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Abstract. Digital retailers have experienced a high influx of big data coming 
from their consumers’ interactions online, a consequence of the convenience in 
buying goods via E-commerce platforms. Such interactions compose complex 
behavioral patterns which, when analyzed, can provide businesses with oppor-
tunities to understand their consumer needs and improve their satisfaction. That 
can be achieved by the application of behavior or predictive analytics, specifi-
cally customer purchase prediction approaches. There is a diversity of proposals 
employing machine learning and probabilistic models aiming to predict the next 
steps of customers on their online journeys. However, a systematic classifica-
tion of this literature is lacking. Therefore, this paper presents a literature re-
view of recent research dealing with customer purchase prediction in the E-
commerce context. The main contribution is a conceptual framework of analy-
sis, which systematically maps this current literature in three main tasks as the 
prediction of buying sessions, purchase decisions, and customer intents. It also 
provides the applications enabled by those tasks, as well as the predictive fea-
tures and analytics models adopted in those, classified in supervised and unsu-
pervised learning techniques. Finally, it is discussed existing issues worth in-
vestigating in the field of purchase behavior prediction online. 

Keywords: Consumer Behavior, Purchase Prediction, Behavior Analytics, Ma-
chine Learning, Data Mining, E-commerce, Digital Retail. 

1 Introduction 

Online activities generate daily a big data of opportunities for businesses to under-
stand their consumer behavior in E-commerce platforms [1]. Indeed, consumers 
around the globe purchased $2.86 trillion on the web in 2018, up from $2.43 trillion 
in the previous year, which represents an 18% growth1 in online sales. According to 
predictions of the purchasing behavior of customers, companies would be able to 
anticipate their needs and provide personalized services [2,3].  
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However, consumer behavior itself is well known as a complex pattern among the 
data mining community [4]. To analyze such pattern, researchers have been working 
with behavior and predictive analytics, which includes machine learning (ML) and 
statistical models. Those were applied to historical online customer’s transactions to 
predict their next steps [5, 6]. Nevertheless, a mapping and classification of this recent 
literature are missing. Therefore, this paper aims to provide a systematic literature 
review into recent proposals performing purchase behavior prediction in E-commerce 
platforms. We propose a conceptual framework of analysis, which systematically 
maps this literature and provides guidelines on how to deal with customer behavior 
online. The main tasks aimed are illustrated, as well as predictive methodologies and 
guidelines for their application. 

The rest of this paper is organized as follows: Section 2 describes the research 
methodology of the literature review; Section 3 presents results and the main contri-
butions, followed by final remarks in Section 4.   

2 Research Methodology 

The review methodology has followed systematic guidelines and steps from Watson 
(2002) [7] and Kitchenham, et al. (2009) [8]. Inspired by [9], a search query was cre-
ated to collect comprehensive literature within the research scope of purchase predic-
tion in E-commerce. Then, it was applied in the following scientific databases: Sco-
pus, Web of Science, Science Direct, EBSCO Host (Business Source Complete and 
Academic Search Complete), Emerald, IEEE Xplore and Association of Information 
Systems (AIS) library. 

─ Search Query: ”(consumer or customer) AND (purchas* OR buy* OR sale* OR 
shop* OR behavi*) AND (predict* OR forecast*)” 

 
The searches were performed in the abstract field, except for the Web of 

Knowledge (abstract title and keywords were used) and AIS libraries (full text was 
used), due to the characteristics of their search engines. The search period has covered 
papers from 2014 to 2019, only in the English language, which has provided a total of 
9705 exported proposals. The next step removed duplicates and included the inclusion 
filter only to retrieve papers focused on the problem of consumer purchase behavior 
prediction. That has provided a total of 420 papers. 

Next, the exclusion criteria were applied to remove papers not focused on the E-
commerce context. At this stage, the total of papers kept was 28. Based on those pro-
posals, backward and forward (using Google Scholar) searches were conducted, add-
ing 18 and 10 papers respectively. The final number of papers for extraction and 
mapping steps was 56. All those results are available at an extra material repository 
(https://bit.ly/2TUkMB6). 
 

 
 

   1 Digital Commerce 360, Global E-commerce Sales 2019. 
https://www.digitalcommerce360.com/article/global-ecommerce-sales/ 



Customer Purchase Behavior Prediction in E-commerce: Current Tasks, Applications and 
Methodologies    

3 Results 

Table 1 presents all the papers obtained from the literature review. The primary 
grouping factor and contribution of this table is to classify the existing literature ac-
cording to the predictive task targeted, which will be detailed next. Some authors 
focused on evaluating multiple algorithms. Those receive the label “Multiple” in the 
Algorithm column. Abbreviations are adopted for some algorithms, such as Gradient 
Boosting Decision (GB), Random Forest (RF), Multilayer Perceptron (MLP), Support 
Vector Machine (SVM), and Long Short-Term Memory (LSTM). It is also decided to 
report the best performance achieved by each author. An abbreviation is used for the 
metric Area Under the Curve (AUC). However, some papers did not explicitly men-
tion their method’s performance, or focused mostly on evaluating their tools in com-
petitions with specific scores. In those cases, the performance column has the value 
NA (Not Available). 

3.1 RQ 1. What tasks and applications have been addressed in the problem of 
consumer purchase behavior prediction in E-commerce? 

The literature shows proposals targeting three main tasks within the online purchase 
prediction problem. Every task has a different prediction subject, which is described 
below. 

─ Predict Buying Session (PBS): Predict if a current user online session or visit will 
end up with a purchase or not. 

─ Predict Purchase Decisions (PPD): Predict customers purchase behavior concern-
ing their buying decisions. For instance, to foresee what product or category a cus-
tomer will buy; to predict the time or period likely to witness a purchase; to predict 
the next amount customers are likely to spend in their purchases. 

─ Predict Customer Intent (PCI): Predict the intention of customer visits online. 
The types of intentions reported in the literature are purchase oriented or general 
[51]. It has also been categorized within the types browsing, searching, purchasing, 
and bouncing [53]. 

 
Those three identified tasks enable a variety of business intelligence applications 

for online retailers, such as: A) Product Recommendations [12, 66, 51]; B) Targeted 
Marketing [15, 51, 59, 63]; C) Layout Personalization of E-commerce Landing Pages 
[11, 16, 25, 67]; D) Load balance Optimization to Prioritize Quality of Service for 
Likely Buyers [11, 15, 18, 29]; E) Stock Management Optimization of Products [11, 
48, 49]; F) Real-time Customer Service [66]; G) Purchase Trends Discovery [12]; H) 
Offers Awareness Based on Detected Intention of Consumers  [51]. 

Table 1 also brings the business intelligence applications that were the focus of au-
thors in the literature, according to their main prediction tasks. That is reported in the 
column Focused Business Intelligence Applications. 
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Table 1. Proposals collected in this literature review (Ref = Reference; Y = Year; C = 
Customer; P = Product; T = Time; Ch = Channel; L = Location; S = Supervised; U = 

Unsupervised) 
 

Ref Y Task 

Focused 
Business 

Intelligence 
Applications  

Predictive Feature Dimensions 
Algorithm 

Methodology 
Algorithm 

Performance 
Reported by 

Authors C P T Ch L S U 

[10] 2018 

Buying 
Session 
(PBS) 

 

B,C,D,F 

x x x   x  GB 68.78% Recall 
[11] 2018 x x x   x  Logistic Regression 75% AUC 
[12] 2017 x x    x  Multinomial Naïve Bayes 82.91 F1 

[13] 2017 x x x 
 
 

 x  Multiple (GB) 34% F1 

[14] 2017 x x x   x  Multiple (RF) 99.53% Accuracy 
[15] 2017 x x  x   x Association Mining 92% Confidence 
[16] 2017 x x x   x  Multiple (GB) 34% F1 
[17] 2017 x x x x  x  Multiple (RF) 76% Accuracy 
[18] 2017 x  x x  x  MLP 99.6% Accuracy 
[19] 2016 x  x x   x Bayesian Probability Model 91% True Negative 
[20] 2015 x x  x  x  SVM 84% AUC 
[21] 2014 x x x   x  Ensemble 97.2% F1 
[22] 2018 x  x x x x  Multiple (GB) 37% AUC 
[23] 2017 x x x  x x  Decision Tree 57.89% Recall 
[24] 2017 x  x   x  RF 97.3% Accuracy 
[25] 2016 x x x   x  Multiple (GB) 94% Recall 
[26]  2017 x x  x  x  Firthlogit  Regression NA 
[27] 2016 x x x   x  Multiple (Bagging with 1R) 92.9% F1 
[28] 2015 x  x x  x  K-Nearest Neighbor 99.85% Accuracy 
[29] 2015 x x x x  x  SVM 99.94% Accuracy 
[30] 2014 x  x   x  K-Nearest Neighbor 72.4% Accuracy 
[31] 2018 x  x x x x  Neural Network 87.94% F1 
[32] 2017 x x x   x  SVM 76.73% Accuracy 
[33] 2018 x x x   x  LSTM 83.9% AUC 
[34] 2016 

Product 
(PPD) 

A,B,C,E,F,G 

x x x   x  Logistic Regression 32% F1 
[35] 2016 x x x   x  Gradient Boosting Decision 8.66% F1 
[36] 2014 x x x    x HMM and K-Means 14% Error Rate 
[37] 2017 x x x   x  Deep Feed Forward-MLP 53% Hit Ratio 
[38] 2016 x x    x  Logistic Regression 67.6% AUC 
[39] 2015 x x x   x x Multiple NA 
[40] 2015 x x x   x x Multiple NA 
[41] 2015 x x     x Collaborative Filtering MF 12.5% F1 
[42] 2015 x x x  x x  Gradient Boosting Decision 8.318% F1 
[43] 2014 x x    x  Logistic Regression 85% Hit Ratio 
[44] 2018 x x     x Latent Factor Model  53% F1 
[45] 2017 x x x x x x  SVM 96.5% Accuracy 
[46] 2019 x x x   x  Logistic Regression 32% F1 
[47] 2017 x x     x Collaborative Filtering MF 87.94% AUC 
[48] 2016 x  x   x  Logistic Regression 43.62% F1 

[49] 2018 x x x   x x 
Multiple (Expected Maximi-
zation) 

42% F1 

[50] 2019 x x    x  LSTM 67% AUC 
[51] 2018 

Purchase 
Intent 
(PCI) 

B,D,H 

x x x   x  Gradient Boosting Decision 75% Recall 
[52] 2017 x      x Ant Colony Optimization 60% Accuracy 
[53] 2017 x x x x   x K-Means Clustering NA 
[54] 2016 x  x x   x K-Means Clustering NA 
[55] 2015 Buying 

Session 
And 

Product 
(PBS & PPD 

A,B 

x x x   x  GB 85% AUC  
[56] 2015 x x x   x  RF 75% Recall 
[57] 2015 x x x   x  LSTM NA 

[58] 2015 x x x    x 
Deep Networks and Autoen-
conders 

86% AUC 
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Table 1 Cont. Proposals collected in this literature review (Ref = Reference; Y = 
Year; C = Customer; P = Product; T = Time; Ch = Channel; L = Location; S = Super-

vised; U = Unsupervised) 
 

Ref Y Task 

Focused 
Business 

Intelligence 
Applications 

Predictive Feature Dimensions 
Algorithm 

Methodology 
Algorithm 

Performance 
Reported by  

Authors C P T Ch L S U 

[59] 2017 Product 
and 

Time 
(PPD) 

A,E 

x x x   x  Naive Bayes Regression NA 
[60] 2015 x x   x x  Gradient Boosting Decision 8.64% F1 
[61] 2015 x x x   x  Ensemble 4.18% F1 
[62] 2014 x x x   x  Ensemble 6.11% F1  

[63] 2016 
Time 
(PPD) 

E x x x   x  Ensemble 70% AUC 

[64] 2016 
Time and 
Amount 
(PPD) 

B,E x x x  x  x Bayesian Probability Model 62% AUC 

[65] 2014 

Buying 
Session and 

Amount 
(PBS & 
PPD) 

A,B,E x  x    x Bayesian Probability Model NA 

3.2 RQ 2. What methodologies have been adopted to predict consumer 
purchase behavior online? 

Researchers have been working with machine learning and statistical methods to 
model the complex customer purchase behavior online [5]. Predictive models general-
ly work by: 1) Identifying underlying patterns based on descriptive features in da-
tasets, and 2) creating a model able to identify those patterns in new instances [68]. 
The answer to this research question is provided through Figure 1, which brings a 
conceptual framework of analysis to summarize the behavior and predictive analytics 
literature for customer purchase prediction online. 

A Conceptual Framework of Analysis for Customer Purchase Prediction Online. 
The framework starts with the data layer, illustrating how consumer behavior is mod-
eled to predictive analytics. In the data preprocessing layer, it is highlighted the pros 
and cons of adopting each of the identified strategies to preprocess consumer data. 
The predictive layer shows when to adopt each of the identified methodologies for the 
main tasks of predicting customer behavior. The penultimate layer shows which tasks 
enable what business intelligence applications, as identified in Subsection 3.1.  
 
Data Layer. Customer behavior in E-commerce is captured through datasets of past 
online sessions, shopping logs, and click-stream records. Those are transformed into 
transactions from which researchers derive descriptive features to explain the com-
plex user behavior online. To provide a systematic view on that, we provide a data 
layer classifying those features, inspired by [2], in dimensions and sub-dimensions.  
Every dimension supports in explaining and predicting customer behavior from dif-
ferent perspectives, which bring some benefits for predictive tasks on that data. 
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Fig. 1. A conceptual framework of analysis for the literature in behavior and predictive analyt-
ics for customer purchase prediction online. (Legends for applications enabled by tasks: A = 
Product Recommendations; B = Targeted Marketing; C = Layout Personalization; D = Server 
Load Balance Optimization; E = Stock Management; F = Real-time Customer Service; G = 
Purchase Trends Discovery; H = Offers Awareness) 

─ Customer: reveals the profile of every consumer, and enables their segmentation 
by demographics and clicking behavior within their visiting sessions online. Bene-
fit: can support in tackling the cold start problem, and in predictions for customers 
without purchase history by clustering them according to their similarities.  

─ Product: relates to the raw characteristics of products which consumers buy online. 
Benefit: supports the detection of what are their interests regarding prices and 
tastes, narrowing down potential recommendations, and targeted marketing cam-
paigns. 

─ Time: timestamps of consumer transactions. Benefit: supports the prediction of 
when events can happen based on previous timestamps and seasonal patterns, op-
timizing the decision for the best moment to target a customer.  

─ Channel: relates to characteristics of accessing devices and touchpoints between 
consumers and an E-commerce platform. Benefit: enables the assessment of what 
factors influence customer purchase likelihood when adopting different channels to 
reach out an online shop, such as mobile and online, or organic and paid marketing 
campaigns.  

─ Location: contains information about the location of consumers. Benefits: helps in 
identifying patterns according to the spatial placement of consumers. For instance, 
in [42, 45, 60, 64] the authors adopt customers location in order to capture underly-
ing relationships between their purchases and the influence of their zip code, city 
or state location level.  

Data Preprocessing. In order to derive predictive features out of those dimensions, 
researchers adopt Feature Engineering or Feature Learning modeling strategies.  
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─ Feature Engineering: refers to researchers and experts applying aggregating func-
tions such as counting and ratios to create further explanatory variables. For exam-
ple, [35] counts user clicks in specific product categories and input that to an ML 
model, so to detect the most likely item a customer will buy. The advantage of Fea-
ture Engineering is the interpretability of the variables created. On the other hand, 
the con is the usual time-consuming task of creating those variables. 

─ Feature Learning: relates to automatically deriving new explanatory variables 
from raw features. In this literature, researchers have achieved that through the ap-
plication of Recurrent Neural Networks, LSTMs, and Autoencoders [33, 50, 57]. 
From raw features, those models generate embeddings, which are vectors of real 
numbers learned from the hidden relationships between features and their correla-
tion to a target variable.  For instance, [57] adopts a bidirectional recurrent neural 
network based on LSTM, so their model can learn session features directly from 
the raw variables in those sessions. The advantage of Feature Learning tackles the 
con of Feature Engineering, as it reduces the time of manually creating explanatory 
features. Moreover, Feature Learning enables the discovery of hidden correlations 
and relationships between variables, which is not possible through the engineering 
strategy. The human behavior is already a complex pattern, which supports the po-
tential adoption of this approach for preprocessing it. On the other hand, the inter-
pretability of the features learned gets compromised. However, it is observed Fea-
ture Learning for consumer behavior online is still a little explored area, and it 
should be further investigated due to its potential well noted for other domains with 
complex patterns, such as computer vision and natural language processing [70]. 

Predictive Layer. It was detected two main approaches for consumer purchase behav-
ior in E-commerce. The first, supervised machine learning, is adopted by the majority 
of researchers. Authors here focused on providing labeled past instances of buying 
sessions, purchase decisions, or intents as described in Subsection 3.1, along with 
descriptive features for training a predictive model. It then learns to output those la-
bels for new instances [46]. The second approach is unsupervised machine learning, 
where unlabeled sessions and purchase transactions are given to a model which will 
discover patterns in similar instances and group them for providing predictions. For 
instance, in [53, 54], the authors successfully employed the K-means algorithm to 
segment customers based on variables regarding their clickstream behavior. After 
obtaining those segments, similar customers were closer regarding their search pat-
terns as buying, searching, browsing, or bouncing. 
 It is also possible to deeply discuss the methods adopted in this literature from 
different perspectives, such as modeling and interpretability. 

─ Modeling: Another insight is the major focus of researchers on static machine 
learning algorithms. Those learn and deal with every transaction from customers 
independently. The most used algorithms in this literature fit into this category, 
such as Logistic Regression [11, 13, 14, 16, 17, 63, 35, 21, 23, 25, 36, 26, 44, 46, 
48, 49, 38, 39, 58, 62, 43], Gradient Boosting Decision [10, 51, 13, 16, 63, 35, 22, 
25, 50, 40, 55, 62], Random Forest [10, 14, 17, 34, 63, 21, 22, 24, 56, 61, 58, 62], 
Multilayer Perceptron [18, 21, 37, 31, 39] and Support Vector Machines [20, 21, 
45, 32, 29]. On the other hand, there is sequential machine learning, which explicit-
ly models the dependency between past customer transactions and current events. 
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Examples are recurrent neural networks, which are only adopted in three proposals 
[33, 50, 57]. This sort of algorithm is interesting as it has the capacity of naturally 
capturing the evolving consumer behavior over time. However, this aspect is still 
not widely explored in this literature. 

○ Example: When adopting sequential models, the aim is to capture patterns in 
consumer transactions such as “She is buying a phone case after purchasing a 
smartphone”. Literature reports the potential of investigating successive cus-
tomer interactions, respecting the order of their previous records, as it gives 
clues on their next steps [71].  
 

─ Interpretability: Finally, it is noticed the majority of authors reporting higher 
performances as those applying supervised learning algorithms, which also have a 
black-box nature. Examples are Support Vector Machine for PBS and PPD tasks  
(99.94% and 96.5% Accuracy, respectively) and Gradient Boosting Decision Trees 
for PCI (75% Recall). In unsupervised settings, Deep Networks & Autoencoders 
are the highlights for PBS & PPD (86% AUC). It is not possible to interpret the 
decisions of those models. Indeed, interpretability seems not to be the focus on this 
recent literature. It would be interesting to carry on more research on such aspect, 
given the rise of privacy policies with the General Data Protection Regulation 
(GDPR) in Europe, which demands explanations even from machine learning 
models for decisions involving consumer’s data.  

○ Example: When enabling interpretability from models with high perfor-
mance, it is possible to benefit both retailers and customers. Retailers get the 
benefit of understanding particular aspects influencing customer behavior, 
which can help them in improving their models. Customers will receive ex-
planations for their recommendations, which can support in the convincement 
and provision of personalized services to match their needs. For instance, a 
retailer would be able to identify if the location, time, or previous products 
purchased are influencing the current order of a customer. The customer 
would better understand his purchase behavior, and optimize future decisions 
for deals and bundles. 

4 Final Remarks 

This study has provided a systematic literature review of recent proposals in consum-
er purchase prediction in E-commerce. It was noticed that each author provides its 
particular strategy to predict consumer behavior online, but a general framework for 
that is lacking. We provide a conceptual framework of analysis as a first approach in 
this direction. Researchers and practitioners can now better visualize how to systemat-
ically manage and analyze the complex behavior of their customers in E-commerce.  

This framework presents the consumer behavior classified in five contextual di-
mensions, and few authors have been working with all those contexts, which can be 
further investigated in this field. Moreover, feature learning for behavior analytics 
online is an ongoing area and needs further investigation due to its promising results 
in different fields with complex patterns.  
Future Research Directions. The adoption of benchmark datasets for a performance 
evaluation of the methodologies identified in every task. We aim to provide recom-
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mendations for techniques according to the complexity of the three prediction tasks 
revealed by this review. Another little explored area and future aim is the evaluation 
of predictive methodologies in multi-task settings, such as to forecast the next prod-
uct, purchase time, or amount a customer will likely buy. There is also the possibility 
of profoundly exploring sequential machine learning to capture the evolving consum-
er behavior, and the assessment of interpretability for purchase predictions. That 
would also enable the optimization of predictive models and improved human-
computer interaction, as customers would visualize the reasons for why they are being 
recommended or targeted special services.  
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