailored promotional strategies in e-commerce. Studies addressing the
“what” aspect focus on predicting the items customers are likely to purchase, typically using recommender systems
that utilize user-level data, such as explicit preferences (e.g., ratings or likes) and implicit signals (e.g., browsing
behavior and past purchases), to generate personalized suggestions (Bodapati, 2008; Huang et al., 2019; Zhang &
Pennacchiotti, 2013). These methods have been instrumental in improving customer satisfaction and driving sales by
delivering relevant recommendations. The “if” aspect of purchase behavior research examines the likelihood that a
customer will purchase within a given time frame, often employing classification or probabilistic models to inform
customer retention efforts and demand forecasting (Chaudhuri et al., 2021; Martinez et al., 2020).

These two dimensions, what customers buy (“what”) and if they will make a purchase within a specific time
period (“if”), play a critical role in dictating the timing of purchases (“when”), as these products may be needed at
specific moments or occasions. For example, seasonal items like decorations are purchased closer to the year’s
holidays, whereas school supplies might be bought before the semester begins. The timing of consumer purchases
represents a critical dimension of behavioral analysis that can drive strategic decision-making across business
functions (Anil & Akcayol, 2020; Grigoras & Leon, 2023; Manzoor & Akoglu, 2017). Accurately predicting when a
customer is likely to make a purchase (of specific products) allows firms to optimize the timing of personalized
promotions, emails, and advertisements, increasing the likelihood that a customer will respond to these efforts by
completing a transaction (Kim et al., 2024; Lismont et al., 2018). From an operational standpoint, purchase timing
forecasts also support proactive inventory planning and resource allocation (Ha et al., 2002; Yang & Pan, 2004).

To accurately predict the timing of consumer purchases, businesses increasingly rely on advanced quantitative
models, including machine learning and deep learning techniques, which are capable of uncovering complex patterns
from extensive consumer data. Traditional machine learning methods, such as XGBoost (Chen & Guestrin, 2016;
Wang et al., 2023), feed-forward neural networks (Droomer & Bekker, 2020), and association rule-based methods
(Qiu et al., 2015), primarily rely on handcrafted features (e.g., average inter-purchase time, past frequency, and
recency) to predict the timing of a purchase. These methods rely on engineered features extracted from historical
events and cannot inherently maintain “memory” about past transactions. Deep learning architectures that have
emerged focus on sequence-aware models with memory components, such as recurrent neural networks (RNNs)
(Song, 2017) and long short-term memory (LSTM) (Sakar et al., 2019). These architectures are particularly effective
at capturing sequential and temporal patterns in transaction data.

Despite the effectiveness of sequence-aware models, predicting the timing of consumer purchases is a complex
task fraught with challenges. First, most prior studies treat each customer purchase as a single event without
considering the distinct demands among product categories; therefore, methods proposed in prior studies are not
optimal in predicting the timing of purchases for certain product categories (Anil & Akcayol, 2020; Saito et al., 2021).
In fact, predicting the timing of the next purchasing for certain product category is more essential because different
product categories have different consumption cycles (e.g., perishable foods vs. electronics)?. Understanding
consumption timeline at product category level could help businesses optimize inventory and promotions (Rekasiute
et al., 2022). Second, accurately predicting timing of next purchase faces the challenge of “collapse of regularity”
(Kahn & Schmittlein, 1989; Kim & Park, 1997). Traditionally, shopping habits may follow relatively predictable
schedules, with consumers planning purchases at regular intervals (Kim & Park, 1997). However, the rise of e-
commerce has disrupted shopping regularity, making it easier for consumers to act on impulsive decisions,
promotional incentives, event-driven needs, or lifestyle changes (Kahn & Schmittlein, 1989; Kim & Park, 1997;
Koschate-Fischer et al., 2018), thereby making it more difficult to predict the timing of the next purchase. Third,
relationships among distinct product categories further complicate predicting customer buying behavior: purchases in
one product category often influence the timing of another, with complementary goods reinforcing simultaneous
purchases and substitutes delaying subsequent buys (Chintagunta & Haldar, 1998; Seetharaman et al., 1999). Such

2 This study focuses on predicting when the next purchase is at product category level. We argue that predicting purchase timing
at product category level is more practical and actionable than at specific product/items. Specific product/item purchases can be
sporadic. In contrast, product categories demonstrate more stable consumption patterns that are suitable for demand forecasting
and behavior mining.
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interactions highlight that consumer purchase behavior is not isolated; rather, it is embedded within a broader,
dynamically evolving decision context.

Motivated by these challenges, this study aims to predict the timing of consumer purchases at the product-category
level through a deep learning approach. This task facilitates demand forecasting and customer behavior analysis,
providing valuable, actionable insights for business decision-making. The novelty of this method lies in two aspects.
First, we introduce the purchase irregularity, a latent state that represents whether a purchase in each product category
is likely to follow a routine pattern or not. Consumer shopping behaviors are characterized by mixtures of regularity
and irregularity, where regularity refers to consistent, routinized purchase intervals and irregularity reflects disruptions
of regularity caused by impulsive decisions, promotions, or life changes (Azizah et al., 2022; Koschate-Fischer et al.,
2018; Mela et al., 1998). Consequently, the observed time intervals between purchases reflect this dual nature. The
purchase irregularity state is designed to adaptively capture such dual nature and aims to enhance predictions of the
next purchase time. Second, we combine category-specific LSTMs with the self-attention mechanism to capture cross-
category interactions for next purchase time prediction. Specifically, we compute similarity scores between the
upcoming purchase and a user’s historical purchases, then integrate these scores into category-specific LSTM
networks. The similarity scores are used to weight historical consumption events, thereby emphasizing past purchases
that exhibit purchase irregularities similar to those of the forthcoming purchase. A subsequent self-attention is further
applied upon the outputs of the category-specific LSTMs to account for the cross-category interactions. In this way,
the proposed method allows parallel execution of category-specific LSTMs and enables the model to leverage
complementary temporal data across categories, producing a synergistic representation for effective predictions.
Finally, the proposed method combines these components into one end-to-end deep learning model to predict when
each product category will be purchased next for a customer.

2. Literature Review

Understanding online purchase behavior is a primary driver of e-commerce success. According to the cognitive—
habit model (Wood & Riinger, 2016), consumer behavior and decision-making are jointly reflected by deliberate
cognitive evaluations and automatic, habitual responses. This perspective applies directly to the e-commerce context,
where online purchase behaviors range from routinized to irregular.

Within the cognitive—habit framework, routinized purchases are primarily governed by habitual processes that
develop through repeated, satisfactory interactions in stable contexts. Prior research on social trust and satisfaction
(Gefen, 2000; Pavlou, 2003) can be positioned as critical antecedents to habit formation. Specifically, trust in an online
platform reduces perceived uncertainty and cognitive effort, while satisfaction reinforces positive behavioral
outcomes, jointly facilitating the internalization of routine purchases (Bhattacherjee, 2001; Eid, 2011; Gefen, 2000).
As habit strength increases, purchasing behavior becomes increasingly automatic and less reliant on deliberate
intention or evaluative judgment. Consequently, this habit-dominant pathway explains why consumers frequently
repurchase online with minimal cognitive engagement.

In contrast, irregular purchases arise when habitual cues are weak, disrupted, or absent, thereby activating
deliberate cognitive processes (Shah et al., 2014). Within the framework of the cognitive—habit model, the theory of
planned behavior provides a subsidiary mechanism that operates when habitual guidance is weak and explains how
consumers form purchase decisions once deliberation is required by emphasizing the roles of attitudes, subjective
norms, and perceived behavioral control (Ajzen, 1991). For example, attitudes toward online shopping may be shaped
by beliefs about convenience, price advantages, and variety (Kim & Eastin, 2011). Consumers who hold favorable
attitudes toward the price advantages of online shopping may respond opportunistically to temporary discounts or
flash sales, leading to irregular purchasing behavior (Dholakia, 2000). Subjective norms reflect individuals’
perceptions of social expectations regarding purchase behavior (Ajzen, 1991). Such perceived social pressures (e.g.,
positive online reviews) can exert strong normative influence, increasing the likelihood of impulsive purchases even
when consumers initially have no intention to buy a product (Liu et al., 2022; Park & Lee, 2009; Wang & Chou, 2014).
Moreover, perceived behavioral control captures individuals’ assessments of how easy or difficult it is to complete a
purchase (Ajzen, 1991). E-commerce platforms enhance perceived behavioral control by simplifying the purchasing
process through features such as one-click checkout, stored payment information, and Al-driven auto-fill forms (Unal
& Park, 2023; Venkatesh & Davis, 2000). As a result, these platforms reduce cognitive and operational barriers to
purchase execution, thereby increasing the likelihood of non-routine purchases. Beyond deliberation, event-driven
needs and lifestyle changes can alter goals, which disrupt established routines and introduce variability in purchase
timing (Kahn & Schmittlein, 1989; Kim & Park, 1997; Koschate-Fischer et al., 2018). Building on prior work on
purchase regularity (Platzer & Reutterer, 2016; Reutterer et al., 2021; Vakratsas & Bass, 2002), we define purchase
irregularity as the extent to which a consumer’s purchase timing deviates from a stable, routinized rhythm.
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Empirically, this deviation is reflected in greater variability in inter-purchase intervals relative to the consumer’s
baseline behavior.

Beyond theoretical frameworks that explain online purchasing behaviors, accurately predicting when the next
purchase occurs requires robust quantitative methods. Prior data-driven approaches for predicting the timing of the
next purchase typically focus on modeling the following aspects: occasion-driven purchases, seasonal and promotional
incentives, consumer online behaviors, and sequential behavior patterns. Methods focusing on occasion-driven
predictions mainly capture shifts in intrinsic user behavior triggered by specific occasions (e.g., birthdays,
anniversaries, celebrations). For example, analyzing long-term behavior patterns and incorporating shifts in intrinsic
user behavior from occasions enhance prediction of the next purchasing item within a short time frame (Wang et al.,
2020). Methods based on seasonal and promotional predictions leverage product seasonality and promotional cycles,
such as end-of-season sales, to identify future purchases. For example, the seasonality of products and end-of-season
sales are integrated into recommendation systems to suggest the right products at the right time proactively (Keerthika
& Saravanan, 2020). Demographic data (e.g., age, location, income level) combined with consumer online behavioral
data (e.g., user interactions or browsing patterns on an e-commerce platform) are also commonly used to predict future
purchase behavior (Liu & Ma, 2019). Finally, sequence-based methods leverage deep learning and sequential pattern
mining to analyze detailed consumer-item interaction histories, thereby improving predictions of future purchases
(Verma, 2020).

As customer purchase decisions are often influenced by complementary, substitutive, and co-purchased items,
unveiling relationships among them is crucial for predicting consumer purchase behavior in e-commerce. For example,
item relationship graph neural networks (IRGNN) model complementary/substitute relationships among items, while
a co-purchase graph connects items if they are frequently purchased together within an order (Linden et al., 2003; Liu
et al., 2021). GraphSAGE, an inductive GNN, captures relationships between products for better prediction of
complementary or substitute product links (Ahmed et al., 2021). The directed graph-based GNN learns asymmetric
product relationships, effectively predicting relevant related items while mitigating selection bias (Virinchi et al.,
2022). Deep learning methods encode product assortments into dense latent embeddings, capturing implicit
relationships among products based on their co-purchase patterns (Gabel & Timoshenko, 2022).

Existing studies reveal several research gaps. First, although prior research has focused on recurring purchasing
behavior, limited attention has been given to the irregular patterns emerging in online shopping. The rapid expansion
of e-commerce introduces significant variability and unpredictability in purchase timing. Therefore, there is a need
for a method that can measure purchase irregularity and adaptively predict when the next purchase occurs. Second,
existing methods often treat a customer’s purchase as a single event, making predictions at the transaction level, rather
than at the product category (or product) level; however, product category level predictions are more meaningful and
valuable for stakeholders on e-commerce platforms. Third, conventional graphical models typically represent user-
product or co-purchase relationships using simplistic directed edges, inadequately capturing the complexity of cross-
category purchase interactions over multiple shopping events. These methods often fail to address how buying
decisions in one product category dynamically influence subsequent purchasing behaviors in other product categories
over time. Addressing these limitations requires novel analytical approaches capable of modeling both the stochastic
nature of purchasing behaviors and cross-category purchase interactions to enhance future purchase timing prediction.

3. Method Design and Theory Foundation
3.1. Problem Definition

Let U = [uy, Uy, ..., uy] be a set of customers, and N represents the total number of users. We use ¢ to denote a
specific product category, where ¢ € [1,2,...,C], and C is the total number of categories. The timing at which
customer u; purchased product category c is denoted as T = [tf_l,tf_z, ...,tf_s], where s is the total number of
purchases of u; for category c. The time intervals of two consecutive purchases of category ¢ are represented as I =
[151,152, ...,Iic_s_l] , where IL-C_]- = A(tL-CJ-Jr1 - tf_]-) for j =1,2,..,s —1. We formally define the purchase timing
prediction problem as follows: Given u;’s entire inter-purchase interval sequences {I}S_;, the objective is to
effectively predict u;’s next purchasing time y{ for a specific product category c.

Figure 1 shows the framework architecture of the proposed method, which consists of three key components:
purchase irregularity modeling, category-level purchase pattern mining, and cross-category relationship learning.
Together, these components are connected in a pipeline, and data flows sequentially through these components. The
purchase irregularity modeling component adaptively estimates the likelihood of the purchase being routine or
irregular at each time step. The category-level purchase pattern mining component applies category-specific LSTMs
to learn the unique consumption patterns over time associated with each product category; that is, each LSTM is
trained separately on the sequential record of a specific product category to capture its consumption pattern. Based on
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the outputs from LSTMs, the cross-category relationship learning component applies a self-attention mechanism to
capture the interactions of consumption patterns across different product categories. It learns how much past time
intervals across product category contribute to predicting next purchase time. We next provide the theoretical rationale
and logic underlying our method design, along with technical details of each component.

Purchase Irregularity Category-level Purchase Cross-category

Modeling Pattern Mining Relationship Learning

Slgmmd
1 s

Stack Last

Hidden Units H};
o]
| | Irregularity
|| State U | ¥i; Self-attention Linear
L ! Layer Layer

5. I

CEE

Figure 1. Design Framework

3.2. Purchase Irregularity Modeling

The observed time intervals between purchases are jointly shaped by both regular and irregular purchasing
behaviors (Bawa & Ghosh, 1991; Gupta, 1991). On one hand, purchase behavior can occur at consistent, routinized
intervals. On the other hand, these routines can often be disrupted by factors such as impulsive decisions, event-driven
purchasing, or life changes (Azizah et al., 2022; Koschate-Fischer et al., 2018; Mela et al., 1998), introducing
irregularity into consumers’ shopping patterns. To capture this dual nature, we introduce purchase irregularity, a latent
state that indicates whether the purchase (in each product category) is likely to follow a routine pattern or not. The
computation of purchase irregularity is grounded in state dependence effect, a concept originating in dynamic choice
theory and habit formation, indicating past experiences shape the underlying state that governs what happens next
(Heckman, 1981). In economics, state dependence is evident in phenomenon such as unemployment dynamics, where
being unemployed today increases the probability of being unemployed in the future. Extended in consumer behavior
research, it manifests as persistence in shopping and brand choice, as past consumption experiences foster loyalty,
guide search, and facilitate learning (Dubé et al., 2010). Building on this foundation, our study quantifies purchase
irregularity within a state dependent framework, in which past shopping behaviors (characterized by varying levels of
regularity or irregularity) shape future behavioral tendencies toward regularity or irregularity.

We define the purchase irregularity as a latent state y;; representing whether customer ;s purchasing behavior
for product category c¢ leans toward more routine or irregular at time t{ ;- The value of yi‘fj ranges from [0, 1],
determined by the customer’s purchasing behavior before tf j» where 0 corresponds to entirely routine purchase
behavior, and 1 corresponds to irregular purchase behavior. Specifically, the category-specific irregularity yi‘fj is
computed as a linear combination of three key components derived from the customer’s past purchasing behavior: a

weighted average of all previous irregularity state with temporal decay rate 4, a tail-sensitive standard deviation S,

and a category-specific bias term b; ;. The rationale of this design is to capture both the regularity and Volatility of
{_ 1 20-1D)-7,
¥ tau- 1) T

preserves behavioral continuity by emphasizing recent purchasing tendencies, the tail-sensitive standard deviation 5

introduces sensitivity to abrupt deviations in purchase timing that signal irregular shifts, and the category-specific bias
term b; provides contextual adjustment, recognizing that baseline regularity differs inherently across product

categories. y; ; is calculated as follows:

ey e
Co=o|wt | == LE + bf;
Yij [ 1 ( Z.j[;i 20-D—t ﬁl]

purchasing behavior at the product category level. The weighted average of previous irregularity states

M
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where wi, w;, and b;; are learnable parameters to control the balance between the weighted average of past
irregularity states and temporal irregularity term for each category, and o|-] is a sigmoid function that maps values to
the range [0, 1]. The weighted average of past irregularity states is first scaled by a temporal decay factor AU~1D=7:
More recent purchase intervals are assigned higher weights, while older intervals are progressively downweighed by
a decay factor. This ensures that the current irregularity state reflects not only the cumulative history of purchase
behavior but also emphasizes the most recent deviations in purchasing patterns. §;; is computed as the tail-sensitive
standard deviation of past inter-purchase intervals up to time t;;_,, where I;; denotes the inter-purchase interval for
category ¢ at T and If is the mean of previous inter-purchase intervals. 8;; is used to emphasize the contribution of
those rare and long inter-purchase time intervals. It ensures that a few long and infrequent inter-purchase intervals
(e.g., when a customer buys a certain product category only occasionally) are not diluted by numerous regular and
short intervals, thereby preventing the model from overfitting to high-frequency noise from short, erratic purchases
and enabling it to better capture meaningful deviations. To decide what counts as “unusually long,” we set a cutoff
(e.g., 90th percentile) based on a chosen percentile p; of the customer’s past shopping intervals. Therefore, B} ;
indicates subsequent irregularity based on the volatility of the customer’s previous purchasing behavior. The learned
irregularity state y; ; is further combined with inter-purchase interval sequence I ¢ to serve as input for the category-
level purchase pattern mining component.
3.3. Category-Level Purchase Pattern Mining

The category-level purchase pattern mining component builds multiple LSTMs to capture customers’ purchase
patterns of each product category; the category-specific LSTMs independently learn sequential patterns from past
purchases of its corresponding product category. Each LSTM takes each consumer’s inter-purchase interval sequence
I{ and irregularity state y; ; as input, allowing our method to learn not only how often purchases occur for a particular
product category, but also how irregular they are. Specifically, the model processes all product categories in parallel,
each with its own LSTM, denoted as LSTM (). Let s denote the maximum sequence length, to predict the purchasing
time at the next time step s + 1, the LSTM©) compares prior irregularity state with the irregularity state at time step
s + 1, given higher attention to inter-purchase intervals exhibiting similar irregularity state. The similarities between
irregularity states are calculated using a Gaussian kernel:

c e
ngj = exp (%) jE€L2, 5] @

where ¢ is a hyperparameter that controls the smoothness of the kernel function, and the similarity score n{ ; ranges

between 0 and 1, with 1 indicating similarity and 0 denoting dissimilarity. The input of LSTM© is further weighted
by the similarity score as:

xi; =1 *ni;J €[1,2,..5] (%)
where x;; is the input of LSTM (©) at step j. LSTM(© then processes input xi ; as follows:

(hij 0f;) = LSTM©(x{;, hi;_y,08;_1) (6)

where h; ; is the hidden state and of ; is the cell state. After processing s steps, LSTM (©) returns a sequence of hidden
states [hl 1 his o, hig]. The final h1dden states of LSTM output will first be normalized using an L2 normalization
function f(*) and then stacked as H; g, which will be used as the input of the cross-category relationship learning
component.

= fstack (F (his), f(hEo), ., f(RED) (N
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3.4. Cross-category Relationship Learning

The cross-category relationship learning component builds on the economic theory of complementary and
substitute goods (Deaton & Muellbauer, 1980). A complementary relationship occurs when the consumption of one
product increases the utility of another (e.g., milk and cereal) (Yalcin et al., 2013). A substitute relationship arises
when products fulfill similar needs and can replace one another (Milgrom & Strulovici, 2009; Walters, 1991). In
consumer shopping behavior, these effects manifest dynamically over time: complements frequently co-occur within
the same basket, whereas substitutes shape purchases across time (Mani et al., 2022). Building upon this, our method
leverages the self-attention mechanism to model the associations among product categories. This approach aligns with
this theory as attention weights naturally reflect the varying strengths of relationships between product categories,
magnifying interactions when products are consumed jointly.

We apply a self-attention mechanism to Hj ; to capture the cross-category relationship. In this way, the model can
learn how one purchase decision might inform another regarding shopping time intervals. Through the self-attention
mechanism, H; ; will be projected into three learnable spaces: queries Q;, keys K, and values V.

Q:=H;s-W, (®)

K;=H;s Wy ©)

Vi=His- Wy (10)
aK"

a$ = softmax (1)
L ( \/ﬁ )

where W, Wy, Wy, are weight matrices for query, key, and value, respectively. The attention weight a; is further
used to compute the output for each category as a weighted sum of the values v§.

c

zi = Zafvf (12)
c=1

yi = f'(z) (13)

The predicted purchase time Jf is further calculated based on z{ (equation 12), where f'(*) is a linear
transformation, projecting the attention layer’s output z{ to a scalar value y§ to predict next purchase time for product
category c. Our method is then trained based on a mean squared error (MSE) loss:

N
1
LOEID = ) O = 95V (14)
i=1

4. Data
4.1. Data Collection

We evaluated the proposed model using a publicly available Kaggle dataset®. This dataset was collected from
Instacart; it records detailed transactions of each consumer’s purchase, with the time interval between two consecutive
purchases available; each transaction also includes information on the product categories purchased by the consumer.
There are 21 distinct product categories included in the dataset. Similar to (Guidotti et al., 2017), we exclude customers
with purchase histories of fewer than 10 or more than 40 transactions to reduce sparsity and extreme cases. After
applying this criterion, 1,586,576 transactions from 77,678 customers remain for evaluation.
4.2. Preliminary Data Analysis

We perform a preliminary analysis on this data with a focus on purchase count distribution and inter-purchase
time intervals for each product category (i.e., the time interval between consecutive purchases for each product
category). This analysis evaluates the degree of randomness inherent in the purchase behavior, thereby validating the
rationale for incorporating category-level purchasing irregularity into our method design.

3 https://www.kaggle.com/datasets/yasserh/instacart-online-grocery-basket-analysis-dataset
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Figure 2. Valid Purchase Sequence Lengths for All User-Product Category Pairs

In our dataset, the purchase records are relatively sparse, and a substantial number of user-product category pairs
have zero purchases because users do not purchase all product categories during the observation window. Figure 2
illustrates the distribution of observation counts for user—category pairs with at least one recorded purchase. From the
data, we observe most sequences are relatively short, while longer sequences are concentrated in the most frequently
purchased product categories (Figure 3). Figure 3 further illustrates this heterogeneity by presenting boxplots of valid
sequence lengths for the five most and least frequently purchased product categories, summarizing their distributions
and central tendencies (mean and median)*. Clear differences in customer engagement exist across product categories.
With respect to purchase frequency, produce and dairy eggs exhibit larger median and mean values than other product
categories (both above 10), shown in Figure 3(a), suggesting that these items are purchased more frequently over time
and generate a greater number of purchase records. In contrast, categories such as alcohol, pets, and bulk display much
lower central tendencies and result in fewer purchase records, shown in Figure 3(b).
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Figure 3. Purchase Frequency Distributions for the Most and Least Purchased Product Categories

Figure 4(a) shows the average number of days between consecutive purchases within each product category.
Categories such as other, bulk, pets, international, and personal care have longer average intervals, indicating less
frequent purchases. Conversely, categories like produce, dairy eggs, and snacks exhibit shorter intervals, suggesting
more frequent purchases. Figure 4(b) presents the normalized entropy of time intervals per product category, which
was calculated to quantify the irregularity of inter-purchase intervals across product categories. Interestingly, it

4 In the original dataset, the product category field includes the labels “missing” and “other”. The category “missing” indicate no
product category information was available. The category “other” aggregates products that do not fall into any of the predefined
product categories due to the ambiguous classification.
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displays an opposite pattern compared to Figure 4(a): categories with longer average intervals tend to have lower
entropy (less diversity), suggesting relatively regular, though infrequent, purchasing behavior. In contrast, categories
with shorter average intervals have higher entropy, indicating more variability or irregularity in purchasing timing.
Frequently purchased categories (shorter average intervals such as produce, dairy eggs, and snacks etc.) tend to have
highly variable purchasing behavior. These frequently purchased items are consumed regularly and likely influenced
by fluctuations in daily consumption needs, promotions, and short-term events (e.g., hosting guests or holidays), which
can lead to more irregular and volatile purchasing patterns. However, less frequently purchased categories (longer
average intervals such as bulk, personal care, and pets) tend to have relatively more regular purchasing intervals. One
possible explanation is that such products are usually purchased in larger quantities or for planned use, indicating more
predictable purchasing cycles (e.g., monthly restocking of pet food or occasional alcohol purchases). As the need for
replenishment is easier to plan, the variability in timing is lower.
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Figure 4(a). Average Shopping Time Intervals across Different Product Categories
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Figure 4(b). Normalized Entropy of Shopping Time Intervals across Different Product Categories

Figure 4. Average and Normalized Entropy of Shopping Time Intervals across Different Product Categories

5. Evaluation
5.1. Evaluation Design

To evaluate the prediction performance of the proposed method, we extracted each customer’s last purchase
history (i.e., transaction) as test data and utilized the remaining transactions for model training, mimicking the “next
purchase time” prediction. This method ensures that the method is trained on historical data while being evaluated on
unseen future purchase behavior.

Several prevalent benchmarks were also considered and included in the evaluation for comparison, including
Graph N2V, Graph GAT, LSTMs_CNN, LSTMs Linear, LSTMs MLP, and LSTMs_AttnSC. These benchmark
methods share a core LSTM (Hochreiter & Schmidhuber, 1997) component, which processes historical purchase data
to capture unique recurring trends. Specifically, Graph N2V is the benchmark using deep learning graphic method to
model the cross-category interactions (Grover & Leskovec, 2016; Linden et al., 2003). It first constructs a co-purchase
graph where two products are connected if they are frequently purchased together in the same order. Next, Node2Vec
(Grover & Leskovec, 2016) is used to generate node embeddings for these product categories, and these embeddings
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further serve as inputs to an LSTM for next purchase time prediction on each product category. Graph_GAT builds
the same co-purchase graph and then a GAT (graph attention network) learns node embeddings (Velickovic et al.,
2017) to predict the next purchase time. LSTMs_ CNN uses a convolutional neural network (CNN) after the LSTMs
to extract and integrate the cross-category interactions through convolutional layers, capturing localized interaction
patterns across different products and time intervals (Krizhevsky et al., 2012). This model treats each product category
independently by assigning a separate LSTM to each. For LSTMs Linear, a single linear layer is applied after the
LSTMs to summarize the cross-category effects for purchase time prediction. LSTMs MLP, on the other hand,
replaces the linear layer with a multilayer perceptron (MLP), aiming to model these interactions more flexibly and
nonlinearly. Last, LSTMs AttnSC employs an attention layer to summarize cross-category interactions while
incorporating stochastic random noise to reflect disruptions in shopping regularity (Vaswani et al., 2017). Specifically,
it parameterizes a latent variable for each product category using learnable mean and log-variance parameters,
enabling the model to adapt to irregular purchase timing variations explicitly.

All methods were evaluated by comparing their predicted next purchase times with the actual purchase times on
product categories that were included in the next purchase. The proposed and benchmark methods were evaluated
using user-averaged mean absolute error (MAE), mean squared error (MSE), and root mean squared error (RMSE),
shown in equations 15-17.

- m
MAE— Z(Zc 1|YL chl ) (15)
N
10 TE,(9F — yE)? - m¢
MSE =~ > X T (16)
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where y{ represents the actual next purchase time for user u; and product category ¢, i denotes the predicted next
purchase time, and m{ is the mask for category ¢, with m{ = 1 indicating product category c is included in user u;’s
next purchase and 0 otherwise.

5.2. Prediction Performances of Each Method

Table 1. Prediction Results of the Proposed and Benchmark Methods

MAE MSE RMSE
mean std mean std mean std
Graph N2V 17.398 0.120 1068.791 11.224 23.165 0.156
Graph GAT 16.569 0.054 982.530 12.397 22.093 0.088
LSTMs CNN 13.279 0.067 474.673 4.129 16.287 0.077
LSTMs Linear 9.810 0.148 172.461 7.070 10.698 0.209
LSTMs MLP 9.647 0.204 167.016 2.756 10.476 0.105
LSTMs AttnSC 9.094 0.101 146.383 4.604 9.985 0.124
Proposed Method 8.860 0.047 141.178 3.863 9.661 0.054

Table 1 summarizes prediction performances of the proposed and benchmark methods. We repeat the evaluation
10 times with random parameter initializations and present the mean and standard deviation of each method. The
results show that our method achieves the best performance over benchmark methods across all error metrics (MAE,
MSE, and RMSE). We observe that methods based on a single LSTM have higher errors compared to those relying
on multiple LSTMs. This is likely due to the unique purchasing patterns of different product categories that cannot be
effectively captured by a single unified LSTM. Whereas dedicated LSTM models for each product category are
capable of learning category-specific temporal relationships, thereby enhancing prediction accuracy (i.e., MAE ranges
from 8.860 to 13.279 compared to 16.569—17.398). The proposed method has a mean MAE (8.860) which is
substantially lower than benchmarks using multiple LSTMs: LSTM-CNN (13.279), LSTM-Linear (9.810),
LSTMs_AttnSC (9.094), and LSTM-MLP (9.647). The results indicate that predicted times generated by the proposed
method are closer to the actual purchase times on average, demonstrating better accuracy. The proposed method also
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demonstrates consistent improvements across all evaluation metrics compared to the best-performing baseline model
(LSTMs_AttnSC). Specifically, the MAE decreases from 9.094 to 8.860, representing an improvement of
approximately 2.6%. A similar trend holds for both MSE and RMSE, where the proposed method achieves the lowest
mean (141.178 for MSE and 9.661 for RMSE). Compared to the best-performing baseline LSTMs_AttnSC, the MSE
is reduced from 146.383 to 141.178, achieving about a 3.6% improvement, while the RMSE decreases from 9.985 to
9.661, corresponding to a 3.2% improvement. The results suggest fewer large errors in next purchase time predictions,
highlighting improved reliability. In addition, our method maintains relatively small standard deviations across these
metrics, suggesting more consistent performance.
5.3. Ablation Analysis

We apply a stacked ablation design so that we can isolate the contribution of each component (category-specific
purchase irregularity and self-attention) while keeping the LSTM as the common backbone, shown in Figure 5.

Purchase Irregularity State + Proposed Method further added category-
P'rqop:sed LSTMs+ specific irregularity states on top of
ethod Self-attention LSTMs_ATTN.
Plain LSTMs + LSTMs_ATTN incorporated a self-attention on top
LSTMs_ATTN amn S of the baseline LSTM to capture relationships

Self-attention among different product categories.

Baseline Plain

LSTMs LSTMs Baseline LSTM serves as a fundamental model for

effectively processing temporal sequences.

Figure 5. Ablations Analysis Framework.

The baseline LSTMs serve as a fundamental model that effectively processes temporal sequences, where both
category-specific purchase irregularity and the self-attention mechanism are removed. LSTMs ATTN extends the
baseline LSTM by incorporating a self-attention mechanism to capture relationships among different product
categories but still removes category-specific purchase irregularity. The Proposed Method builds on LSTMs_ATTN
by further introducing category-specific purchase irregularity states, thereby having both self-attention and category-
specific purchase irregularity incorporated.

Table 2. Prediction Outcomes based on Ablation Analysis

MAE MSE RMSE
mean std mean std mean std
Baseline LSTMs 9.852 0.154 176.947 5.150 10.841 0.219
LSTMs ATTN 9.485 0.102 165.478 2.878 10.475 0.147
Proposed Method 8.860 0.047 141.178 3.863 9.661 0.054

The results in Table 2 demonstrate a clear progression in performance improvement as additional modeling
components are introduced. Specifically, the baseline LSTMs model shows a relatively large MAE of 9.852 (with a
standard deviation std = 0.154) and an MSE of 176.947 (std = 5.150). By considering the cross-category
relationships (LSTMs ATTN), the MAE decreases substantially to 9.485 (std = 0.102), and the MSE drops to
165.478 (std = 2.878). Last, the proposed method, which combines LSTM, self-attention, and purchase irregularity,
further lowers the MAE to 8.860 (std = 0.047) and the MSE to 141.178 (std = 3.863). A similar trend is observed
in the RMSE, decreasing from 10.841 (for LSTMs) to 10.475 (for LSTMs_ATTN) and 9.661 for the proposed
approach. These results suggest that learning cross-category interaction and distinct purchasing patterns (routine
versus irregular) are useful for predicting customers’ next purchase time.

5.4. Attention Weight Interpretation

The heat map in Figure 6 illustrates the matrix of the pairwise attention weight learned by the self-attention
mechanism in our model. It represents how different product categories interact when predicting the next purchase
time. In this matrix, rows and columns denote queries Q; and keys K; corresponding to each category, respectively.
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Figure 6. Attention Weights Matrix Explaining the Temporal Interactions among Product Categories

We observe several distinct vertical red bands appear around category indices 3 (produce), 6 (beverages), 7 (pets),
and 19 (deli), shown in Figure 6. These product categories consistently receive strong attention from many others.
This pattern demonstrates that these categories may act as temporal anchors, meaning their purchase timing provides
useful contextual cues for predicting when other products are likely to be purchased. The attention mechanism enables
the model to uncover hidden relationships among product categories from actual purchasing data. These relationships
can be complex and context-dependent; for example, certain products may be purchased together under specific
circumstances but not consistently across all shopping occasions. By relying on data, the model reveals how product
categories dynamically influence one another in real-world purchasing behavior.

6. Contributions

Practical Implications: This study offers actionable insights with practical implications for businesses. With the
ability to predict the timing of a consumer’s next purchase by product category, the proposed method enables
businesses to optimize inventory, enhance personalized marketing, and improve customer retention. Online grocery
stores, such as Instacart, can utilize such predictions to manage perishable inventory more efficiently, ensuring that
fresh produce and dairy products are stocked to meet customer demand while minimizing spoilage. With accurate
purchase time prediction, large online vendors and platforms can improve inventory management and reduce shipping
times by pre-positioning product categories in warehouses closer to customers who are likely to buy. Businesses can
also use the predicted timing to send targeted promotions or reminders for replenishment at the right time. In this way,
it increases the likelihood of conversion and improves customer satisfaction. In addition, our method allows businesses
to identify irregularities in consumer behavior, such as delays in expected purchases. This could facilitate proactive
outreach to retain customers.

Research Implications: In this study, we follow the framework of the cognitive-habit model and introduce
purchase regularity and irregularity as methodological artifacts that represent a design innovation. The way we
compute the purchase irregularity is theoretically grounded by the cognitive-habit framework, which distinguishes
between routinized, habit-driven purchases and irregular purchases that arise when habitual cues are disrupted. Our
design operationalizes this distinction by tracking how an individual customer’s purchasing behavior shifts from
regularity toward irregularity at the product-category level. The evaluation of the proposed method demonstrates that
translating a well-established behavioral framework into a computational representation using large-scale behavioral
data yields improved predictive performance in forecasting the timing of subsequent purchases. Future studies could
explore integrating richer external contextual factors, such as promotional events and customer demographic
information, into purchase irregularity modeling. This could capture granular shopping behavior and lead to more
contextually relevant predictions. In addition, our study includes cross-category relationship modeling by using a self-
attention mechanism. Future methods could advance the self-attention mechanism by incorporating hierarchical
frameworks. Such extensions would capture deeper interactions among business entities (e.g., products, users, service
providers, etc.) for enhanced purchase behavior prediction. Finally, as deep-learning models increase in complexity,
our method embraces interpretability. Developing deep learning methods that explain model predictions in terms of
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customer-level insights, such as reasons behind purchasing irregularity or cross-category interactions, can enhance
usability by decision-makers.

7. Conclusion

In this work, we propose a novel deep learning-based method to predict the timing of consumers’ subsequent
purchases across different product categories in online retail environments. This approach enhances the accuracy and
interpretability of purchase time prediction by addressing critical challenges such as disrupted shopping regularity and
overlooked cross-category influences. We first introduce purchase irregularity, a latent state that represents whether a
purchase in each product category is likely to follow a routine pattern or not. The following integration of category-
specific LSTMs enables the model to capture unique purchasing rhythms across product types while incorporating
stochastic noise to reflect the inherent randomness in consumer behavior. Finally, the self-attention mechanism
effectively models inter-category interactions, revealing how purchase behavior in one category can inform purchase
timing predictions in others. The evaluation results on large-scale e-commerce datasets demonstrate that the proposed
model outperforms existing baselines, offering actionable insights for demand forecasting, personalized marketing,
and inventory planning. By anticipating when consumers are likely to make their next purchase, businesses can
improve inventory management, make more informed decisions, and deliver more timely promotions.

This study has several limitations. First, the dataset used in this study primarily contains transactional data;
therefore, the proposed method might not adequately account for consumer-specific factors beyond historical purchase
patterns, such as demographics, lifestyle, or external events influencing purchasing decisions. Future research could
collect more comprehensive data, including consumer-specific attributes and external behavior indicators, to improve
predictive accuracy. Second, another limitation is that the dataset has been anonymized with respect to calendar dates
and thus doesn’t contain detailed transaction timestamps. Only interval-based information is available. As a result, we
are unable to fully capture temporal cycles such as weekly or seasonal shopping behaviors, or to explicitly model the
impact of holiday promotions. Future work could address this if richer temporal information is accessible. Third, the
performance of the proposed method still largely relies on sufficient historical transaction data, limiting its
effectiveness for new or infrequent customers. Future work may focus on investigating techniques such as transfer
learning that could address limitations related to insufficient historical data for new customers.
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