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Abstract: Since online shopping has become an important way for consumers to make purchases,
consumers have signed up to e-commerce platforms to shop online. However, retailers are beginning
to realise the critical role of predicting anonymous consumer purchase intent to improve purchase
conversion rates and store profitability. Therefore, this study aims to investigate the prediction of
anonymous consumer purchase intent. This research presents a machine learning model (MBT-
POP) for predicting customer purchase behaviour based on multi-behavioural trendiness (MBT) and
product popularity (POP) using 33,339,730 clicks generated from 445,336 sessions of real e-commerce
customers. The results show that the MBT-POP model can effectively predict the purchase behaviour
of anonymous customers (F1 = 0.9031), and it achieves the best prediction result with a sliding
window of 2 days. Compared to existing studies, the MBT-POP model not only improves the model
performance, but also compresses the number of days required for accurate prediction. The present
research has argued that product trendiness and popularity can significantly improve the predictive
performance of the customer purchase behaviour model and can play an important role in predicting
the purchase behaviour of anonymous customers.

Keywords: purchase intention; anonymous customer; clickstream; product tendency; product popularity

1. Introduction

E-commerce has become a popular way to shop. The global e-commerce market is
expected to exceed USD 5.7 trillion in 2022 and continue to grow in the coming years [1].
China has the world’s largest group of digital shoppers (850 million people); online retail
sales in China are even higher at CNY 13.79 trillion in 2022, while cross-border e-commerce
imports and exports (including B2B) are CNY 2.11 trillion, both showing steady growth,
according to the national online retail market development condition published by the
Chinese Ministry of Commerce in 2023 [2]. As a result, online shopping has become a
revolutionary way for customers to shop and an important alternative to the traditional
market [3]. It is well known that the majority of customers who visit shopping websites
tend to end their visit by simply browsing. This poses a challenge to retailers looking to
increase their market share and profitability. As a result, there is a focus on improving
purchase session rates based on insights into shopping site browsing behaviour. In partic-
ular, identifying which customer sessions result in purchases has become a key focus for
improving conversion rates. Even a small increase in customer purchase conversion rates
can be highly profitable for merchants [4–6].

Understanding online shopping behaviour and gaining insight into customers’ decision-
making processes can improve the customer experience and increase sales. With the rapid
development of the e-commerce industry, it is now possible to record and obtain session
logs and behavioural traces of customer groups on shopping websites. Clickstream datasets,
which are considered to reflect customers’ shopping preferences, have greatly improved
in usability [7–9]. This makes it possible to analyse customers’ shopping intentions and
provides a new approach to understanding customers’ decision-making behaviour. Previ-
ous studies have identified a phased approach to general customer shopping behaviour,
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including an information-gathering stage, a consideration stage and a selection stage [10].
In reality, these stages generate massive clickstream datasets as customers repeatedly land
on the shopping platform, capturing their browsing and clicking behaviour. Compared to
other methods, clickstream datasets offer the advantage of data retention and can be used
to predict customer purchase decision-making behaviour and infer intent.

Learning and analysing customers’ historical consumption behaviour has been the
focus of most studies on understanding customers’ shopping behaviour [11–14]. How-
ever, these findings mainly focus on identifying and predicting the shopping behaviour
of customer groups with consumption experience on the platform, based on their his-
torical behaviour records. However, there are customer groups of customers who have
not registered on the platform or have no historical purchase information, but who still
play a critical role in driving revenue and sales. Unfortunately, due to a lack of historical
consumption records and purchasing information, these groups have received less research
attention. There is still much research to be carried out on inferring purchase intentions
and predicting the behaviour of customer groups who have no historical purchase infor-
mation. It has been found that predicting purchase intent using historical information is
challenging for numbers of occasional online shoppers [15,16]. For the purposes of this
paper, therefore, ‘anonymous shoppers’ are defined as those with no previous purchase
record. Understanding the purchase intentions of anonymous visitors is crucial as they
account for almost half of online purchases, including occasional and unidentified repeat
shoppers. Previous studies have primarily focused on anonymous customers and have
mined session clickstream datasets to identify known patterns, which are typical cases of
frequent visitors with known purchase intentions [16]. This approach effectively boosts the
purchase conversion rates and revenues for online retailers. However, there is still a need
to explore effective ways to predict the purchase intent of anonymous visitors and improve
the shopping experience for all customer groups.

Customer behaviour on e-commerce platforms can be categorised into two types:
implicit feedback behaviour and explicit feedback behaviour. Implicit feedback behaviour
includes actions such as clicking, favouriting and adding to the shopping basket, which
do not directly reflect the customer’s preferences for products. On the other hand, explicit
feedback behaviour provides a direct indication of customers’ preferences for products
through activities such as giving praise or leaving bad reviews. These behaviours provide
valuable information that e-commerce platforms can use to infer customers purchase intent
and design personalised recommendation systems [17,18]. Group psychology also plays
an important role in influencing customer behaviour. When people are in an unfamiliar
environment, the views and information of social groups can have a strong influence on
their behaviour patterns [19,20]. The feedback behaviour of customer groups on products
reflects their preferences to some extent, which in turn influences product trends. Chang-
ing product trends can have a significant impact on top-selling products [21,22] as they
reflect the popularity of the product on the website and dynamic changes in customer
preferences [15,16].

The aim of this study is to construct a prediction model of customers’ purchase
intentions based on group feedback behaviour and to investigate the cumulative effect of
the model on purchase intentions under different time windows. To achieve this, we used
customer clickstream datasets from Jingdong Mall, a well-known comprehensive shopping
platform in China. Various machine learning algorithms were applied during the session to
test the predictive performance of the model. The ultimate goal was to predict the purchase
behaviour of anonymous customers, which can help improve the purchase conversion rate.

2. Related Work

There are several recent studies that analyse customers’ online behaviour, such as
their historical purchases [11–13], page view history [23], page view rating and time,
search behaviour [24], and psychological perceptions [25–27], to understand consumer
behaviour and preferences. The advantage of these studies is that the experimental data
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are more intuitive and easier to handle, but the disadvantage is that the generalisation and
application of the study’s findings are poor, and they do not provide a better perception
and representation of what consumers really think inside. Clickstream data, which are
naturally generated as customers browse online shopping sites, can provide direct or
indirect feedback on their willingness and preferences. This has become a popular method
for analysing customer behaviour. Currently, applications of clickstream datasets have
focused primarily on customer profiling [28], customer segmentation [29,30], and the
prediction of consumer behaviour [31,32]. However, these studies often fail to account for
change over time and customer interest drift, even when recognising that product trends
can influence product popularity. As a result, there is still a research gap in measuring
product trends based on clickstream datasets and using them to predict customer purchase
intentions. This research will use clickstream data to investigate the prediction of consumer
purchase intent, taking into account product popularity, and thus fill the research gap.

The implicit feedback behaviours of customer groups have been used to describe
product trends and predict the purchase intentions of anonymous customers [15,16]. For
example, Bogina et al. [33] constructed product tendencies from the clicking behaviour
of customer groups at different times to predict customers’ purchase intentions during
sessions. Mokryn et al. [16] used behavioural datasets on viewed and clicked products to
differentiate product trend degree features and combined them with time features to predict
customers’ purchase intentions in the current session. Similarly, Esmeli et al. [15] used
behavioural datasets to determine product popularity and predict the purchase intentions
of anonymous customers in early sessions based on the minimum and maximum popularity
of each session. These studies confirm the role of implicit feedback behaviours based on
customer groups in predicting purchase intent. Unfortunately, these studies have the
disadvantage of considering only a single type of feedback behaviour, such as browsing
clicks, while ignoring other types of implicit feedback behaviours, such as adding to cart,
following, commenting, etc. Our research will attempt to fill this gap by further considering
multiple types of implicit feedback behaviours in the trend-measure construct, and by
exploring the possibility of applying multiple behavioural trend measures to predict the
purchase intention of anonymous customers.

In addition, the explicit feedback behaviour of customer groups can influence the
electronic word-of-mouth of products and further influence customers’ purchase behaviour
or intentions [34–38]. Explicit feedback from customers can be positive (good reviews) or
negative (bad reviews). When customers browse goods, positive and negative reviews are
directly presented to them as a quality signal, which can influence their purchase intentions
and decisions [39–41]. These show that the number of positive and negative reviews of a
product can reflect changes in the electronic word of mouth about the product. It helps to
capture the dynamic preferences of customer groups for products and, in turn, recommends
customers’ preferred products to facilitate purchase behaviour. However, these studies
have not yet defined and explored the nature of the changing trends in positive and negative
reviews and, in particular, they have not used review changes to construct variables that
reflect electronic word-of-mouth trends. Therefore, our research will attempt to address this
shortcoming by proposing to construct variables that characterise eWOM change trends
based on review changes and define them as Product Popularity (POP).

Previous studies can be mainly classified as questionnaire surveys or psychological
experiments, and are usually based on static data, such as a single type of explicit consumer
behaviour characteristic, past shopping experiences, and online review texts, without
considering the cumulative effect over time and implicit feedback behaviour data. This
study focuses more on dynamic trends and cumulative effects over time, taking into account
multiple types of implicit behaviours, and conducts research on predicting customers’
purchase intentions based on popularity and the degree of trend.
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3. Research Methodology
3.1. Data Collection

Our datasets were obtained from JingDong, a leading comprehensive online shopping
platform in China, covering millions of brands in 12 categories, including home appliances,
digital communications, computers, home department stores, clothing and apparel, mother
and child, books, food, and online travel. The anonymous clickstream datasets include
click logs from 10,296 stores, 73 categories, 11,199 brands, and 126,441 products, with a
total of 445,336 sessions and 3,339,730 clicks generated by anonymous customers between
February and April in 2018. Specifically, Jingdong’s clickstream datasets include behaviour,
review, and product logs—including anonymous user IDs, behaviour types and times,
product categories, and stock keeping unit (SKU) IDs in the behaviour logs, and SKU IDs,
total reviews, good and bad reviews, and review times in the review logs. We present the
click events and purchases in Table 1, which shows that approximately 1.7% of sessions
end in purchases.

Table 1. JingDong (JD) dataset general data statistics.

Name Clicks Buying Sessions Non-Buying Sessions Items

JingDong (JD) 3,339,730 7550 437,786 126,441

At the end of each session, we categorise sessions into two groups based on whether
or not a purchase was made, and describe them by the number of clicks in the clickstream
dataset, as shown in Table 1. When consumers click no more than 8 times in a session,
more consumers do not purchase (76.40%) than do purchase (19.36%). Consumers are
more likely to buy than not to buy when they have accumulated eight or more clicks
in the current session, and this gap in likelihood will continue to grow. This trend can
be seen in the line graph as a gradual increase in the relative likelihood of purchase in
Figure 1. Of the non-purchase sessions, those with only one click account for the majority
(24.27%), while sessions with two and three clicks ending without a purchase account for
15.26% and 10.74%, respectively. This means that non-purchase sessions with less than
three clicks account for more than half (50.27%) of all non-purchase sessions. Conversely,
sessions that end with a purchase after only one click represent the smallest proportion of
all purchase sessions, at just 0.46%. Recent research suggests that this behaviour occurs
when shoppers have gathered enough information about the intended product to make
a purchase decision, particularly when discounts are offered during the waiting period.
However, the small proportion of such behavioural sessions suggests that most customers’
purchasing behaviour results from the consideration of the match between products and
needs. At the same time, it also reflects that there are relatively few ‘smart’ shoppers who
buy immediately after waiting-out the promotion period.
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3.2. Modelling the Trendiness of Products and Sessions

We divide the number of implicit feedback behaviours (Pn
i ) generated by the customer

browsing product i within n days into two categories: the number of behaviours received
in purchase-ending sessions (PS) and the number of behaviours received in non-purchase-
ending sessions (NPS).

Pn
i (t) = Σt−1

j−n−1(PS(j, i) + NPS(j, i))

Multi-behaviour product tendency (MBTn
i ) refers to the ratio of the number of implicit

feedback behaviours received by product i in sessions ending with purchases to the total
number of implicit feedback behaviours received by product i in all viewed sessions over
the past n days. In addition, we classify clicks into four types based on different types of
click behaviours on customer pages: attention (SC), add to shopping cart (GWC), review
(PL), and browsing (LL):

MBTn
i (t) =

Σt−1
j−n−1PS(j, i)

Pn
i (t)

=
Σt−1

j−n−1SC(j, i) + GWC(j, i) + PL(j, i) + LL(j, i)

Pn
i (t)

Multi-behavioural session tendency (MBTs): Among all the sessions S occurring for
product i on day t, the session with the maximum product tendency value is defined as the
session tendency.

MBTS(t) = maxiMBTn
i (t)

In addition, we use product tendency based on the number of clicks to obtain the
click-tendency of the product (click-tendency of product, CT) [16,33]. The number of
clicks in all sessions generated by customers browsing product i in time n days (CPn

i ) is
divided into two categories: clicks ending in purchase sessions (PS) and clicks ending with
non-purchase sessions (NPS).

CPn
i (t) = Σt−1

j−n−1(PSC(j, i) + NPSC(j, i)
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Product tendency (CTn
i ): In the last n days, the ratio of the number of clicks received by

product i in sessions ending in purchase to the total number of clicks received by product i
in all sessions that are viewed.

CTn
i (t) =

Σt−1
j−n−1PSC(j, i)

CPn
i (t)

=
Σt−1

j−n−1LL(j, i)

CPn
i (t)

Session tendency based on click behaviour (CTs): Among all sessions S of product i
on day t, the session with the maximum product tendency value is defined as the session
tendency.

CTS(t) = maxiCTn
i (t)

3.3. Modelling the Popularity of Products and Sessions

Product popularity (POPn
i ): The value of the number of positive reviews (Gn

i ) minus
the number of negative reviews (Bn

i ) received for product i in the last n days.

POPn
i (t) = Σt−1

j−n−1(G(j, i)− B(j, i)

Session popularity (POPs): Among all the sessions s on day t of product i, the max-
imum difference between the number of positive reviews and the number of negative
reviews is defined as session popularity.

POPS
n
i (t) = maxΣt−1

j−n−1POPn
i (t)

3.4. Modelling the Temporal and Clickstream Characteristics of a Session

This study describes the time and clickstream characteristics of customer-generated
sessions, as shown in Table 2.

Table 2. Definition of temporal features and clickstream features.

Feature Symbol Definition

Month M The month in which the customer has a session, with
values in the range (2, 3, 4)

Weekday WKD Sunday to Saturday
Festival FES Whether it is a traditional holiday

Dwell time DT The time spent by customers browsing product pages
during current session

Clicks counts CN The total number of clicks generated by the customer
during current session

4. Data Analysis and Results

The aim of this study is to develop a model for predicting customer purchase intentions
based on product tendency and popularity in the form of group feedback. We also seek to
investigate the cumulative effect of the model on purchase intention over different time
windows. Inspired by Mokryn et al. [16], we conduct three sets of comparative experiments
to confirm its validity and applicability. For the classification task of predicting the purchase
intention of anonymous visitors, we train a set of machine learning classifiers to evaluate
the effects of different dynamic features, as shown in Tables 3–5.

The time window for the dynamic in the experiments is set from 2 to 6 days. The three
groups of experiments include four main types of features: product tendency, product
popularity, session time features, and session clickstream features. Product tendency
includes the CT variable and the MBT variable, while product popularity includes the POP
variable. Session time features include month (M), festival (FES), and session dwell time of
a session (DT). Experimental group 1 consists of three experiments: control group, with
the CT variable, and with the MBT variable, as shown in Table 1. Group 2 consists of two
experiments: control group and with the POP variable, as shown in Table 2. Finally, group
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3 consists of three experiments: control group, with the CT variable and POP variable, and
with the MBT variable and POP variable, as shown in Table 3.

Table 3. Experiment about measuring the impact of MBT on purchase intention predictions.

Group-1

Features Control Group with CT with MBT

Trendiness -

Temporal

Month Month Month
Weekday Weekday Weekday
Festival Festival Festival

Dwell Time Dwell Time Dwell Time
Clicks Number of Clicks Number of Clicks Number of Clicks

Window size 2–6 Days

Table 4. Experiment about measuring the impact of POP on purchase intention predictions.

Group-2

Features Control Group with POP

Popularity - POP

Temporal

Month Month
Weekday Weekday
Festival Festival

Dwell Time Dwell Time
Clicks Number of Clicks Number of Clicks

Window size 2–6 Days

Table 5. Experiment about measuring the synergy of POP and CT/MBT on purchase intention predictions.

Group-3

Features Control Group with CT-POP with MBT-POP

Trendiness - CT MBT
Popularity - POP POP

Temporal

Month Month Month
Weekday Weekday Weekday
Festival Festival Festival

Dwell Time Dwell Time Dwell Time
Clicks Number of Clicks Number of Clicks Number of Clicks

Window sizes 2–6 Days

Figure 2 shows our research process, which is mainly divided into two parts: feature
engineering and comparative experiments. In the first part, we use 60% of the data to learn
the dynamic features of the product and construct the lookup table of product tendency
(CT, MBT) and product popularity (POP) under different dates and time windows. The
remaining 40% is then used to generate the anonymous visitor session dataset. Finally, we
calculate the dynamic variable (CT, MBT and POP) based on the lookup table of product
tendency and product popularity. In the second part, we use 80% of the session dataset as
the training set and 20% as the test set. In both datasets, the number of sessions ending
with a purchase is similar to the number of sessions ending without a purchase. Due to
the relatively large proportion of sessions ending with no purchase in the training set,
we randomly down-sample them to reduce data imbalance and train a better model. We
sequentially train 120 models based on different time windows (ranging from 2 to 6 days)
and different experimental groups (6 models in total) using logistic regression (LR), random
forest (RF), histogram-based gradient boosting (HGBDT) and XGBoost (XGB) classifiers.
Finally, we evaluate and compare the models based on their F1 values on the test set.
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Figure 2. Research framework.

4.1. The Effect of Product Trendiness over Different Window Sizes

In experimental group 1, we use the purchase intention prediction model based on
session time and clickstream characteristics as a control group. We evaluate the predictive
quality of the model without product tendency and with the CT variable and MBT variable
included under different time windows. Specifically, we evaluate the predictive perfor-
mance of the model with the CT variable and MBT variable replacing product tendency
over different time windows. For each scenario, the prediction performance is compared
and the four different classifiers are compared separately.

The F1 value is used for the classification performance of the model. Table 6 shows
the prediction performance of different classifiers for anonymous customers’ purchase
intentions across different time windows and product tendencies. Among the three classi-
fiers (HGBT, RF, and XGB), both the CT model and MBT model significantly improve the
prediction performance of customers’ purchase intentions compared to the control group
in each time window. Similarly, the predictive quality of the control groups’ integrated
classifiers decreases as the time window increases. In addition, the tendency of multi-type
behaviour is better than just browsing tendency alone. The above results show that the
MBT model, based on the implicit feedback behaviours of multiple groups, is more useful
for predicting purchase intentions than the CT model alone, which is based on product
browsing and clicking behaviour.

Table 6. The quality of prediction (F1) of the product trendiness model over different time windows.

Days Features
HGBDT LR RF XGB

F1 Precision Accuracy F1 Precision Accuracy F1 Precision Accuracy F1 Precision Accuracy

2
Control group 0.7898 0.7088 0.6927 0.7861 0.6477 0.6478 0.8344 0.7701 0.7660 0.7729 0.7004 0.6720

With CT 0.8033 0.7609 0.7303 0.7863 0.6478 0.6481 0.8680 0.8093 0.8157 0.8004 0.7351 0.7163
With MBT 0.8178 0.8021 0.7593 0.7765 0.6440 0.6356 0.8881 0.8449 0.8473 0.7960 0.8014 0.7376

3
Control group 0.7408 0.6617 0.6499 0.7460 0.5949 0.5950 0.8099 0.7365 0.7489 0.7334 0.6557 0.6403

With CT 0.7799 0.7315 0.7197 0.7458 0.5947 0.5947 0.8624 0.7957 0.8214 0.7610 0.7161 0.6967
With MBT 0.7938 0.7637 0.7447 0.7389 0.5920 0.5869 0.8875 0.8329 0.8568 0.7747 0.7676 0.7295

4
Control group 0.7040 0.6426 0.6361 0.7146 0.5560 0.5560 0.7954 0.7223 0.7469 0.7027 0.6305 0.6267

With CT 0.7425 0.7083 0.6991 0.7144 0.5558 0.5557 0.8495 0.7858 0.8179 0.7226 0.6860 0.6741
With MBT 0.7708 0.7659 0.7435 0.7146 0.5560 0.5560 0.8659 0.8175 0.8415 0.7460 0.7275 0.7102

5
Control group 0.6942 0.6385 0.6495 0.6029 0.6067 0.5871 0.8019 0.7352 0.7721 0.6924 0.6253 0.6394

With CT 0.7514 0.7300 0.7320 0.5425 0.5517 0.5291 0.8612 0.8017 0.8431 0.7255 0.6876 0.6961
With MBT 0.7551 0.7633 0.7465 0.5874 0.5747 0.5586 0.8798 0.8272 0.8657 0.7537 0.7386 0.7369

6
Control group 0.6546 0.6291 0.6383 0.4554 0.6245 0.5694 0.7960 0.7184 0.7702 0.6545 0.6205 0.6327

With CT 0.7230 0.7087 0.7160 0.4522 0.5865 0.5521 0.8528 0.7881 0.8388 0.7061 0.6750 0.6904
With MBT 0.7378 0.7376 0.7364 0.4724 0.6102 0.5676 0.8706 0.8199 0.8614 0.7321 0.7237 0.7277

4.2. The Effect of Product Popularity over Different Window Sizes

Table 7 illustrates the predictive performance of the different classifiers for anonymous
customer purchase intentions across different time windows and product popularity fea-
tures. For each time window with different integrated classifiers, the POP variable group
outperforms the control group in terms of prediction. Product popularity significantly
improves the classifier’s prediction quality of anonymous customers’ purchase intentions.



Systems 2023, 11, 255 9 of 14

These results demonstrate that the POP variable is useful in determining anonymous shop-
pers’ purchase intentions by taking into account the dynamic changes in the electronic
word-of-mouth of products.

Table 7. The quality of prediction (F1) of the product popularity model over different time windows.

Days Features
HGBDT LR RF XGB

F1 Precision Accuracy F1 Precision Accuracy F1 Precision Accuracy F1 Precision Accuracy

2
Control group 0.7898 0.7088 0.6927 0.7861 0.6477 0.6478 0.8344 0.7701 0.7660 0.7729 0.7004 0.6720

With POP 0.7950 0.7274 0.7074 0.7863 0.6478 0.6481 0.8424 0.7723 0.7756 0.7869 0.7146 0.6930

3
Control group 0.7408 0.6617 0.6499 0.7460 0.5949 0.5950 0.8099 0.7365 0.7489 0.7334 0.6557 0.6403

With POP 0.7557 0.6969 0.6827 0.7458 0.5947 0.5947 0.8314 0.7617 0.7793 0.7272 0.6756 0.6487

4
Control group 0.7040 0.6426 0.6361 0.7146 0.5560 0.5560 0.7954 0.7223 0.7469 0.7027 0.6305 0.6267

With POP 0.7194 0.6699 0.6631 0.7146 0.5560 0.5560 0.8196 0.7503 0.7790 0.6985 0.6449 0.6344

5
Control group 0.6942 0.6385 0.6495 0.6029 0.6067 0.5871 0.8019 0.7352 0.7721 0.6924 0.6253 0.6394

With POP 0.7146 0.6734 0.6819 0.5766 0.5856 0.5637 0.8343 0.7677 0.8102 0.6822 0.6642 0.6582

6
Control group 0.6546 0.6291 0.6383 0.4554 0.6245 0.5694 0.7960 0.7184 0.7702 0.6545 0.6205 0.6327

With POP 0.6867 0.6507 0.6668 0.4528 0.5983 0.5577 0.8307 0.7638 0.8136 0.6621 0.6392 0.6479

4.3. The Synergistic Promotion Effect of Product Trendiness and Popularity

We combined the POP variable with the CT variable and the MBT variable to evaluate
the predictive performance of the classifiers on anonymous users’ purchase intentions. The
results show that the POP variable synergistically improves the prediction of anonymous
users’ purchase intentions in both the CT variable and the MBT variable (see Table 8).
Furthermore, the predictive quality of the MBT-POP model is better than that of the CT-
POP in all time windows, indicating that the MBT-POP model has the best predictive
performance among all groups (F1 = 0.9031). Compared to similar studies by Mokryn
et al. (2019), the MBT-POP model performs better across all time windows and achieves
optimal prediction accuracy with only a 2-day time window. These results highlight the
importance of considering multi-behaviour with the MBT variable and the POP variable
when predicting the purchase intentions of anonymous visitors.

Table 8. The quality of prediction (F1) of the MBT-POP model over different time windows.

Days Features
HGBDT LR RF XGB

F1 Precision Accuracy F1 Precision Accuracy F1 Precision Accuracy F1 Precision Accuracy

2
Control group 0.7898 0.7088 0.6927 0.7861 0.6477 0.6478 0.8344 0.7701 0.7660 0.7729 0.7004 0.6720
With CT-POP 0.8044 0.7656 0.7332 0.7863 0.6478 0.6481 0.8767 0.8185 0.8282 0.7836 0.7509 0.7070

With
MBT-POP 0.8267 0.8352 0.7778 0.7728 0.6465 0.6344 0.9031 0.8700 0.8696 0.7995 0.8388 0.7520

3
Control group 0.7408 0.6617 0.6499 0.7460 0.5949 0.5950 0.8099 0.7365 0.7489 0.7334 0.6557 0.6403
With CT-POP 0.7774 0.7399 0.7211 0.7458 0.5947 0.5947 0.8662 0.8069 0.8282 0.7617 0.7185 0.6985

With
MBT-POP 0.8088 0.8082 0.7724 0.7315 0.5960 0.5866 0.9000 0.8625 0.8756 0.7808 0.7900 0.7423

4
Control group 0.7040 0.6426 0.6361 0.7146 0.5560 0.5560 0.7954 0.7223 0.7469 0.7027 0.6305 0.6267
With CT-POP 0.7474 0.7167 0.7065 0.7144 0.5558 0.5557 0.8559 0.7969 0.8270 0.7274 0.6863 0.6776

With
MBT-POP 0.7911 0.7937 0.7685 0.7267 0.5947 0.6094 0.8843 0.8433 0.8648 0.7557 0.7357 0.7207

5
Control group 0.6942 0.6385 0.6495 0.6029 0.6067 0.5871 0.8019 0.7352 0.7721 0.6924 0.6253 0.6394
With CT-POP 0.7516 0.7332 0.7334 0.5464 0.5571 0.5343 0.8714 0.8172 0.8559 0.7349 0.6892 0.7029

With
MBT-POP 0.7760 0.7887 0.7693 0.5766 0.5867 0.5645 0.8966 0.8582 0.8867 0.7542 0.7474 0.7405

6
Control group 0.6546 0.6291 0.6383 0.4554 0.6245 0.5694 0.7960 0.7184 0.7702 0.6545 0.6205 0.6327
With CT-POP 0.7284 0.7195 0.7237 0.4833 0.5796 0.5548 0.8597 0.8008 0.8479 0.7037 0.6783 0.6907

With
MBT-POP 0.7524 0.7679 0.7561 0.4802 0.6038 0.5665 0.8858 0.8473 0.8798 0.7164 0.7612 0.7309

Figure 3 shows the average prediction quality (mean F1) of all experiments conducted
in different time windows for the four classifiers. Specifically, the mean F1 score of the ith
classifier in the jth time window is shown:

Mean F1(i, j) =
1
N∑

N
f1(i, j)
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Figure 3. The mean performance of classifiers over different window sizes.

The random forest algorithm shows the best overall prediction performance of all clas-
sifiers, suggesting its suitability for predicting the purchase intent of anonymous customers.

Comparing the experimental results of the three groups, we obtain the best perfor-
mance with the random forest classifier of the MBT-POP model and a sliding time window
of 2 days (F1 value of 0.9031). It is worth noting that as the sliding time window in-
creases, the F1 value gradually decreases, indicating the importance of recent information
in predicting anonymous customers’ purchase intentions.

To investigate how the model improves the quality of purchase intention predictions,
we compare the prediction performance of the tendency and popularity models under
the random forest classifier with control groups. Figure 4 illustrates how well the best-
performing random forest classifier improves the prediction performance of purchase
intentions under different feature combinations. The vertical axis in Figure 4 reflects the
difference in F1 values between the tendency or popularity model and the control group. Of
all the models, the MBT-POP model shows the most significant improvement in prediction
quality across all selected time windows. Despite the small number of sessions containing
trend products within a time window of 5 to 6 days [16,33], the MBT-POP model achieves
an F1 value of 0.8966 for predicting purchase intentions, which is 9.47% higher than that
of the control group. This result suggests that the MBT-POP model still shows excellent
predictive performance even with small sample data.
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different window sizes.
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5. Discussion and Implication
5.1. Discussion

The aim of this study was to investigate the factors that influence the purchase in-
tentions of anonymous customers. Previous research on online consumer behaviour has
primarily focused on inferring preferences from historical and repurchased customers,
which is not applicable to determining the purchase intentions of anonymous visitors
with limited historical purchase records, occasional online shoppers, and cold-start users.
By identifying the factors that influence the purchase intent of anonymous visitors, we
can gain a better understanding of occasional visitors, who account for nearly half of all
online purchases and are critical to increasing conversion rates and revenues for online
retailers. Using data-driven empirical research, we find that factors such as product ten-
dency, popularity, temporal characteristics and clickstream characteristics based on group
feedback behaviours significantly influence the purchase intent of anonymous visitors.
Through exploratory analysis (Figure 1), we observe that when the cumulative number of
clicks in the current session does not exceed 8, the cumulative proportion of non-purchase
sessions reaches 76.40%, while only 19.36% of sessions end in purchases. However, when
the number of clicks exceeds 8, the number of sessions ending with a purchase exceeds
the number of sessions ending without a purchase, and the probability of sessions ending
with a purchase continues to increase with the number of clicks. Before making a purchase
decision, customers often evaluate the degree of fit between perceived product value and
their own needs, which takes time and effort. We therefore use the number of clicks and
time spent to predict the purchase intent of anonymous visitors at the session level.

From the perspective of the dynamic features of products and sessions, we conduct
further analysis to explore the impact of product tendency, based on the implicit feedback
behaviour of groups, and product popularity, based on dynamic changes in electronic
word-of-mouth, on the prediction of anonymous visitors’ purchase intentions. Using
session time and clickstream features as controls, we conduct three sets of comparative
experiments to address the three sub-questions related to our overall research objective, as
outlined in Section 4. These experiments have confirmed the effectiveness and applicability
of our research.

5.2. Theoretical and Practical Implications

First, we show that the predictive performance of the MBT model, which considers
multiple types of behaviour, is significantly superior to that of the CT model, which only
considers browsing and clicking behaviour. This highlights the importance of product
tendency based on consumer information from various implicit feedback behaviours in
reflecting the dynamic preferences of anonymous customers. During the consumer-decision
process, received information can stimulate preference drift, leading to dynamic changes in
consumer preferences, which are directly reflected in different types of clicking behaviour
during the shopping journey. By considering multiple types of behaviours, our model can
better capture the dynamic changes in consumer preferences, ultimately improving the
accuracy of predicting customer behaviour.

Second, our experiment examines the impact of product popularity on the prediction
of purchase intentions. We find that including the POP variable of popularity in any time
window significantly improves the predictive accuracy of anonymous users’ purchase
intentions. By tracking the changes in positive and negative reviews, product popularity
reflects the identification trends of customer groups for products, which essentially indi-
cates the dynamic trend of electronic word-of-mouth. As the number of positive reviews
gradually increases over time, it indicates that customers’ appreciation of the products
is growing, providing insight into their willingness to purchase based on the level of
electronic word-of-mouth and customer recognition.

In conclusion, our research highlights the synergistic role of product tendency and pop-
ularity based on group feedback behaviour in predicting anonymous customers’ purchase
intentions. As mentioned earlier, product popularity reflects customer identification trends
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and electronic word-of-mouth, while product tendency reveals customer behavioural pat-
terns and dynamic preferences from a behavioural flow perspective. By combining these
two factors, we obtain a comprehensive purchase signal from customers’ implicit and
explicit feedback. Therefore, considering product tendency and popularity together is more
effective and synergistic than focusing on either factor alone.

Furthermore, considering the perspective of machine learning classifiers in our study,
we identify the random forest algorithm as a top performing model. The predictive power
of anonymous customers’ purchase intentions increases with more recent information. In
the random forest classifier of the MBT-POP model, we achieve an optimal prediction
quality (F1 value) of 0.9031, which corresponds to an optimal time window of 2 days.
In addition, we investigate how the combination of different features can improve the
quality of purchase intention prediction. As shown in Section 4.3, the MBT-POP model
shows the greatest improvement in model prediction performance. This highlights the
effectiveness of using two dynamic features based on multi-type behaviour to determine
the purchase intentions of anonymous visitors. In particular, our results indicate that
customers’ purchase intentions are influenced by fashion products and public reputation,
suggesting a social influence on purchasing behaviour.

Our research has important practical implications. First, we suggest that product
tendency and popularity can be used to design recommendation algorithms that target
customers who are infrequent or first-time visitors to e-commerce sites. Second, we rec-
ommend that merchants emphasise the social attributes of their products and focus on
strengthening their word-of-mouth marketing strategies.

6. Conclusions

We present a novel approach to predicting the purchase intent of anonymous customer
groups using clickstream datasets to construct customer behaviour tendency and product
popularity. By considering these factors, we introduce a new perspective to identify changes
in behavioural tendency and product popularity, which helps to detect customer intention
and preference drift. In addition, we discover the optimal prediction time scale and machine
learning methods, which we apply to independent datasets from the real e-commerce
industry to efficiently identify the behavioural intentions of anonymous customer groups.
The MBT-POP model achieves the best prediction accuracy by considering product tendency
and popularity under the random forest algorithm with a time window of 2 days. These
findings provide practical opportunities for structuring a real-time recommendation system
based on predicting anonymous customers’ purchase intentions. However, there are some
limitations to this study. Due to the limitations of the dataset, our research cannot obtain
more information related to product reputation, such as retailer reputation and brand
effects, which could allow for us to have a more comprehensive definition of product
popularity. In future studies, we will continue to explore the predictive performance and
applicability of customer feedback information for different customer types and behaviours.
We will also refine the analysis of how different implicit feedback behaviours (browsing,
favouriting, commenting, adding to cart) affect the prediction of anonymous customer
purchase intentions, and how product tendency affects these predictions.
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