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Machine Learning (ML) and Econometrics models are a powerful tool for developing and 

testing theories by way of prediction, causal explanation and description. In many businesses, 

the priority and focus are; do I predict, or do I explain? Nearly all decisions are based on 

predictions and causal explanation, whether more intuitive or deliberative. This thesis, which 

is divided into three papers, explores the use of prediction methods and causal explanation, 

with applications to financial markets and marketing/e-commerce.  

 In paper one, we compared the accuracy of deep and shallow architectures by predicting 

thirty-four different stock indices across different time horizons (daily, hourly, minute and tick 

level) using financial market data. We contribute to the ML literature by exploring the degree 

to which is possible to predict stock price indices across different time horizon and markets.  
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 Paper two explore the use of behavioural data from a large retail organisation to 

understand cross device browsing behaviour. These allows us to fill an important gap that exists 

in marketing/e-commerce literature, about which platform offers higher conversion rates and 

how online consumer browsing and buying behaviour differs among these platforms. Despite 

conversion rate across devices, a large proportion of consumers leave items in their shopping 

cart without completing a purchase in a session. This is referred to as cart abandonment. 

Industry report shows the rate of cart abandonment across all sectors of 75.6%.  

In paper 3, we developed a unified framework using a recursive bivariate probit (RBP) 

model to explain the differences in online shopping cart abandonment across mobile and non-

mobile devices. To our knowledge, extant research has not examined online shopping cart 

abandonment across mobile and non-mobile devices with field data or e-commerce click 

stream data. Our framework used features such as when shoppers have high basket values, 

browsing in the evening, if reading reviews on mobile vs non-mobile channel and numbers of 

attempted credit card failures on mobile vs non-mobile channel to understand device 

differences. 

In summary, this thesis offers insights into decision-making using prediction methods at the 

algorithmic and individual level. 
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Chapter 1 Introduction 

 

1.1.1 ML Prediction - Financial Market 

Accurately predicting changes in stock price indices is potentially profitable but also a difficult 

challenge due to the high degree of uncertainty involved. Proponents of the efficient market 

hypothesis (EMH) argue that it is impossible to generate abnormal returns through ‘more 

informed’ investment decisions (Titan, 2015). However, the accelerated use of advanced 

algorithms has led to the identification of opportunities to trade profitably on model predictions 

(Chang et al., 2009; de Oliveira et al., 2013; Huang et al., 2008; Schumaker & Chen, 2009). 

Many techniques have been developed which can aid with this prediction task. For example, 

ML techniques have been employed due to their ability to handle non-linear data (Krauss et 

al., 2016). The most widely used ML models, such as ANN and SVM (Zhang & Wu, 2009; 

Chang et al., 2009; Mittermayer, 2004; Huang et al., 2005; Hsu et al. , 2016) however suffer 

from limited architectural depth, making it difficult to generalize on the data thereby providing 

inefficient and biased estimators. Deep feedforward Neural Networks (DNN), which are 

increasingly seen as an ML tool, have had important empirical successes in a number of 

traditional AI applications (Bengio et al., 2009). 

Krauss et al. (2016) were the first to compare DNN, gradient-boosted trees and random 

forests with several ensemble models in the context of statistical arbitrage. Each model was 

trained on lagged returns of all stocks in the S&P 500 financial market, after elimination of 

survivor bias. They used sliding window methods to forecast one-day-ahead trading signals. 

Using out of sample data, they found that the ensemble algorithm was able to generate 0.45 

percent return on a daily basis. However, when they compared the predictive accuracy of the 

three algorithms, random forests outperformed DNN and gradient-boosted trees. They noted 

that careful hyper-parameter tuning of DNN could have improved its performance. Fischer et 
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al. (2017) applied a subset of Recurrent Neural Networks (i.e. Long Short-term Memory, 

LSTM, networks) to financial time series predictions using a single stock market index. They 

found that LSTM networks outperform memory-free classification methods, i.e., random forest 

(RAF) and a logistic regression classifier (LOG). In addition, Eunsuk et. al. (2017) constructed 

a DNN using stocks returns from the KOSPI market (the major stock market in South Korea) 

to examine the effect of three unsupervised feature extraction methods (principal component 

analysis, autoencoder, and the restricted Boltzmann machine) on the network’s overall ability 

to predict future market behaviour. They found that DNN can extract additional information 

from the residuals of the autoregressive model to improve prediction performance. 

A review undertaken by Hsu et al. (2016) indicated that shallow architectures, such as 

SVM and one-layer NN, are currently the main methods employed for predicting movements 

in stock price indices. As indicated above, only a handful of studies have employed deep 

architectures. This may be linked to the fact that DNN in general can handle different classes 

of structured and unstructured datasets better (used for images, text and time series data: see 

LeCun et al., 2015). In addition, support vector machines (SVM) and/or one-layer NN may be 

the most widely used methods for financial market forecasting, because of their ability to 

recognize patterns in nonlinear, dynamic time series data (Chang et al., 2009; Lee, 2009; 

Zbikowski, 2015). 

Hsu et al. (2016)’s extensive survey covered 28 markets, including 12  in the US and 

seven in Taiwan. The most popular prediction method in these papers was ANN while only 

four studies considered both ANN and SVM. One of the interesting findings of the Hsu et al. 

(2016) survey was that very few studies evaluate prediction models in a dynamic fashion i.e. 

with a sliding window approach. Rather, the prevailing approach, used in 25 out of 28 previous 

studies, is to split a financial time series into a training and a hold-out test set. We refer to this 
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approach as ‘static’ because it uses the same prediction model throughout the whole testing 

period, without updating. 

To increase predictive accuracy using SVM and/or one-layer NN, some authors have 

suggested the use of more dimensions to augment existing stock price data (Pan et al., 2005; 

Kara et al., 2011). Pan et al., (2005) presented a computational approach for predicting the 

Australian stock market index (AORD), using multi-layer feed-forward neural networks from 

the AORD time series data and various interrelated markets. They noted that effectively 

selecting the data that is fed into a NN can improve the predictive accuracy. They showed that 

by including additional dimensions to augment existing datasets, they could produce an 80% 

prediction accuracy. Others have proposed a multi-stage approach to financial market 

forecasting, by first selecting an optimal feature extraction before developing ensemble models 

(Huang et al., 2008).  

Our review of the stock price index prediction literature has highlighted four key gaps. 

First, the effectiveness of DNN ML methods for predicting stock price indices has not been 

compared to the predictive performance of existing methods which employ a shallower 

architecture across several major financial markets. Second, a holistic performance evaluation 

of two of the mostly used activation functions – RELU & TANH for predicting stock price 

indices has not been undertaken. In developing a deep feedforward NN, one needs to select the 

most appropriate activation function for the data. Much of the theoretical literature suggests 

that RELU (Bengio et al., 2007) greatly accelerates the convergence of stochastic gradient 

descent (SGD) compared with other functions (Krizhevsky et al., 2012). Unfortunately, RELU 

units can be fragile during training and can ‘die’ or vanish (He et al., 2016) when using the 

backpropagation algorithm. Jarett et al. (2009), working with the Caltech-101 dataset (a dataset 

of digital images available online for public use for a computer vision task) found that the 

nonlinear TANH activation function worked particularly well with their type of contrast 
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normalization, followed by local average pooling. It is likely that different data will respond 

particularly well to the use of either the RELU or TANH activation function because RELU 

zeroes out negative values while TANH does not. Third, a comparison of the accuracy of a 

range of ML methods when predicting stock prices indices across a variety of time horizons 

(i.e. daily, hourly, minute and tick level) has not been undertaken. Most literature exploring the 

degree to which is possible to predict stock price indices has focused on one specific time 

horizon across one or two markets (see the survey in Hsu et al., 2016). This prevents firm 

conclusions being reached concerning the most appropriate methods for predicting a wide 

variety of stock indices (which may operate under different market conditions) across different 

time horizons. Fourth, no comprehensive comparative study of the predictive accuracy of DNN 

and alternative ML methods for predicting stock price indices in developed vs. emerging 

markets has been conducted. DNNs have shown some promising results using tick data in some 

emerging (cf. developing) markets, but SVM has been shown to produce more accurate 

predictions in other emerging markets (Alexandre, Pedro & Sabino, Sarah & Albuquerque, 

Pedro, 2015). Therefore our first paper, “Comparing the effectiveness of deep feedforward 

neural networks and shallow architectures for predicting stock price indices”, helps fill 

these important gaps in the literature. 

We have focused on predicting national stock indices because these indices were used 

in the majority of previous ML studies that predict direction of price changes (e.g. Bodyanskiy 

& Popov, 2006; de Oliveira et al., 2013; Huang et al., 2008; Huang et al., 2005; Pan, 

Tilakaratne, & Yearwood, 2005; Qian & Rasheed, 2007). We included 34 financial indices 

measured over six years from 32 countries to cover both developed and emerging markets, 

since one of the aims of the study is to compare the performance of DNN in emerging vs. 

developed markets. In addition, to ensure comparability, we wanted to use the same period for 

each market. This restricted the sample period because the availability of intraday data was 
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limited and, for many markets, was only available from 2008 onwards. This required us to 

choose the data period where intraday data was available for most markets between 1 Feb 2008 

- 19 Feb 2014 (6-year period with 1500 trading days) with the exception of the Brazilian market 

for which we only had data for 4 years between 1 Feb 2010 – 19 Feb 14. The raw data contains 

prices for each market at tick level. We were then able to transform/expand the tick-level data 

into minute, hourly and daily level data across multiple markets to explore the sensitivity of 

DNN algorithms to various time horizons and to different degrees of financial market 

complexity.  

Our results showed that when employing daily and hourly data, shallow architectures (SVM 

and one-layer NN) produce more accurate stock index predictions than DNN. These results are 

in line with earlier studies which showed shallow architectures produce better predictions when 

the dataset is small. It has been suggested that this arises because the data does not have a 

complex structure (Bengio et al., 2007).  

As expected, we found that the accuracy of stock index price predictions using a DNN 

model were significantly better than that, achievable using other commonly employed ML 

techniques (SVM and one-layer NN) when the data size increased significantly (i.e., when 

using minute level data). However, we cannot accept the hypothesis that predictive accuracy is 

higher using DNN (cf. SVM and one-layer NN) for all intraday time horizons, because, when 

using tick data (over 10 million cf. 800,000 observations for minute level data)), the predictive 

accuracy of DNN models using both types of activation function were no better than that of 

SVM. This may appear surprising, as previous studies have suggested that the performance of 

DNN improves as data size increases. As part of our paper peer review process with the Journal 

and before publishing paper 1, we compared the latest ML techniques, such Recurrent Neural 

Networks (RNN), with DNN. Our results still hold concerning DNN’s accuracy. 
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In addition, Cho et al. (2016) found that an increase in the size of training data for DNN led to 

improvements in predictive accuracy up to a certain point (an increase from 5 to 50 training 

images), after which accuracy did not change substantially, regardless of the training size. This 

might explain the behaviour we observed using this data. 

Our results showed that the RELU activation function produces more accurate stock 

price index predictions than TANH across all time horizons. According to Krizhevsky et al., 

(2012), the biggest advantage of RELU is the non-saturation of its gradient, which greatly 

accelerates the convergence of the stochastic gradient descent compared to the TANH 

functions. Another nice property is that, compared to TANH neurons that involve expensive 

operations, the RELU can be implemented by simply thresholding a matrix of activations at 

zero. All independent variables used in our analysis had values of x > 0 which solved the issue 

of vanishing gradients - unlike TANH which produced dead neurons during computation. 

Our results do not fully support the hypothesis that the predictive accuracy of DNN is 

generally greater for emerging markets than developed markets. In fact, there was no 

significant difference in predictive accuracy in emerging markets when using DNN and SVM 

for daily, hourly, and minute level data. However, we did observe higher predictive accuracy 

when using DNN (cf. SVM) to forecast whether a stock price index rises or falls using tick 

level data for three specific emerging markets: Thailand, Malaysia and the Czech Republic. 

Sutsarun et al. (2014) studied the impact of coups d’état in Thailand in 2006 and examined the 

effect on both short-run and long-run dynamics return, volatility, liquidity, and liquidity risk 

of returns on the Stock Exchange of Thailand index over the period of 1 January 1996 to 31 

December 2011. They used tick data in their analysis and found that the immediate reaction to 

the coup was more evident in the stock market with a reduction in stock return. This period 

overlaps with the data used for our analysis and could explain why DNN was able to capture 

the complexity better than shallow architecture in this market. Similarly, it has been found that 
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Central and Eastern European countries (CEEC), such as the Czech Republic, suffer from the 

spill-over effect transmitted from major stock market turmoil in the USA and China (Deltuvaitė 

Vilma, 2016). The collapse of Lehman Brothers bank in United States in 2008 was the most 

significant shock transmitted to stock markets. Their empirical results also suggest that the 

transmission of other systemic shocks (e.g. the Middle East financial markets crash (May 

2006), the Greek debt crisis (April 23, 2010), Portugal’s debt crisis (May 16, 2011)) to some 

of the CEECs countries was also observed. This also overlaps with the data we observed for 

this market and could explain why shallow architectures were not able to match the 

performance of DNN. In Malaysia, Leow and Evelite (2015) examined the presence of a 

political cycle in Malaysia stock market returns and volatilities between February 1982 and 

April 2012. They claimed that Malaysia stock market tends to overreact to unexpected political 

events, such as the removal of Deputy Prime Minister and the resignation of Prime Minister. 

Their study further showed that the presence of a political cycle in Malaysia stock market 

volatilities is statistically significant, which indicates that investors use asymmetric treatments 

for the election information and the government policy. Using DNN in such markets with a 

RELU activation function was in turn able to capture the sudden change in market dynamics. 

1.2.1 Causal Inference - Marketing/e-Commerce 

Marketing managers, retail practitioners, and advertisers alike are facing a problem of low 

browsing-to-buying conversion rates. The vast majority of online browsing does not convert to 

a sale during that online session. An immediate online conversion is more desirable to retailers 

as it precludes channel-switching and provider-switching. Understanding customer browsing 

behaviour on different devices, including their smartphone, tablet, or personal computer (PC, 

which includes both laptops and desktops) is important for scholars and marketers alike. To 

address low conversion rates, managers seek knowledge about cross-platform online consumer 

behaviour. This managerial problem concerns conversion rates among device types in 
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electronic commerce (hence, e-commerce), which broadly refers to online shopping via , such 

as PCs. It also concerns a more specific form of e-commerce -mobile commerce (hence, m-

commerce), which informally refers to online shopping from consumers’ mobile devices, such 

as smartphones and tablets such as iPads. Managers may ask questions, such as which platform 

offers higher conversion rates and how online consumer browsing and buying behaviours differ 

among these platforms. 

In addition to being a contemporary managerial problem, this topic has a global 

economic significance as seen by industry trends. For example, eMarketer estimated that US 

consumers will spend $709.78 billion on ecommerce in 2020, an annual increase of 18% 

(eMarketer, 2020). According to retail analysts at GlobalData, over half of UK consumers shop 

online, with an increase of 29.6% forecasted between 2019 and 2024. In the most recent survey 

by Capgemini IMRG eRetail, a quarterly sales index using data from 210 UK retailers, over 

40% of online sales were made via phones in the fourth quarter of 2018/2019. 

Consistent with the IMRG industry report, some scholars found that mobile devices are the 

medium of choice when shopping online (de Haan et al., 2018; Xu, Kaiquan et al., 2017). Yet, 

a preference for mobile devices when shopping does not necessarily mean they will be used to 

make the most purchases. Few scholars have looked at the roles of mobile devices and purchase 

patterns (Kannan and Li, 2017; Shankar et al., 2016; Verhoef et al., 2017).  

Despite the rising importance of m-commerce, it is worth understanding shopping from a PC 

because PCs may have a higher conversion rate compared to mobile platforms. There may be 

a conversion gap in e-commerce, which is a significant discrepancy in browsing vs. purchasing 

on one e-commerce platform compared to another e-commerce platform. Extant literature in 

this domain falls into three main categories: m-commerce, cross-device consideration in e-

commerce, and electronic shopping carts. 
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 M-commerce refers to a subset of e-commerce. Formally defined, mobile commerce is 

a phenomenon that meets all the following five characteristics (Balasubramanian, 

Peterson, and Jarvenpaa, 2002). One, it involves communication (one-way or 

interactive) among humans or with humans and a device. Two, the ability to 

communicate does not require being at a fixed physical location. Three, the ability to 

communicate must be able to be maintained continuously during substantial physical 

movement between locations (e.g., Luo et al., 2014; Fong et al., 2015; Andrews et al., 

2016; Dube et al., 2017; Li et al., 2017). Four, communication signals must be carried 

by electromagnetic waves. Five, there is economic benefit from the communication. 

 

 Cross-device consideration: Studies, such as Xu et al. (2017) and de Haan et al. (2018), 

fall under this category. Xu et al. (2017) were the first to investigate the cross-device 

impact on conversion rates. Specifically, the authors examined any complementary and 

substitution impact of the tablet channel on the smartphone and PC channels. They 

leveraged a dataset from Alibaba—the largest e-commerce firm in the world—and 

exploited a natural experiment via the iPad app introduction. Their results showed that 

users’ adoption of tablets enhanced the overall growth of Alibaba’s e-commerce 

market, with an annual increase of approximately US $923.5 million. Their approach 

is limited to cross-device browsing “as instances where users browse on two different 

devices within a one-hour time window” (p. 1486). De Haan et al. (2018) was only the 

second paper to analyse browsing patterns across three main devices; PCs, smartphones 

and tablets. They investigate the role of device switching on online purchasing and find 

that the increased penetration of mobile devices has a significant impact on customers’ 

online shopping behaviour, with customers frequently switching between mobile and 

fixed devices on the path to purchase. The authors examined device switching by 
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analyzing clickstream data from a large e-tailer and applying propensity score matching 

to account for self-selection in device switching. De Haan et al. (2018) also found that 

when customers switch from a mobile device, such as a smartphone, to a stationary 

device, such as a desktop, their conversion rate is significantly higher.  

However, there are opportunities to build on this work. Specifically, since then, mobile 

devices have become more prevalent in the life of many consumers. Mobile 

applications have also improved, which might lead to changes in previous research 

findings. Furthermore, they focused on purchase completion as a binary outcome. 

Building on Xu et al. (2017) and de Haan et al. (2018), our work explored the nature of 

cross-device browsing and offered new insights concerning the impact of cross-device 

browsing on purchase conversion and frequency. In particular, our research considered 

session level pattern browsing and conversion among three different devices, PCs, 

smartphones and tablets. This represents a more comprehensive approach to examining 

cross-device browsing. Last, we went a step beyond considering purchase completion 

as a “zero-one” variable, and investigated frequency of purchase completion (or 

buying) within a session, to allow for the possibility of a consumer completing multiple 

orders within the same shopping session.  

 The third existing relevant research stream pertains to consumer online shopping cart 

use and abandonment, with abandonment representing a break in the link between 

placing an item in an e-cart and purchasing. Drivers of e-cart use that were identified 

included utilitarian motivations, such as completing a current purchase, organization of 

items of interest and research/information search, as well as hedonic motivations, such 

as entertainment (Close and Kukar-Kinney, 2010). The fact that not all motivations are 

goal-directed towards purchasing can partially explain the low conversion rate from 

shopping to buying. Kukar-Kinney and Close’s work (2010) went a step further by 
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studying the determinants of e-cart abandonment specifically and identified drivers, 

such as frustration with the shopping process, loading time, and total cost of the order, 

which contribute to the break in the conversion from online shopping to buying. 

However, this early work was not specific to m-commerce, nor does it examine break 

in conversion across different device types. Huang, Korfiatis and Chang (2017) 

extended the work by Close and Kukar-Kinney (2010) and Kukar-Kinney and Close 

(2010) to bring in the concepts related to hesitation on the mobile platform. They 

examined consumers’ attitudes toward mobile shopping including the roles of conflicts, 

hesitation, and ambivalence in consumers’ mobile shopping cart abandonment. While 

the context is mobile, the investigation lumps all mobile device together without 

specifying the focus (e.g., tablet or smartphone). 

In particular, we considered session-level pattern browsing and conversion among PCs, 

smartphones and tablets. This represents a more comprehensive approach to examining cross-

device browsing than has been done in the past. Last, we went a step beyond considering 

purchase completion as a zero-one variable, and also investigated frequency of purchase 

completion (or buying) within a session to allow for the possibility of a consumer completing 

multiple orders within the same shopping session. Our second paper, “A cross-device 

examination of conversion rates from online browsing to online buying: the online path 

to purchasing” made novel contributions in three ways. First, this was the first study to 

empirically study cross-device e-commerce along with different touch points across various 

stages of the online path to purchase. Second, we expanded the operationalization of cross-

platform e-commerce to include PCs, tablets and smartphones. Third, we expanded knowledge 

on electronic shopping cart use by being the first to examine the effect of existing items in a 

consumer’s cart from past shopping sessions on purchase frequency.  
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We used individual-level clickstream data from a large multinational online retailer to 

develop an empirical model to explain consumers’ browsing and purchasing behaviour across 

different device types. The online retailer is a British sport brand, clothing, footwear and 

home products retailer with a strong multi-national presence. For the study, we used 

observations from customers who engaged in at least two sessions to determine how the 

previous session influenced the current session. The online retailer defined a session as one 

continuous period during which the customer is active on the website. An online shopping 

session starts when the customer enters the online retailer's website and ends when the 

customer actively leaves the website or when the customer is inactive for 30 minutes or more.  

We used data from registered customers because registration is necessary to complete the 

purchase and it is not possible to capture device switching by unregistered users. We used 

sessions that belong to the same path to purchase as defined by Li and Kannan (2014); that is,  

as multiple touch points that a customer makes before conversion. If, for example, a customer 

uses a smartphone in one session but does not convert and returns in the next session using a 

PC and eventually converts, the two sessions were considered to belong to the same path to 

purchase. Our data contained device unique IDs, which allowed us to track and link a consumer 

identifier to the devices used on the website during each visit. The final sample included 55,500 

unique customers who engaged in 958,859 usable sessions. For each session, the data included 

information regarding which device was used to visit the website. The dependent variable of 

interest was the frequency of purchase completion within a single shopping session, which is 

novel compared to past work that only captures if a sale was made or not. Some researchers 

have investigated purchase quantities (Boatwright et al., 2003), but the factors that impact 

frequency of purchasing per session across multiple device types have not been explored. 

Endogeneity in marketing models can lead to biased coefficient estimates (Germann, 

Ebbes, & Grewal, 2015; Papies, Ebbes, & Van Heerde, 2017). As consumers were not 

https://journals.sagepub.com/doi/full/10.1509/jm.15.0138
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randomly assigned to the treatment (device type) but self-selected the treatment, different 

device users could vary systematically across the different device type groups. To account for 

this potential self-selection bias (Garnefeld et al., 2013), we employed propensity score 

matching (PSM) and created an artificial control group. First, in a binary logistic regression, 

we calculated each customer’s propensity to use a particular device (PC vs mobile - including 

Smartphone/Tablet) to purchase an item. Second, the matching procedure linked each 

customer in the treatment condition with a statistical twin from the control group who did not 

purchase using a particular device but statistically had the same propensity to. With a caliper 

matching procedure, we matched each treatment case to its nearest neighbour only if two 

propensity scores fell within a pre-set tolerance zone (Wangenheim and Bay, 2007). Limiting 

the scores to differ by a maximum of .001 – much below the recommended tolerance zone of 

.008 (Silverman, 1986) – we matched 150,228 customers from the treatment customers. 

Third, following Bommaraju and Hohenberg (2018), we computed the standardized 

differences in means before and after matching. 

Our empirical model needs to account for the infrequent behaviours of consumer buying 

process in a session. Data with abundant zeros are common in studies that count the occurrence 

of online purchases. These types of data (i.e., count data) have values that are usually non-

negative with a lower bound zero and typically have excessive zeros and over-dispersion (i.e., 

more variability than expected). To model the frequency of orders completed per online 

shopping session, we considered the Poisson regression model, the negative binomial 

regression model, and the zero-inflated negative binomial. To determine which of the models 

is the most appropriate model based on fit, we used the minimum AIC - Akaike information 

criterion (Bozdogan 2000). The usage of AIC is in line with existing literature (de Haan et al., 

2018).  Based on model fit statistics, the negative binomial (NB) was selected. 
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Our analyses showed that customers who shopped using tablet and who had visited clearance 

pages were more likely to complete an order in a shopping session, followed by those who 

shopped using PC. Smartphone was the least used device for conversion. Our findings also 

revealed that customers with items in their e-cart from a previous session using PC were more 

likely to complete an order in a current session compared to those using other devices (i.e., 

smartphones, tablets). Customers who read reviews of items while browsing on PC were more 

likely to complete an order than when other devices were used.  Our analysis also considered 

device switching during the purchase process. When the device used during the previous 

session was a PC, we found that the conversion rate was higher for PC (6%). When the device 

used during the previous session was a tablet, we found that the conversion rate was higher for 

PC (5%). However, when the device used in the previous session was a smartphone, the 

conversion rate for smartphone was higher (8%). The main theoretical contribution is in 

offering a way to extend the theory of the path to purchase by taking an e-commerce/m-

commerce focus with a proposed online path to purchase. Analyses with big data helped us 

generate a way to explain online consumer behaviour with actual behaviour, and the stages that 

consumers take in their online path to purchase, as well as the device type considerations. 

To a lesser extent, our findings can have implications for the theory of affordances 

(Gibson 1977). Applied here, technology affordance is what a consumer with a purpose is 

afforded to do with technology, and consumers have functions and features whether or not 

consumers recognize or use them (Majchrzak & Markus, 2012). Thus, we suggest that 

consumers have a technology affordance by use of their mobile device which helps them fulfil 

their purpose to browse, purchase or both. Our findings provide empirical evidence of access 

and locational affordances of the channel, particularly smartphone, for browsing anytime and 

anywhere. Despite the rate of traffic and conversion across smartphones, tablets and PCs, the 

rate of leaving items in a device-shopping cart without completing a purchase was alarming to 
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both marketers and academics. This behaviour is referred to as cart abandonment, which is the 

theme of our third paper. An industry report by Stephan Serrano (2020), an expert on 

ecommerce personalization tools, showed a cart abandonment rate across all sectors of 75.6%. 

There are some indications that the cart abandonment rate when using a mobile (cf. non-

mobile) channel may be higher (Kibo, 2016) resulting in higher economic losses for the retailer. 

Although online shopping cart abandonment has been studied, the differing factors affecting 

mobile and non-mobile shoppers’ decisions to abandon their cart remain relatively unexplored. 

The causes of mobile shopping cart abandonment may not be the same as those in the non-

mobile context because mobile purchasing has unique limitations and merits. For example, the 

small screen makes the device light and portable, but service providers may limit information 

search flexibility. Specifically, Ghose, Goldfarb, and Han (2013) found that the small screen 

size of mobile phones amplifies ranking effects, as users incur a higher cognitive load from the 

information chunking. Furthermore, small screen sizes can negatively influence navigation and 

inputting capabilities (Chae & Kim, 2004), making it hard to locate information pertinent for 

making online shopping decisions. According to Xu et al. (2017), the PC channel is 

characterized by constrained access capabilities, as it restricts Internet usage and access to 

places that have suitable hardware and Internet connections (Bang et al., 2013). On the other 

hand, ubiquitous Internet access offered by the mobile channel overcomes this limitation. This 

supports time critical activities, providing instantaneous information access, and facilitating 

immediate transactions (Jung et al., 2014; Venkatesh, 2003). The ubiquitous nature of the 

mobile channel also generates more travel-related discretionary time for commuters (Ghose & 

Han, 2011) who tend to consume mobile video content to pass the time, manage solitude, and 

disengage from others (O'Hara et al., 2007). Despite these benefits, limitations stemming from 

the processing capability and storage capacity of mobile devices, along with bandwidth 
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constraints of the mobile network, can degrade the access quality to Internet services (Napoli 

and Obar, 2014).   

An empirical study conducted by Xu et al. (2017) showed a tendency to switch from 

mobile to non-mobile largely during the hours users are at home. They also showed an increase 

in browsing activities on mobile phones during commuting hours, indicating that the 

complementary impact of mobile adoption works by spurring users to increase their browsing 

activities on their mobile phones while on the move. Past the evening commute hours, the share 

of browsing frequency attributable to mobile (vs. non-mobile) devices falls, suggesting that 

users tend to switch to non-mobile devices for browsing when they are at home. 

There are important reasons underscoring the need to study what motivates the 

differences in the nature and degree of cart abandonment between mobile and non-mobile 

channels. Previous work has investigated the motivations for online shopping cart use (Close 

& Kukar-Kinney, 2010; Close, Kukar-Kinney & Benusa, 2012) and the determinants of online 

shopping cart abandonment (Albrecht, Hattula & Lehmann, 2017; Huang, Korfiatis & Chang, 

2018) separately. However, there is a need for research to employ a model that jointly examines 

online shopping devices and cart abandonment whilst examining the nature of the differences 

in online shopping cart abandonment across mobile and non-mobile devices. One of the reasons 

for this is the simultaneous nature of the cart abandonment process. Before a consumer 

abandons their online cart, their journey usually starts by deciding whether to use a mobile or 

non-mobile device. Consequently, formulating this as a two-choice process is appealing. 

To our knowledge, extant research has not examined online shopping cart abandonment across 

mobile and non-mobile devices with field data or e-commerce click stream data. In sum, 

despite the established managerial and economic importance of cart abandonment, there is a 

dearth of literature which reports empirical research concerning consumer behaviour related to 

online shopping cart abandonment and, specifically, the behavioural factors that differentially 
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affect mobile and non-mobile cart abandonment. An important gap in the literature our paper 

fills is developing a unified framework that helps to understand how cart abandonment differs 

on mobile and non-mobile channels when shoppers have high basket values; when they browse 

in the evening; if reading reviews on mobile vs non-mobile channels reduces cart abandonment; 

and the security and privacy risk on mobile vs non-mobile channels. Specifically, we filled 

these gaps by examining click-stream data with a modelling approach and offering an addition 

to online consumer inhibitors (Howard and Sheth, 1969). These inhibitors include lack of 

availability, high price, financial status and time pressure. Here we extend these inhibitors to 

factors associated with mobile and non-mobile devices and examine the differences in online 

shopping cart abandonment when these two types of device are used. One key limitation to 

previous work was the use of survey data, which may not be as robust as using large data. 

Several researchers have suggested that structuring the shopping environment to appeal to 

people that experience stress during shopping may reduce shopping cart abandonment. In 

particular, Albrecht, Hattula and Lehmann (2017) examined the relationship between consumer 

shopping stress and cart abandonment and found that a consumer’s response to shopping stress 

depends on their motivational orientation. More specifically, the greater the in-store stress, the 

more likely task-oriented consumers are to abandon the trip without making purchases. The 

results of their four related studies showed that for customers with a task-oriented motivation, 

a monotonic relationship exists between shopping stress and purchase abandonment, consistent 

with their perception of stress as a threat to their purchase goal. However, for recreation-

oriented customers, this followed a curvilinear, inverted U-shaped relationship: purchase 

abandonment first increased as levels of shopping stress rose, but then decreased at higher 

levels. Their results offered an alternative explanation for why people buy or not and suggested 

approaches to structuring the shopping environment to appeal to both types of consumers. 
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In-store and online shopping offer customers different experiences. Despite placing 

items in shopping carts, online shoppers frequently abandon them across devices, an issue that 

perplexes online retailers and has yet to be explained by scholars. A significant amount of past 

research (Close & Kukar-Kinney, 2010; Close, Kukar-Kinney & Benusa, 2012) has 

investigated various reasons why consumers abandon their cart, but no papers have directly 

compared the differences in online cart abandonment associated with mobile and non-mobile 

devices. Examining the differences of cart abandonment across mobile and non-mobile devices 

holds important managerial implications since it may help firms develop a multi-device 

strategy to increase shopping to buying conversion rates.  

Oliver et al. (2003) employed the online survey data of 206 respondents to determine if 

redemption of online vs. offline coupons (in the form of “promotion codes”) differs. They 

found that online coupons have a significant effect on the way shoppers react to cart 

abandonment. While offline coupons, such as instore vouchers, are seen as customer‐initiated, 

online coupon internet shoppers are usually prompted to enter a code towards the conclusion 

of the checkout process. This prompting may influence shoppers’ perceptions and behaviours 

(e.g., becoming irritated) leading to the propensity to increase shopping cart abandonment. In 

addition to the impact of coupons, transaction inconvenience, risk and waiting time have also 

been found to increase the chances that consumers will abandon their cart (Rajamma et al., 

2009). Kukar-Kinney et al. (2010) employed survey data from 289 online consumers to explore 

the reasons for cart abandonment. They discovered that one of the key drivers for abandonment 

was that consumers used online carts for entertainment or as shopping research and an 

organizational tool, and this may induce them to buy at a later session or via another channel. 

One key limitation of using survey data in earlier studies is that they may not be as robust as 

using large data. 
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Xu and Huang (2015) presented a model of why and how cart abandonment occurs in 

the online shopping process without taking into consideration the differences that exist between 

device channels. An online survey of 210 people was conducted via the online shopping 

website of a communication company in China. The results demonstrated that cart 

abandonment was directly and positively related to shoppers browsing external websites for 

product comparisons. Another important factor they identified as a key driver of cart 

abandonment was the cost of the products in the cart.  

Huang, Korfiatis and Chang (2018) were the first to relate cart abandonment directly to 

the use of a mobile device. They conducted two separate studies to understand why consumers 

hesitate to use mobile channels for shopping and, thus, abandon their mobile shopping carts. 

Their study used data from 232 responses to a survey posted for 30 days on an online forum. 

For the second study, they obtained a dataset from a marketing research provider of 226 US 

consumers. Their results specifically showed that emotional ambivalence is the reason why 

consumers hesitate at the checkout stage, leading to cart abandonment. While this set of extant 

works has uncovered some of the reasons for cart abandonment in general, little is known about 

online shopping cart abandonment and how that relates to the mobile and non-mobile channel 

employed. 

Given the managerial importance of online shopping cart abandonment and the gap in 

the literature, the aim of this research was to contribute to the knowledge of consumers’ 

behaviour with respect to online shopping carts and device channels. As such the third paper, 

“Differences in online shopping cart abandonment across mobile and non-mobile devices”  

sought to understand differences in the nature and degree of cart abandonment between mobile 

(Smartphone/Tablet) and non-mobile (PC) devices. In doing so, we formulated the problem as 

a two-choice process using a recursive bivariate probit (RBP) model: the first step was the 

choice of device to employ for online shopping (mobile vs non-mobile); the second concerned 
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whether to abandon the cart. We leveraged a unique dataset from a large multinational clothing, 

footwear and home products retailer involving over 165,613 unique customers over 10 

browsing sessions. To account for the lack of demographic information in our data, we 

conducted an experiment to determine if the lack of demographic variables will have any effect 

on our result. We selected consumers that used the same device throughout their online journey 

without switching devices and compared the results with our final model. We accounted for 

other additional control variables using active sessions on the website in a similar manner to 

Mallapragada et al. (2016). The online retailer defined a session as one continuous period in 

which the consumer is active on the website. A session starts when the consumer enters the 

online retailers’ website and ends when the consumer actively leaves the website or when the 

consumer is inactive (i.e. they have not visited a new page on the retailer’s website or have not 

clicked on a link on the website for more than 30 minutes). We were only interested in active 

sessions that belong to the same path to purchase or cart abandonment (“the multiple touches 

a customer makes before a conversion, as defined by Li and Kannan (2014)). Introducing the 

active session as a control variable allowed the model to take into consideration only the 

activities undertaken while the consumer is active on the website and disregarded any idleness 

or inactivity. We added a series of control dummy variables that denote the “sequence” or stage 

of each session in the purchase process. This was an indicator of how late a customer is in their 

online journey/funnel. In addition, similar to the findings of Mallapragada et al. (2016), we 

added other control variables, such as the number of product pages visited by the consumer 

after reading product reviews to control for reviews as a whole. Having an existing product in 

the cart before the current session might influence the likelihood of purchase, since prior 

research might have been done by the shoppers before the current session (de Haan et al., 2018). 

We controlled for consumers that had existing items in their cart before the current session. 
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 Our results showed that: i) 1% of mobile users that abandoned their cart switched to non-

mobile device during the session when they started from a mobile device. However, 5% of 

non-mobile users that abandoned their cart switched to mobile device during the session when 

they started from non-mobile device; ii) The basket value per device on mobile was similar to 

that on non-mobile and its effect on cart abandonment; iii) 76% of cart abandonments were 

accounted for by those employing a mobile channel for shopping; (iv) The cart abandonment 

rate was 44% higher on mobile (vs. non-mobile) devices when consumers visited the site during 

the evening; (v) Consumers who read positive reviews were equally likely to abandon their cart 

using mobile (vs. non-mobile) devices; (vi) Consumers using mobile devices were more likely 

to abandon their cart if they experienced a high number of failed attempts to use a credit card 

than when experiencing the same number of failed attempts to use a credit card on non-mobile 

devices. 

Looking at the key findings from the RBP model, our field data showed that the time of a 

website visit has an impact on cart abandonment. Specifically, consumers using mobile devices 

in the evening (i.e., between 1800 and 2300hrs) were more likely to abandon their cart than 

those using non-mobile devices in the evening. Interestingly, when we tested different hours 

of the day, such as before work (i.e., between 0600 to 0800hrs), during lunchtime (i.e. between 

1200 to 1300hrs), after work (i.e., between 1700 to 1800hrs), with device type as a moderator, 

their effects on cart abandonment were not significant. 

Our findings did not support the earlier findings of Rob et al. (2018). Their results from 

analyzing click stream data of browsing behaviour of hotel website users showed an increase 

in abandonment during the evening using non-mobile devices. Our findings, however, support 

the earlier work of Close et. al. (2010) that found consumers browsed on mobile device for 

convenience. Mobile devices also have the good dimensions of usability and being ubiquitous 

as their core features, which distinguish them from non-mobile devices (Ghose et al., 2012). 
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We examined the impact of devices on customers’ cart abandonment behaviour using empirical 

data. We found that there were no differences in the basket value of items on mobile (vs non-

mobile device) and their effects on cart abandonments. This was also the case when we 

examined basket quantity for both devices. Extant literature (such as Xu et al., 2017; Jen - Hui 

Wang et al., 2015) suggested that, due to the flexibility, convenience of usage, portability and 

ubiquity of mobile devices, consumers tend to have higher basket value and quantity than when 

using non-mobile devices. Surprisingly, in our sample data, the average size of basket value 

and basket quantity per device on non-mobile were higher than mobile device. One reason for 

this finding in our data might be that low spenders indulge in the habits of purchasing items 

more frequently on their mobile device while non-mobile devices are preferred for high valued 

items for security purposes. 

Retailers often add positive product reviews in an effort to decrease cart abandonment. 

However, our field data shows no evidence to suggest that consumers that read positive product 

reviews using their mobile device were less likely to abandon their cart than those using non-

mobile devices. This contrasts with earlier findings by Grewal et al. (2019), who found that 

reading positive reviews on mobile devices affects consumer attitudes and increases purchase 

intentions. The proposed explanation is  that a large number of customer reviews increases 

information overload and choice ambiguity, and could lead to consumers avoiding having to 

make a choice (Maslowska et al., 2017; Scheibehenne et al., 2010).  

In addition, while it may be easy to shop and place items of interest in the cart on a mobile 

device, consumers appear to be more reluctant to complete purchases using a mobile device. 

Given the “on the go” nature of mobile usage and the sheer ease of adding items to the cart 

when on mobile,  consumers may want to take more time to fully consider the purchase before 

committing to buy. Our field data indeed showed that, as attempted card failure increases, cart 

abandonment is higher on mobile (vs. non-mobile). The need to enter detailed payment 
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information without making mistakes may make non-mobile devices more suitable than a 

mobile device.  
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Chapter 2 Comparing the effectiveness of deep feedforward neural 

networks and shallow architectures for predicting stock price indices 

 

ABSTRACT 

Many existing learning algorithms suffer from limited architectural depth and the locality of 

estimators, making it difficult to generalize from the test set and providing inefficient and 

biased estimators. Deep architectures have been shown to appropriately learn correlation 

structures in time series data. This paper compares the effectiveness of a deep feedforward 

Neural Network (DNN) and shallow architectures (e.g., Support Vector Machine (SVM) and 

one-layer NN) when predicting stock price indices in both developed and emerging markets. 

An extensive evaluation is undertaken, using daily, hourly, minute and tick level data related 

to thirty-four financial indices from 32 countries across six years. Our evaluation results show 

a considerable advantage from training deep (cf. shallow) architectures, using a rectifier linear 

(RELU) activation function, across all thirty-four markets when ‘minute’ data is used. 

However, the predictive performance of DNN was not significantly better than that of 

shallower architectures when using tick level data. This is because in some cases shallow 

Neural Networks are able to learn deep functions using the same number of parameters as the 

original DNN. Hence, it is clear that the function learned by that DNN does not really have to 

be deep. This result suggests that when training a DNN algorithm, the predictive accuracy 

peaks, regardless of training size. We also examine which activation function works best for 

stock price index data. Our results demonstrate that the RELU activation function performs 

better than TANH across all markets and time horizons when using DNN to predict stock price 

indices. This is due to the fact that TANH produces dead neurons during computation while 

RELU eliminates the vanishing gradients problems observed in TANH activation function. 
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Comparing the effectiveness of deep feedforward neural networks and shallow 

architectures for predicting stock price indices 

 

2.1 Introduction 

Accurately predicting changes in stock price indices is potentially profitable but is a difficult 

challenge due to the high degree of uncertainty involved. Proponents of the efficient market 

hypothesis (EMH) argue that it is impossible to generate abnormal returns through ‘more 

informed’ investment decisions (Titan, 2015). However, the accelerated use of advanced 

algorithms has led to the identification of opportunities to trade profitably on model 

predictions (Chang, et al., 2009; de Oliveira, et al., 2013; Huang, et al., 2008; Schumaker & 

Chen, 2009). Many techniques have been developed which can aid this prediction task. For 

example, machine learning (ML) techniques have been employed due to their ability to 

handle non-linear data (Krauss et al. (2016). The two most widely used ML algorithms for 

predicting stock price indices are ANN and SVM (See Zhang and Wu., 2009; Chang, et al., 

2009; Mittermayer, 2004; Huang, et al., 2005; Hsu et al. (2016).  

It has been suggested that learning multiple levels of distributed representations offers 

considerable advantages over shallow architectures (Bengio et al., 2009) and empirical work 

suggests that it is difficult to train shallow architectures to be as accurate as DNN. For vision 

tasks, a study on deep convolutional nets suggested that deeper models are preferred under a 

parameter budget (Mathieu et al., 2013). Furthermore, Lecun et al., 2013 trained shallow nets 

on scale invariant feature transform (SIFT) to classify a large-scale ImageNet dataset and found 

that it was difficult to train large, high-accuracy, shallow architectures. In addition, Seide et al., 

(2011) show that deeper models are more accurate than shallow models in speech acoustic 
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modelling and Abdel-Hamid et al., (2012) recorded a 5% increase in predictive accuracy in 

speech recognition using a deep (vs. shallow) architecture  using one million labelled points on 

test data.  Ba et al., (2014) provide some pointers into why deep feedforward NN might perform 

better than shallow architectures. He noted that a network with a large enough single hidden 

layer of sigmoid units can approximate any decision boundary.  

Consequently, in attempting to predict changes in stock price indices across thirty-four 

markets using different time horizons, we deploy several powerful methods inspired by the 

latest trends in machine learning. First, we compared the effectiveness of DNN and shallow 

architectures (e.g., Support Vector Machine (SVM) and one-layer NN). 

 In developing a deep feedforward NN, one needs to select the most appropriate 

activation function for the data. Much of the theoretical literature suggests that RELU (Bengio 

et al., 2007) greatly accelerates the convergence of stochastic gradient descent (SGD) 

compared with other functions (Krizhevsky et al., 2012). Unfortunately, RELU units can be 

fragile during training and can ‘die’ or vanish (He et al., 2016) when using the backpropagation 

algorithm. Jarett et al. (2009), working with the Caltech-101 dataset (a dataset of digital images 

available online for public use for a computer vision task) found that the nonlinear TANH 

activation function worked particularly well with their type of contrast normalization, followed 

by local average pooling. It is likely that different data will respond particularly well to the use 

of either the RELU or TANH activation function because RELU zeros out negative values 

while TANH does not. Consequently, an important contribution of this paper is that we 

examine which activation function works best for stock price index data. 

With large positive returns and low correlation with returns in developed financial markets, 

emerging financial markets provide theoretically an ideal environment for international 

portfolio diversification. Consequently, investors seeking high returns and good 

diversification often turn to these markets (Berger, Pukthuanthong and Yang, 2011). A 
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shallow algorithm, such as a one layer-NN and other non-linear algorithms, might not be able 

to fully account for the complex relationships in modelling price changes in these markets 

because they have no level of abstraction. It is therefore difficult to capture complexities 

inherent in the data structure. We examined whether DNN could better capture these 

dynamics, thereby providing the basis of a more accurate prediction model. 

 Most literature exploring the degree to which is possible to predict stock price indices 

have focussed on one specific time horizon across one or two markets (see the survey in Hsu 

et al., 2016). This prevents firm conclusions being reached concerning the most appropriate 

methods for predicting a wide variety of stock indices (which may operate under different 

market conditions) across different time horizons. Consequently, to fill this important research 

gap, we develop a comparison of the accuracy of deep and shallow architectures for predicting 

thirty-four different stock indices across different time horizons (daily, hourly, minute and tick 

level). This analysis provides a means of comparing the performance of deep and shallow 

architectures under different market and prediction environments.  

The remainder of this paper is organized as follows: In section 2.2, we review related 

work in the financial and ML literatures. In section 2.3, we develop three hypotheses, based on 

the literature review, concerning how different methodological factors affect predictive 

accuracy. In section 2.4, we outline our experimental design. In section 2.5, we present our 

empirical results and in section 2.6 we discuss these in the light of existing literature. We 

conclude in section 2.7 with a summary of the main findings, the implications the work and 

suggested areas for further research. 

 

2.2 Literature review 

Increasingly, the DNN approach is seen as an important ML tool. DNN have had important 

empirical successes in a number of traditional AI applications, such as computer vision and 

natural language processing (Bengio, 2009; Bengio et al., 2013). As a result, DNN are 
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attracting much attention from the academic and industrial communities. Companies like 

Google, Microsoft, Apple, IBM and Baidu are investing in DNN, with the first widely 

distributed products being used by consumers aimed at speech recognition. DNN is also used 

for object recognition (Google Goggles), image and music information retrieval (Google Image 

Search, Google Music), as well as computational advertising (Le et al., 2012). Furthermore, a 

DNN building block (the restricted Boltzmann machine, or RBM) was used as a crucial part of 

the winning entry in a million-dollar ML competition (the Netflix competition) (Salakhutdinov 

et al., 2007; Toscher et al., 2009).  

There have been several studies demonstrating the effectiveness of DNN methods in a 

variety of application domains such as image and speech processing (Huang & LeCun, 2006) 

but it has rarely been employed for forecasting problems. DNN have achieved very low error 

rates on various image databases (the MNIST database of handwritten digits, 2014) 

(Fukushima, 2003) and in this domain it has been reported that the learning process of DNN 

methods are ‘surprisingly fast’ (Hinton, Osindero, & Teh, 2006). DNN have also been shown 

to be more effective than conventional algorithms when employed for electroencephalographic 

signal processing (Ren & Wu, 2014). Much of this work was based on a paper by Deng et. al, 

(2013), which reported a major breakthrough in DNN speech recognition. Given the success 

of DNN in both image and speech processing, it is surprising that DNN has, as outlined below, 

rarely been used to predict stock price indices and its performance across a range of markets 

and forecast time horizons has not been explored. 

Krauss et al. (2016) were the first to compare DNN, gradient-boosted trees and random 

forest with several ensemble models in the context of statistical arbitrage. Each model was 

trained on lagged returns of all stocks in the S&P 500 financial market, after elimination of 

survivor bias. They used sliding window methods to forecast one-day-ahead trading signals. 

Using out of sample data, they found that the ensemble algorithm was able to generate 0.45 
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percent return on a daily basis. However, when they compared the predictive accuracy of the 

three algorithms, random forest outperformed DNN and gradient-boosted trees. They noted 

that careful hyper-parameter tuning of DNN could have improved its performance. Fischer et. 

al. (2017) applied a subset of Recurrent Neural Networks (i.e. Long Short-term Memory 

(LSTM) networks) to financial time series predictions using a single stock market index. They 

found that LSTM networks outperform memory-free classification methods, i.e., random forest 

(RAF) and a logistic regression classifier (LOG). In addition, Eunsuk et. al. (2017) constructed 

a DNN using stocks returns from the KOSPI market (the major stock market in South Korea) 

to examine the effect of three unsupervised feature extraction methods (principal component 

analysis, autoencoder, and the restricted Boltzmann machine) on the network’s overall ability 

to predict future market behaviour. They found that DNN can extract additional information 

from the residuals of the autoregressive model to improve prediction performance. 

A review undertaken by Hsu et al. (2016) indicates that shallow architectures, such as 

SVM and one-layer NN, are currently the main methods employed for predicting movements 

in stock price indices. As indicated above, only a handful of subsequent studies have employed 

deep architectures. This may be linked to the fact that DNN in general can better handle 

different classes of structured and unstructured datasets (used for images, text and time series 

data: see LeCun et al., 2015). In addition, support vector machines (SVM) and/or one-layer 

NN may be the most widely used methods for financial market forecasting, because of their 

ability to recognize patterns in nonlinear, dynamic time series data (Chang et al., 2009; Lee, 

2009; Zbikowski, 2015). 

Hsu et al (2016)’s extensive survey covered 28 markets, of which the US accounted for 

12 and Taiwan 7. The most popular prediction method in these papers was ANN and only four 

studies considered both ANN and SVM. One of the interesting findings of the Hsu et al (2016) 

survey was that very few studies evaluate prediction models in a dynamic fashion i.e. sliding 
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window approach. Rather, the prevailing approach, used in 25 out of 28 previous studies, is to 

split a financial time series into a training and a hold-out test set. We refer to this approach as 

‘static’ because it uses the same prediction model throughout the whole testing period, without 

updating. 

To increase predictive accuracy using SVM and/or one-layer NN, some authors have 

suggested the use of more dimensions to augment existing stock price data (Pan et. al., 2005, 

Kara et al., 2011). Pan et. al., (2005) present a computational approach for predicting the 

Australian stock market index (AORD), using multi-layer feed-forward neural networks from 

the AORD time series data and various interrelated markets. They noted that effectively 

selecting the data that is fed into a NN can improve the predictive accuracy. They showed that 

by including additional dimensions to augment existing datasets, they could produce an 80% 

prediction accuracy. Others have proposed a multi-stage approach to financial market 

forecasting, by first selecting an optimal feature extraction before developing ensemble models 

(Huang et al., 2008).  

Our review of the stock price index prediction literature has highlighted four key gaps. 

First, that the effectiveness of DNN ML methods for predicting stock price indices has not been 

compared to the predictive performance of existing methods which employ a shallower 

architecture across several major financial markets. Second, a holistic performance evaluation 

of two of the mostly used activation functions – RELU & TANH for predicting stock price 

indices has not been undertaken. Third, a comparison of the accuracy of a range of ML methods 

when predicting stock prices indices across a variety of time horizons (i.e. daily, hourly, minute 

and tick level) has not been undertaken. This is the case, despite the fact that there is some 

evidence that in other domains that whilst DNN performs best when datasets are big, there may 

be some limits, beyond which the predictive performance does not improve. Fourth, no 

comprehensive comparative study of the predictive accuracy of DNN and alternative ML 
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methods for predicting stock price indices in developed vs. emerging markets, has been 

conducted. DNN have showed some promising results using tick data in some emerging (cf. 

developing) markets, but SVM has been shown to produce more accurate predictions in other 

emerging markets (Alexandre, Pedro & Sabino, Sarah & Albuquerque, Pedro, 2015). We aim 

to help fill these important gaps in the literature. 

2.3 Hypothesis 

Previous stock price index prediction studies using ML, have predominantly employed daily 

time horizon data (Hsu et al., 2016). This could be attributed to fact that these data are free 

whereas this is not the case for intraday data. For example, Cenesizoglu T. and Timmermann 

A. (2008) found that stock returns prediction models based on daily or longer data intervals 

generally underperform models predicting over a shorter time interval.  

Bearing this in mind, DNN with its superior representation space compared to shallow 

models, should out-perform other algorithms when predicting stock indices using intraday data. 

This is likely to arise because DNN may effectively employ the significantly larger and more 

complex dataset to create greater accuracy (Abdel-Hamid et al., 2012). Cho et al. (2016) 

conducted experimental studies on deep learning systems to explore how much data is needed 

to train a medical image to achieve high accuracy with a low standard deviation. They found 

that an increase in the training data from 5 to 50 training images significantly improved 

accuracy but does not improve significantly from 100 to 200. In particular, they found that 

beyond a certain training set size the accuracy hardly improved. In addition, Angelidis et al., 

(2008) compared the performance of various models using intra-day vs. inter-day. They 

investigated their forecasting performance for three European equity indices and found that 

intra-day model clearly produced the most accurate variance forecasts. 

To explore the view that DNN are more accurate than shallow models when employing 

larger datasets, we test the following hypothesis:  
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H1: Predictive accuracy is higher using DNN for intraday (i.e. minute/tick) time 

horizons than SVM and one-layer NN. 

 

DNN requires activation functions to map the output of a node given an input or set of 

inputs. The use of Rectified Linear Unit (RELU) has become very popular in the last few years. 

It computes the function 𝑓(x)= max(0, x). In other words, the activation has a threshold of zero 

(i.e. takes only positive numbers). Krizhevsky et al. (2012) found that employing RELU greatly 

accelerated the convergence of stochastic gradient descent (cf. when employing TANH 

functions). They argued that this is due to its linear, non-saturating form. Compared to TANH 

neurons that involve expensive operations (exponentials etc.), the RELU can be implemented 

by simply thresholding a matrix of activations at zero. Nair et al. 2010 used CIFAR- 10 data 

(consisting of 60000 32x32 colour images in 10 classes, with 6000 images per class) to build 

a four-layer convolutional network and concluded that RELU was several times faster and 

produced more accurate predictions than TANH. However, it is likely that different datasets 

will possess different features that will lead to either RELU or TANH producing more accurate 

predictions. To our best knowledge, a comparison of the predictive accuracy of the two most 

widely used activation functions (RELU or TANH) for stock price indices, has not been 

undertaken. Consequently, based on the findings from the other domains discussed above, we 

test our second hypothesis: 

H2: Using the RELU activation function produces more accurate stock price index 

predictions than using the TANH activation function across all time horizons. 

The financial economics literature suggests that informational efficiency differs 

between established and emerging financial markets (Griffin et al., 2010; Karemera & Ojah, 

1999). In particular, there is some evidence that the EMH, which posits that asset prices reflect 

all relevant information (Fama, 1970 & 1991), may not hold in emerging markets because of 

extraneous factors (financial, economic, political, social and cultural environment). These 
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factors can lead emerging markets to suffer greater volatility and to experience more sudden 

stock market declines than developed markets. 

It has been found that using a Gaussian distribution to model price changes or stock 

market returns in emerging markets is not appropriate because the prices and returns are fat-

tailed (i.e. large price changes can be expected relatively often) (see, for example, Harvey, 

1995; Bekaert and Harvey, 1997). A shallow algorithm, such as a one layer-NN and other non-

linear algorithms, might not be able to fully account for the complex relationships in modelling 

price changes in these markets because they have no level of abstraction and it is therefore 

difficult to capture complexities inherent in the data structure. Taken together, these factors 

motivate the following hypothesis:  

H3: The accuracy of stock price indices predictions using a DNN is greater in emerging 

markets than in developed markets and is greater than that arising from employing a model 

with shallower architecture. 

 The proposed set of hypotheses, enable us to examine the extent to which various 

factors, such as forecasting horizon, activation functions, selected models (i.e. DNN vs. SVM 

vs one-layer NN), and data from emerging (vs. developed) markets influence the accuracy of 

financial time series forecasting. The testing of these hypotheses should be helpful in 

determining if DNN have a place in stock market predictions. 

 

[Table 2.1 about here] 

 

2.4 Experimental design 

Table 2.1 summarizes the main factors we considered (forecast time horizon, activation 

functions and market classification) which could influence the predictability of stock price 

indices. Thirty-four financial time series from a wide cross section of the world’s major 

markets were used to test our hypotheses. Our design is similar to that of Gerlein, McGinnity, 
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Belatreche, and Coleman’s (2016) study in which we performed repeated experiments to 

clarify the influence of several factors on the prediction performance of simple ML 

classifiers. In addition, we conducted robustness checks of our results by testing different 

levels of parameters settings and obtained the best results for each ML algorithm. This 

provides confidence that reliance can be placed on the conclusions regarding the comparative 

effectiveness of the shallower architecture ML and deeper architecture DNN methods. 

In the following subsections, we discuss the factors we examined and motivate our 

choices of individual factor levels. 

2. 4.1.1 Data, variables, and forecasting time horizon 

 

The dataset employed in this study was obtained from TickWrite Data Inc., including time 

series of financial indices from around the world. We have focused on predicting national stock 

indices because these indices were used in the majority of previous ML studies that predict 

direction of price changes (e.g. Bodyanskiy & Popov, 2006; de Oliveira et al., 2013; Huang et 

al., 2008; Huang et al., 2005; Pan, Tilakaratne, & Yearwood, 2005; Qian & Rasheed, 2007). 

We included as many markets as possible to cover both developed and emerging markets, since 

one of the aims of the study is to compare the performance of DNN in emerging vs. developed 

markets. In addition, to ensure comparability, we wanted to use the same period for each 

market. This restricted the sample period because the availability of intraday data is limited 

and, for many markets, is only available from 2008 onwards. This requires us to choose the 

data period where intraday data is available for most markets between 1 Feb 2008 - 19 Feb 

2014 (6-year period with 1500 trading days) with an exception of Brazilian market for which 

we only have the data for 4 years between 1 Feb 2010 – 19 Feb 14. The raw data contains prices 

for each market at tick level. We then are able to transform/expand the tick-level data into 

minute, hourly and daily level data across multiple markets to explore the sensitivity of DNN 

algorithms to various time horizons and to different degrees of financial market complexity. 
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2.4.1.2 Market classification 

 

The term emerging markets was first used in the 1980s by Antoine van Agtmael, a World Bank 

economist. The classification of countries as emerging markets is carried out and reviewed on 

a regular basis by a range of international financial institutions. They all use different 

categories, methodologies and degrees of granularity. It is, therefore, not surprising that there 

is no agreed consensus on what constitutes an emerging market (Colm Keaney (2012)).  The 

Financial Times Stock Exchange (FTSE), for example, categorizes emerging markets into 9 

‘advanced’ and 13 ‘secondary’ emerging markets, whereas Bloomberg's Morgan Stanley 

Capital International (MSCI) emerging market index comprises 26 countries, split into three 

regions. For this paper, we only count a market as emerging if it is classified by the FTSE and 

MSCI as emerging. In table 2.2 we list the markets which the data restrictions outlined in 

section 2.4.1.1 enabled us to include and we identify which of these are categorized as 

‘emerging’ by the MSCI and the FTSE.  

[Table 2.2 about here] 

 

2.4.1.3. Forecasting methods 

The most widely used ML methods discussed in the literature for financial time series 

forecasting are SVM and NN (Ballings, Van den Poel, Hespeels, & Gryp, 2015). One of the 

explanations for their popularity (cf. other advanced techniques, such as bagged or boosted 

decision trees), is that they are better suited to handling continuous covariates (Hsu et al., 2016). 

These are the type of covariates which occur frequently in financial time series. 

SVMs belong to the general category of kernel methods (Shawe -Taylor et. al., 2004; 

Scholkopf et al., 2002), that depend on the data only through dot-products. When this is the 

case, the dot product can be replaced by a kernel function, n which computes a dot product in 

some possibly high-dimensional feature space. This has two advantages: First, the ability to 
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generate nonlinear decision boundaries using methods designed for linear classifiers. Second, 

the use of kernel functions allows the user to apply a classifier to data that has no obvious 

fixed-dimensional vector space representation (Ben-Hur et al., 2010). Modelling using SVM 

involves the construction of a hyperplane as the decision surface such that the margin of 

separation between positive and negative examples is maximized (Xu, Zhou, & Wang, 2009). 

For a training set of samples, with input vectors xi ϵ Rd and corresponding labels y
i
ϵ {+1 , -1}, 

SVM learns how to classify objects into two classes. 

We face a two-class problem, with label +1(close stock price index increases) and -

1(close stock price index decreases). We define 𝑥 as a vector with components xi; in our case 

openindex (opening price of index), closingindex (closing price of index), highestindex 

(highest value the index reaches in the period) and lowestindex (lowest value the index reaches 

in the period). The notation xi denote the ith vector in a dataset composed of 𝑛 labelled 

examples (xi, yi
) where 𝑦𝑖 is the label associated with xi. The objects xi are called inputs. To 

define a linear classifier, we use the dot product between the vectors, also referred to as the 

inner product or scalar product. A linear classifier is based on a linear discriminant function of 

the form:  

 f(x)= wTx+b   (2.1) 

The vector 𝑤 is known as the weight vector, and 𝑏 is called the bias. Consider the case 𝑏=0. 

The set of points xi such that wT=0 are all points that are perpendicular to 𝑤 and go through 

the origin -  a line in two dimensions, a plane in three dimensions and more generally, a 

hyperplane. A hyperplane divides the space into two according to the sign of the discriminant 

function 𝑓(x). The boundary region, classified as positive and negative, is called the decision 

boundary of the classifier. A classifier with linear decision boundary is called a linear classifier 
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and if the decision boundary depends on the data in a non-linear way, the classifier is said to 

be non-linear (Ben-Hur et al., 2010). 

The parameters of SVM include the type of kernel function, the degree of kernel 

function (d: for a polynomial kernel; γ for a radial basis kernel) and a regularization constant 

c. Tables 2.3a, 2.3b and 2.3c shows the numbers of levels tested in different parameter settings 

for all the algorithms compared in this paper. To determine the parameters efficiently, we 

followed the approach used by Patel et al. (2015). Namely, we test five levels on d, ten levels 

of γ and 4 to 5 levels of c in the parameter setting experiments. These parameters and the levels 

which are tested, are summarized in Table 2.3a. For one stock index, these settings of 

parameters yield a total of 20 and 40 treatments for the SVMs employing polynomial and radial 

basis kernel functions, respectively. We selected the best polynomial kernel SVM model and 

the best radial basis SVM model models (using parameter combinations that resulted in the 

best average of the training and holdout prediction performances) for comparison with NN and 

DNN. 

[Table 2.3a about here] 

 

NN is a nonlinear prediction method and is one of the most popular algorithms for stock index 

prediction (Kara et. al., 2011). NNs are often referred to as feedforward NNs or multilayer 

perceptron (MLP).  Inspired by the functioning of biological NNs, NNs are a dense network of 

inter-connected neurons which get activated based on inputs. A one-layer feed-forward NN is 

employed in our study.  

Inputs for the network are four simple variables 

(Openindex/Closingindex/Highestindex/Lowestindex) which are represented by four neurons 

in the input layer. We did not to use technical indicators since previous studies question their 

usefulness (Lesmond et al., 2004) and an extensive simulation by Hsu et al. (2016) found that 
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technical indicators offer little advantage over simple covariates in terms of accuracy or ROI.  

We employ an output layer with a single neuron, with log sigmoid as the transfer function, 

resulting in a continuous value output between 0 and 1. A threshold of 0.5 is used to determine 

whether we predict an increase (> 0.5) or decrease (<0.5) in the stock price index. We 

conducted robustness checks on the use of 0.5 as a threshold, but found that using 0.5 produced 

the most accurate predictions. In addition, this approach is in line with that employed in the 

majority of previous studies (e.g. Bodyanskiy & Popov, 2006; de Oliveira et al., 2013; Huang 

et al., 2008; Huang et al., 2005; Pan, Tilakaratne, & Year- wood, 2005; Qian & Rasheed, 2007;  

Hsu et al.,2016). We used tan sigmoid as the transfer function for the hidden layer since it was 

the setting that produced the most accurate predictions. Gradient descent with momentum was 

used to adjust the weights; at each epoch, weights were adjusted so that a global minimum 

could be reached.  

The NN model parameters include the number of hidden layer neurons (n), the value of 

the learning rate (lr), the momentum constant (mc) and the number of epochs (ep). To 

determine appropriate levels in an efficient manner, ten levels of n, nine levels of mc and ten 

levels of ep were tested in the parameter setting experiments. Initially, the value of lr was fixed 

to 0.1. The parameters and the levels which were tested are summarized in Table 3b. We 

selected the best three NN models for comparison with DNN and SVM by selecting the three 

parameter combinations that resulted in the highest average prediction accuracy in the training 

and holdout data sets. For these top performing models, the learning rate lr was varied in the 

interval of [0.1, 0.2].  

[Table 2.3b about here] 

 

A DNN consists of an input layer, two or more hidden layers, and an output layer. DNNs are 

made up of many different functions (Dixon et al., 2016). For example, we might have four 
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functions f
(1)

 ,f
(2)

 ,f
(3) and f

(4)
 all connected in a chain, to form 𝑓(x) ≈

 𝑓(4) , 𝑓(3) , 𝑓(2) 𝑓(1)(𝑥)). In this case, 𝑓(1) is called the first layer, 𝑓(2) the second layer, and 

so on; the final layer of a feedforward network being referred to as the output layer. The output 

layer is either a classification or regression layer, to match the output space. The overall length 

of the network of the chain gives the depth of the model and deep learning arises from this 

terminology.  

NNs rely on linear functions and these have limitations when training large and 

complex data (Bengio et al., 2007). The appeal of DNNs (vs. NNs), therefore, stems from their 

ability to learn non-linear relationships.  

We consider the classic feedforward architecture as shown in (2.2), where a neuron in the 

previous layer 𝑙 is fully connected with all neurons in the subsequent layer 𝑙+1 via directed 

edges, each representing a certain weight. Also, each non-output layer of the net has a bias unit, 

serving as an activation threshold for the neurons in the subsequent layer. As such, each neuron 

receives a weighted combination 𝛼 of the 𝑛𝑙 outputs of the neurons in the previous layer 𝑙 as 

an input, as follows: 

 

 

α= ∑ wixi+b,   

nl

i=1

 

(2.2) 

 

with 𝑤𝑖 denoting the weight of the output xi and 𝑏 the bias. The weighted combination α is 

transformed via an activation function 𝑓, so that the output signal 𝑓(𝛼) is relayed to the neurons 

in the subsequent layer. Following Krizhevsky et al. (2012), we used both rectified linear units 

(which computes the function 𝛼 =  ∑ wixi+b )
𝑛𝑙
𝑖=1  and TANH, which constricts a real-value 

into the range [-1, 1]). 
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For the entire network, let W be the collection ∪l=1
L-1Wl, with 𝑊𝑙  denoting the weight 

matrix that connects layers 𝑙 and 𝑙+1 for a network of 𝐿 layers. Analogously, let B be the 

collection B= ∪l=1
L-1bl,  with 𝑐𝑙 denoting the column vector of biases of layer 𝑙. The collections 

of W and B fully determine the output of the entire DNN as shown in (2.3). Learning takes 

place by adapting these weights in order to minimize the error using the training data. In 

particular, the objective is to minimize some loss function 𝐿(𝑊, 𝐵|𝑗) for each training set 𝑗. 

We are trying to solve a classification problem (i.e. the stock price index falls or rises), which 

means we can use the following cross-entropy loss function: 

 

 
L(W,B|j)=- ∑ ( ln (oy

(j)
) ty

(j)
+ ln (1- oy

(j)
)(1- ty

(j)

y𝜖𝜊

))              (2.3) 

where 𝑦 represents the output units, 𝜊 the output layers, oy
(j)

 the prediction and ty
(j)

 the actual 

output for example 𝑗. This loss function is minimized by stochastic gradient descent. The 

gradient of the loss function 𝐿(𝑊, 𝐵|𝑗) is calculated via backpropagation. We implemented 

this using SAS Viya in-memory architecture, taking advantage of the cloud analytics service 

(CAS) for efficient and fast processing. 

 Since the input space is very simple (i.e. four variables), we used a straightforward 

architecture. The design of an NN is more of an art than a science and tuning parameters is 

often undertaken via computationally intensive hyper-parameter optimization routines and 

cross-validation. We tried multiple hidden layers (from 2 to 10). A popular rule is to set the 

number of neurons in the first hidden layer of a feedforward network so as to use as many 

neurons as there are inputs (Krizhevsky et al., 2012). We followed this approach. Our network 

is relatively small (4 inputs and 160 weight parameters) but deep learning allows for large-

scale models with thousands of features and millions of parameters, offering significant 
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potential for further studies with larger numbers of inputs and weight parameters. The number 

of levels tested in different parameter settings for DNN are summarised in table 2.3c. 

[Table 2.3c about here] 

 

2.4.2 Performance measurement 

 

2.4.2.1 Predictive accuracy 

We used accuracy to evaluate the performance of the proposed models. Computation of these 

evaluation measures requires us to estimate Precision and Recall. These are evaluated from 

True Positive (TP), False Positive (FP), True Negative (TN) and False. We define these 

parameters, as follows: 

 

 
Precisionpositive= 

TP

TP+FP
 

(2.4) 

 
Precisionnegative= 

TP

TP+FP
 

(2.5) 

 

 
Recallpositive= 

TP

TP+FN
 

(2.6) 

 

 
Recallnegative= 

TN

TN+FP
 

(2.7) 

   

Precision is the weighted average of precision positive and negative, while Recall is the 

weighted average of recall positive and negative. Accuracy is estimated using the following: 

 
Accuracy= 

TP+TN

TP+FP+TN+FN
 

(2.8) 
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2.4.2.2 Model evaluation  

 

Lo (1991) and Sadique et al. (2001) conducted extensive experiments using various time 

horizons in different markets and concluded that stock market returns exhibit long-term 

memory. This suggests that a ‘static’ approach for predicting stock price indices (i.e. the same 

prediction model is used throughout the whole testing period, without updating) is the one most 

likely to yield higher predictive accuracy. This was confirmed by Hsu et al.’s (2016) study, 

which compared the static approach and a dynamic approach involving a sliding-window cross-

validation performed in model training and evaluated multiple times using smaller chunks of 

sequentially ordered data (suggested by Lessmann et al., 2011). Hsu et al. (2016) demonstrated 

that the static outperformed the dynamic approach. Consequently, the static approach is 

employed in this study. To test the accuracy of the forecasting models, we used the standard 

static approach, whereby we split a financial time series chronologically into three non-

overlapping sets: 50, 25 and 25 percent for training, validation and testing, respectively. The 

training data is used to estimate the parameters of the forecasting model and the validation set 

is used to tune meta-parameters (e.g., the regularization parameter, miniBatchsize, learning rate 

etc.) by means of empirical experimentation. For example, using daily data, of the 1500 trading 

days for each of the 34 financial time series in our data, we use the first 50% (750) of trading 

days to train the forecasting models with alternative meta-parameter settings (see Tables 

2.3a,b,c) and assess their accuracy on the following 375 trading days (our validation sample). 

The validation sample predictions reveal the best meta-parameter setting for a given time-

series. The fully-specified models with fixed optimal meta-parameters are trained and validated 

on the first 75% (1125) of trading days in the dataset. These models are then used to generate 

predictions in the test set (the remaining 375 trading days). To measure forecast accuracy, the 

predictions are compared to the actual values of the target variable in the test set. This allows 

us to compare models (e.g., SVM vs. NN vs DNN) in terms of their predictive accuracy on 
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hold-out data. We call this approach a static evaluation, because the same model is used to 

forecast all observations in the test set (de Oliveira et al., 2013; Kara et al., 2011). 

2.4.2.3 ANOVA (Analysis of variance) for experimental design 

 

We used ANOVA to test for differences among the means of levels of model accuracy across 

four time horizons. To qualify these differences, we used Tukey’s Standardized Range (HSD) 

test. HSD is a single-step multiple comparison procedure and statistical test. It can be used on 

raw data or in conjunction with an ANOVA (post-hoc analysis) to find means that are 

significantly different from each other. If there are two treatment levels, this analysis is 

equivalent to a t-test comparing two group means. The assumptions of analysis of variance 

(Steel and Torrie 1980) are that treatment effects are additive and experimental errors are 

independently random with a normal distribution that has mean zero and constant variance. 

To test if our data is consistent with the null hypothesis, we calculate the F −test statistic 

(using the ANOVA), 𝑓0, using the ratio of the variability between groups (SB
2

) to the variability 

within groups (S
W

2
). The F −test statistic has an F −distribution with 𝑑f1=k-1 and 𝑑f2= ntot-k, 

where 𝑘 is the number of groups and 𝑛𝑡𝑜𝑡 is the total number of observations. 

 

2.5.  Results  

 

2.5.1. Factors influencing the accuracy of forecasts of stock price indices. 

The experimental design includes three main factors: forecast time horizon, activation 

functions and market classification. We obtained 544 individual prediction results: across 34 

financial markets x 4 forecast time horizons x 4 model specifications (SVM, NN, DNN (with 

both the RELU and TANH activation functions; indicated, hereafter, as DNN (RELU) and 

DNN (TANH), respectively). The results enable us to compare the forecasting accuracy with 

different time intervals. 
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The null hypothesis is that the means of all groups are identical. Figure 1 displays the 

distribution of model accuracy across all time horizons among different model specifications. 

The F −test for the daily data for example suggests that there are differences among the 

accuracy of model performance i.e. the variation of model accuracy among the four models 

(numerator) is much larger than the variation accuracy within the four models (F = 19.04, p <

0.0001). However, this does not show if they are significantly different from each other. To 

examine this, we perform a Tukey’s Standardized Range (HSD) test. The HSD table is usually 

denoted by letters to represent if the mean value are significantly different or not. If the same 

letter is shown, this denotes that the mean is not significantly different while a different letter 

shows that there is a significant difference in some of the mean values. 

A number of conclusions emerge from the result presented in Table 4. For daily data of 

1,500 observations, SVM performs significantly better than all the other algorithms (HSD 

grouping is ‘A’). The second best model is NN, which is not significantly better than DNN 

(RELU) since both HSD groupings are ‘B’ but is significantly better than DNN (TANH) with 

HSD groupings of ‘C’. Figure 2 shows a box plot of prediction accuracy for all four model 

specifications. These results are not surprising, because the daily data sample size is relatively 

small and it has generally been found that DNN only performs better than shallow architectures 

when using large datasets (Abdel-Hamid et al., 2012).  

We increased the sample size by using hourly data with 15,000 observations. Figure 3 

shows a box plot of prediction accuracy for all four model specifications. Using this data, the 

F-test produces an insignificant result (F = 2.49, p > 0.0635), suggesting that there are no 

differences in the predictive accuracy of the different model specifications. Table 5 shows HSD 

groupings of all the same letter ‘A,’ which confirms our findings of no differences in accuracy 

between the model specifications. Once again, these results are not surprising, since most 

studies only point to DNN producing superior results when far larger datasets are employed 
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(Abdel-Hamid et al., 2012; Srivastava, Hinton, Krizhevsky, Sutskever, and Salakhutdinov 

2014). However, the fact that with hourly data, DNN now produces accuracy figures more 

similar to the shallower architecture models, suggests that the increased data size improves 

DNN’s accuracy. 

[Figure 2.1 about here] 

[Table 2.4 ~ 2.7 about here] 

[Figure 2.2 & 2.3 about here] 

When employing the data at minute level, the number of observations increased 

substantially (to 800,000). An F-test then suggested that there were significant differences in 

the predictive accuracy of the four models (F = 9.36 p < 0.0001).  Table 2.6 shows that the 

predictions from the two DNNs (using RELU and TANH activation functions) are significantly 

more accurate than those employing the SVM and NN models (see Figure 2.4). The two DNNs 

also have an HSD groupings of ‘A’ while SVM and NN have an HSD grouping of ‘B’ to stress 

these differences. SVM is slightly more accurate than NN, but not significantly so.  

Finally, we explored the prediction accuracy of the four model specifications using tick 

level data (10 million observations for the training and validation). Table 2.7 shows that there 

was no significant difference between the performance of all four models (F = 0.75, p >

0.5234). The HSD groupings are all same letter – ‘A’. Figure 2.5 shows a box plot of prediction 

accuracy for all four model specifications.  It might have been expected that DNN with either 

activation function would perform better than both SVM and NN, given DNN’s more complex 

architecture. However, our results are in line with those of Cho et al. (2016), who found that 

increasing the size of training data leads to an increase in predictive accuracy of DNN up to a 

point, but beyond that the accuracy does not change much regardless of training size. He 

attributed this to the fact that the training sets does not have a balanced class to reach the desired 

accuracy. This shows that the performance of DNN is not only influenced by sample size but 
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by other combinations of factors (Ba et al., 2014). In particular, DNN can be very powerful 

because it can employ more parameters, it can learn more complex functions given the same 

number of parameters and it has better inductive bias (and, thus, learns more interesting/useful 

functions). However, it has also been shown in some cases shallow neural networks can learn 

these deep functions using the same number of parameters as the original deep models. For 

example, on the TIMIT phoneme recognition and CIFAR-10 image recognition tasks, shallow 

networks were trained to perform similarly to complex, well-engineered, deeper convolutional 

architectures (Ba et al., 2014). In summary, the result presented does not support the hypothesis 

H1, that predictive accuracy is higher using DNN for intraday (i.e. minute/tick) time horizons 

than SVM and one-layer NN.  

[Figure 2.4 ~ 2.6 about here] 

 

To test the second hypothesis, we explored whether RELU is better than TANH for 

stock price index predictions. Many practitioners have suggested that when employing DNN, 

one should start by using RELU, as this is regarded as a good approximator (Nair et al., 2010). 

Figure 2.6 shows boxplots of the predictive accuracy of DNN models using both RELU and 

TANH activation functions across all four-time horizons. Our results show that RELU is a 

better activation function for predicting stock price movement. This was expected, as many 

previous studies have found RELU to be far better than TANH (e.g., Krizhevsky et al., 2012). 

However, our results suggest that there are significant differences between the predictive 

accuracy which can be achieved when employing the RELU and TANH activation functions 

in DNN functions across the four-time horizons (F = 16.87, p < 0.0001) (see Figure 2.6). 

Whilst the RELU activation function leads to better predictions across all time horizons, it was 

far better than TANH when employing intraday data, especially minute data, across all markets 

(see Table 2.6).  Our findings support our second hypothesis that using the RELU activation 
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function produces more accurate stock price index predictions than using the TANH activation 

function across all time horizons. 

To test our third hypothesis, we examined whether the predictive performance of DNN was 

better when applied to emerging markets and whether it outperforms both SVM and NN in 

these markets. We believed this may be the case because of its ability to approximate 

complex functions (e.g., using intraday and daily stock price data, DNN can learn time 

shifted correlations among stock prices: Ibikule et al. (2017) and Krauss et al. (2016)) and the 

behaviour of emerging markets is considered to be more complex (cf. developed markets) 

(Berger, Pukthuanthong and Yang, 2011).  

Figure 2.7, compares the accuracy of the DNN model in predicting prices in emerging 

vs developed markets across all four time frames (daily, hourly, minute, tick). The results 

suggest that there was no difference in the predictive accuracy achieved between emerging and 

developed markets using DNN for stock price index prediction when using daily, hourly or 

minute level data. However, when employing tick level data the predictive accuracy of a DNN 

model applied to emerging markets appears to be greater than that achieved for developed 

markets (i.e. superior accuracy of 10%). Emerging markets for which DNN produced 

particularly high accuracy (i.e. >70%) using tick level data include Thailand, Malaysia and 

Czech Republic. 

[Figure 2.7 about here] 

To formally test whether DNN produced more accurate predictions for emerging markets than 

SVM or NN, we examined the statistical significance of observed mean differences across 

factor levels when using regression analysis as shown in (2.9). In particular, we estimate the 

following models to explain predictive accuracy: 

 Accuracy = α+ β
DR1 

DR1+β
DR2 

DR2 ε  ,                                                                             (2.9) 
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where DR1 and DR2 are dummy variables taking value 1 (for DNN (RELU)  and 0 for SVM. 

DR2 is taking value 1 (for DNN (RELU) and 0 for NN. Fitting various algorithms as a factor 

variable in the model allows the response to vary in a nonlinear way and requires more 

parameters than a linear term. Factor variables are typically fitted using ‘treatment contrasts’ 

which means that one level of the factor variable forms the baseline and the remaining levels 

of the factor have corresponding coefficients.  

The results of the regression analyses comparing the accuracy of DNN (RELU), SVM 

and NN are displayed in Table 2.8. The F-statistics and p-values confirm the statistical 

significance of the regressions. The adjusted 𝑅2 values suggest that the independent variables 

explain about 19% of the observed predictive accuracy. This value may appear rather low. 

However, it is important to remember that the development of prices in financial markets is 

driven by a multitude of factors, many of which are not considered in this study.   

In interpreting the result, it is important to remember the reference model that forms the basis 

of the comparison (i.e. the DNN (RELU) model). Considering the regression coefficient of the 

intercept in the accuracy regression model, such a model produces a directional accuracy 

regression model of 65%. The coefficients of SVM and NN are significantly different from 

DNN (see Table 2.8) and the negative signs shows a reduction in accuracy compared to DNN. 

We reject H3 since the accuracy of DNN in both emerging markets and developed markets 

were similar across all time horizons. When comparing DNN with SVM and NN, few markets 

appears to be better which might suggests why the coefficient of our regression for DNN is 

higher. 

[Table 2.8 about here] 
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2.6 Discussion 

 

Our results show that when employing daily and hourly data, shallow architectures (SVM and 

one-layer NN) produce more accurate stock index predictions than DNN. These results are in 

line with earlier studies which show shallow architectures produce better predictions when the 

dataset is small. It has been suggested that this arises because the data does not have a complex 

structure (Bengio et al., 2007).  

As expected, we find that the accuracy of stock index price predictions using a DNN 

model are significantly better than that achievable using other commonly employed ML 

techniques (SVM and one-layer NN) when the data size increases significantly (i.e. when using 

a minute level data). However, we cannot accept hypothesis H1, that the predictive accuracy is 

higher using DNN (cf. SVM and one-layer NN) for all intraday time horizons, because when 

using tick data (over 10 million cf. 800,000 observations for minute level data)), the predictive 

accuracy of DNN models using both types of activation function were no better than SVM. 

This may appear surprising, as previous studies have suggested that the performance of DNN 

increases as data size increases. However, Schindler et al. (2016) compared shallow 

architecture versus DNN for music genre classification for example. They also carried out 

extensive comparative evaluations on four well-known datasets of different sizes including the 

application of two audio data augmentation methods. The system used is based on a parallel 

CNN architecture where separate CNN Layers are optimized for processing and recognizing 

music relations in the frequency domain and to capture temporal relations. Their result shows 

that for smaller datasets shallow models seem to be more appropriate since deeper models 

showed no significant improvement. They also found that deeper models performed slightly 

better in the presence of larger datasets, but a clear conclusion that deeper models are generally 

better could not be drawn. Their results clearly supports our findings concerning tick level data 

as well. 
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In addition, Cho et al. (2016) found that an increase in the size of training data for DNN led 

to improvements in predictive accuracy up to a certain point (an increase from 5 to 50 

training images), after which accuracy did not change substantially, regardless of the training 

size. This might explain the behaviour we experience using this data. On the other hand, Ba 

et al. (2014) suggested that in some cases shallow neural networks are able to learn deep 

functions using the same number of parameters as the original deep learning. He used TIMIT 

phoneme recognition and CIFAR-10 dataset to demonstrate this. In addition, when he trained 

shallow neural networks directly on the original labelled training data with the same number 

of parameters as DNN, he noted that shallow neural networks learned to mimic a DNN with 

high fidelity. Hence, it is clear that the function learned by that DNN does not really have to 

be deep. 

Our results offer support for H2, namely, that the RELU activation function produces 

more accurate stock price index predictions than TANH across all time horizon. This further 

explains why Nair et al. (2010) used CIFAR- 10 data to build a four-layer convolutional 

network and concluded that RELU was several times faster and better than TANH. RELU is 

also known to eliminate the vanishing gradients problems observed in TANH activation 

functions. 

According to Krizhevsky et al., (2012), the biggest advantage of RELU is non-saturation of its 

gradient, which greatly accelerates the convergence of stochastic gradient descent compared to 

the TANH functions. Another nice property is that compared to TANH neurons that involve 

expensive operations, the RELU can be implemented by simply thresholding a matrix of 

activations at zero. Glorot et al., (2011) carried out various experiments comparing the 

performance of RELU vs TANH using four image classification datasets of different scales. 

They noted that RELU can find local minima of greater or equal quality than those obtained 

with its smooth counterpart, TANH. They also noted that RELU is computationally efficient. 
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RELU truly proves itself when used to solve non-zero-centre problem such as our case. All 

independent variables used in our analysis have values of x > 0 which solves the issue of 

vanishing gradients unlike TANH which produces dead neurons during computation. 

Our results do not fully support H3, that the predictive accuracy of DNN is generally greater 

in emerging markets than in developed markets. In fact, there was no significant difference in 

predictive accuracy in emerging markets when using DNN and SVM for daily, hourly and 

minute level data. However, we did observe higher predictive accuracy when using DNN (cf. 

SVM) to forecast whether a stock price index rises or falls using tick level data for three specific 

emerging markets, Thailand, Malaysia and Czech Republic. Sutsarun et. al (2014) studied the 

impact of coup de’etats in Thailand in 2006 and examine the effect on both short-run and long-

run dynamics return, volatility, liquidity, and liquidity risk of returns on the Stock Exchange 

of Thailand index over this period of 1 January 1996 to 31 December 2011. They used tick data 

in their analysis and found that the immediate reaction to the coup is more evident in the stock 

market with a reduction in stock return. This period overlaps with the data used for our analysis 

and could explain why DNN was able to capture the complexity better than shallow 

architecture in this market. Similarly, it has been found that Central and Eastern European 

countries (CEEC) such as Czech Republic suffers from the spillover effect transmit from major 

stock market turmoil in the USA and China (Deltuvaitė Vilma, 2016). The collapse of Lehman 

Brothers bank in United States in 2008 was the most significant shock transmitted to stock 

markets. Their empirical results also suggest that the transmission of other systemic shocks 

(e.g. the Middle East financial markets crash (May 2006), Greek debt crisis (April 23, 2010), 

Portugal’s debt crisis (May 16, 2011)) was also observed on some of the CEECs countries. 

This also overlap with the data we observed for this market and could explain why shallow 

architecture were not able to match the performance of DNN. In Malaysia (Leow and Evelite 

(2015) examines the presence of a political cycle in Malaysia stock market returns and 
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volatilities over the period of February 1982 to April 2012. They claimed that Malaysia stock 

market tends to overreact to unexpected political events such as removal of Deputy Prime 

Minister and resignation of Prime Minister. Their studies further shows that the presence of a 

political cycle in Malaysia stock market volatilities is statistically significant which indicates 

that investors take asymmetric treatments to the election information and the government 

policy. Using DNN in such markets with RELU activation function was in turn able to capture 

the sudden change in market dynamics. 

2.7 Conclusions 

 

Deep learning is making major advances in solving problems that have resisted the best 

attempts of the artificial intelligence community for many years, such as in computer vision 

and natural language processing. It has turned out to be very successful at discovering intricate 

structures in high-dimensional data and is, therefore, applicable to many domains of science, 

business and government. In addition, DNNs have been predicted to have many more successes 

in the near future, largely because they require very little engineering by hand. Consequently, 

DNNs can easily take advantage of increases in the amount of available computational ability 

and data. With so many successful applications of DNN, it is perhaps surprising that few studies 

have employed DNN to forecast financial time series (Krauss et al., 2016). Our paper is the 

first, to the best of our knowledge, to use DNN in the context of predicting the direction of 

stock price movements across multiple markets in order to understand to what extent this novel 

algorithm is sensitive to sample sizes. We set out to clarify if this is the case by comparing the 

predictive accuracy of widely used shallow methods with DNN using different forecast time 

horizons (daily/hourly/minute/tick). 

As expected, our results show that data size has an effect on the relative predictive 

performance of DNN. SVM and one-layer NN outperformed DNN when daily and hourly data 

was used. However, the predictive accuracy of DNN was significantly better than that of SVM 
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and one-layer NN using minute level data. Previous research has suggested that DNNs perform 

particularly well when they can learn the underlying structure using large datasets. It is likely 

that this explain our results, since there is a significant increase in data size from the 1,500 

observations for daily prediction to the 800,000 observations for minute predictions (Bengio et 

al., 2007). 

Interestingly, the accuracy of stock index price predictions at the tick level based using 

DNN was not significantly better than predictions based on shallower architectures. Since 

many studies have advocated the use of DNN when confronted with complex, big data, one 

would have expected DNN to have a better predictive performance than other methods at the 

tick price level. Some studies have suggested that this is not always the case (e.g., Cho et al., 

2016) and further research is needed, employing data other than that related to stock markets, 

to see if similar a finding applies.  

Taken together, our results suggest that practitioners who are looking to include DNN 

as one of the algorithms they use when predicting stock price movement,  should first consider 

the complexity of the decision space, the size of the dataset and how balanced is the target 

class. A suitable future research avenue might be to develop an ensemble model which 

combines the power of SVM and DNN (Krauss et al., 2016). Research into DNN is going 

through a lot of transformation and other areas of exploration is by looking at different variants 

such as DeepAR, fuzzy methods or probabilistic methods. 

A second important contribution of the research is that we have demonstrated that 

RELU activation function outperforms the TANH activation function when employing DNN 

across all forecast time horizons (daily, hourly, minute and tick level). Carefully tuning the 

hyper parameter optimization may still yield advantageous results for both activation function. 

This is subject to further research using more stock markets data. In case a practitioner is 
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oblivious on which activation function to apply and if cheap computing power is available, 

RELU should be explored extensively to gain better predictive accuracy. 

A third contribution of the paper is the discovery that DNN outperforms shallower 

architectures at the tick level in some emerging markets. In particular, we found that predictions 

based on DNN at the tick level were significantly more accurate than those based on shallower 

architectures for the Thai, Czech and Malaysian markets. We believe DNN was able to capture 

the recent upward trend in their economic growth which was also reflected in the data. The 

high levels of predictive accuracy achieved for these markets (79%, 84% and 79%, 

respectively) suggest significant exploitable inefficacies in these markets. Furthermore 

political issues such as sudden change of leadership in these countries and economic turmoil 

might suggest why shallow architectures were not able to perform as well as DNN. Since stock 

markets are rapidly changing in emerging markets, practitioners should always compare both 

shallow architecture and DNN before taking any decision. Further research should explore 

datasets from sub-markets within emerging markets using DNN with shallow architectures.  

Overall, this paper has implications for financial economics and professional finance 

practitioners. In particular we provide empirical evidence that the most widely celebrated 

machine learning techniques (DNN) does not necessarily outperform SVM and NN in all cases 

using large data from many major financial markets. We show that RELU should be leveraged 

widely by practitioners as this was better in comparison to TANH when analysing stock market 

data. Lastly, none of the algorithms we tested were superior for predicting stock price indices 

in emerging vs developed markets, even though all the methods offer the prospect of 

identifying inefficiency in the pricing in these markets. 
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Chapter 3 A Cross-Device Examination of Conversion Rates from Online Browsing to 

Online Buying: The Online Path to Purchasing 

 

Abstract 

Marketing managers seek to understand cross-device consumer behavior in online 

path to purchase. Building on de Haan et al. (2018), we model the effect of online browsing 

across device types (PC, smartphone and tablet) on frequency of shopping orders per session. 

A dataset from a large multinational retailer is used. Due to device type endogeneity and 

sample bias, propensity score matching is employed. We find that frequency of completed 

orders is highest via tablet. When the device used during the previous session was PC or 

tablet, the conversion rate is higher for PC (6% and 5%). However, when the device used 

previously was smartphone, the conversion rate for smartphone is higher (8%). Consumers 

use tablet for viewing clearance pages and PC for product reviews. Tablets bring higher cart 

value, while PCs increase positive effects of having an existing cart and reading reviews on 

conversion. Smartphones and tablets experience more traffic than PCs before and after work 

hours, while PCs experience more traffic during lunch time. Findings contribute to 

understanding of browsing patterns, time spent shopping, and time of visit across device 

types. An emerging explanation of the online path to purchasing and managerial implications 

for practitioners in e-commerce/m-commerce are offered. 

 

Keywords: Online consumer behavior, e-commerce, big data, mobile commerce
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 Marketing managers, e-tail practitioners, and advertisers alike are facing low 

browsing-to-buying conversion rates. The vast majority of online browsing is not converted 

to a sale during that online session. Understanding online consumer behavior on different 

devices, including their smartphone, tablet, or personal computer (PC, which includes both 

laptops and desktops) is important for scholars and marketers alike. To address low 

conversion rates, managers seek knowledge about cross-platform online consumer behavior. 

This managerial problem concerns conversion rates among device types in electronic 

commerce (hence, e-commerce), which broadly refers to online shopping via technology such 

as PCs. It also concerns a more specific form of e-commerce—mobile commerce (hence, m-

commerce), which informally refers to online shopping from consumers’ mobile devices such 

as smartphones and tablets such as iPads. Managers may ask questions, such as which 

platform offers higher conversion rates and how online consumer browsing and buying 

behavior differs among these platforms.  

In addition to being a contemporary managerial problem, this topic has a global 

economic significance as seen by industry trends. For example, E-Marketer estimated that US 

consumers would spend $709.78 billion on ecommerce in 2020, an annual increase of 18% 

(eMarketer 2020). According to retail analysts at GlobalData, over half of UK consumers 

shop online, with an increase of 29.6% forecasted between 2019 and 2024. In the most recent 

survey by Capgemini IMRG eRetail, a quarterly sales index using data from 210 UK 

retailers, over 40% of online sales were made via phones in the fourth quarter of 2018/2019.  

Consistent with the IMRG industry report, scholars find that mobile devices are the 

medium of choice when shopping online (de Haan et al. 2018; Xu, Kaiquan et al. 2017). Yet, 

preference for mobile devices when shopping does not necessarily mean they will be used to 

to purchase. Surprisingly few scholars have looked at the roles of mobile devices and 

purchase patterns (Kannan and Li 2017; Verhoef et al. 2017) relative to the massive “digital 
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transformation” that deserves multidisciplinary inquiry (Verhoef et al. 2021). Despite the 

rising importance of m-commerce, shopping from a PC is worthy of understanding because 

PCs may have a higher conversion rate compared to mobile platforms. There may be a 

conversion gap in e-commerce, which is a significant discrepancy in browsing vs. purchasing 

on one e-commerce platform compared to another e-commerce platform. 

Thus, our objectives are twofold. The first objective is to model the effect of 

consumers’ online browsing across device types (PC, smartphone and tablet) on the 

frequency of orders completed per online shopping session. The second objective is to 

consider how the online path to purchase process may be distinct for each device type. 

The research offers three contributions to the marketing literature: First, this is the 

first study to empirically study cross-device e-commerce along with different touch points 

across various stages of the online path to purchase. Second, we examine PCs, tablets and 

smartphones, where most of the literature focuses on just the smartphone. Third, we expand 

knowledge on online shopping cart use by studying the effect of existing items in a cart from 

past shopping sessions on purchase frequency. A further contribution is an addition of three 

factors to extend work by de Haan et al. (2018): 1) browsing patterns across various pages 

visited by consumers, 2) time spent on each shopping session, and 3) time of day of visit.  

 We fill a knowledge gap by determining the role of mobile devices in the online path 

and value to conversion, focusing on the moderators of any device type effect on shopping 

behavior patterns. This supplements only two other studies in marketing that use a cross-

device approach (de Haan et al. 2018 and Xu et al. 2017). Our findings show that customers 

who shop using tablet and who have visited clearance pages are more likely to complete an 

order in a shopping session, followed by those who shop using PC. We show how the 

smartphone is the least used device for conversion. Our findings also reveal that customers 

with items in their e-cart from a previous session using PC are more likely to complete an 
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order in a current session compared to those using other devices (i.e., smartphones, tablets). 

We also explain why customers who read reviews of items during their browsing trip on PC 

(vs. phone or tablet) are more likely to complete the order. In sum, we demonstrate that tablet 

is the device of choice, leading to highest conversion and purchase frequency overall, while 

PC is still an extremely important device that leads to high conversion/purchase frequency. 

The rest of this paper is organized as follows. Next, we provide a synthesis of 

literature on the role of device type in e-commerce and m-commerce. An overview of the 

empirical context containing the contextual setting for the data follows. The subsequent 

section provides a description of the empirical models used in the analyses, followed by the 

results and robustness checks. We then explore potential underlying theoretical mechanisms 

and boundaries. We conclude with a discussion of results, implications, limitations, and a 

suggested future research agenda.  

3.1 Literature Review 

 

Table 3.1 synthesizes the relevant literature in marketing and delineates where this 

research is positioned while illuminating the void in the literature on e-commerce conversions 

by device modality. It is clear from Table 3.1 that there are only two works that examine e-

commerce from a cross-device perspective, and they have conflicting results; as such, in lieu 

of hypotheses we take a modelling approach and interpret the findings with respect to those 

papers while offering a start towards emergent explanation of the online path to purchase. 

[Table 3.1] 

A common pattern among scholarship examining online purchasing using mobile 

devices is that they examine only one device (namely the mobile phone) in isolation (e.g., 

Luo et al. 2014; Fong et al. 2015; Andrews et al. 2016; Dube et al. 2017; Li et al. 2017). 

Again, the two notable exceptions are de Hann et al. (2018) and Xu et al. (2017) which 

examine cross-device browsing behaviors and conversion rates. Xu et al. (2017) were the first 
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to investigate the cross-device impact on conversion rates. Specifically, they examined any 

complementary and substitution impact of the tablet channel on the smartphone and PC 

channel. They leveraged a dataset from Alibaba—the largest e-commerce firm in the world—

and exploited a natural experiment via the iPad app introduction. Their results show that 

consumers’ adoption of tablets substantially enhanced the overall growth of Alibaba’s e-

commerce market. This impressive dataset illuminated the importance of the tablet. Their 

study also examined cross-device browsing, which was limited to “as instances where users 

browse on two different devices within a one-hour time window” (Xu et al. 2017, p. 1486). 

de Haan et al. (2018) is only the second paper to analyse browsing patterns across 

PCs, smartphones and tablets. They investigate the role of device switching on online 

purchasing and find that the increased adoption of mobile devices significantly impacts 

online shopping behavior, with customers at times switching between mobile and fixed 

devices on the path to purchase. Device switching is analyzed using clickstream data from a 

large e-tailer. Propensity score matching accounts for self-selection in device switching. The 

authors also find that when customers switch from a mobile device (e.g., a smartphone) to a 

stationary device (e.g., a desktop), their conversion rate is significantly higher.  

There are opportunities to build on the seminal work of de Haan et al. (2018). 

Specifically, since then, mobile devices have become even more prevalent in the life of many 

consumers. E-commerce technology has also improved, potentially leading to changes in 

previous research findings. Furthermore, de Haan et al. (2018) focused on purchase 

completion as a binary outcome. Thus, building on Xu et al. (2017) and de Haan et al. (2018), 

our work will offer insights concerning the impact of cross-device browsing on purchase 

conversion and frequency. In particular, our research will consider session-level pattern 

browsing and conversion among PCs, smartphones and tablets. This represents a more 

comprehensive approach to examining cross-device browsing than has been done in the past. 
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Last, we will go a step beyond considering purchase completion as a zero-one variable, and 

also investigate frequency of purchase completion (or buying) within a session to allow for 

the possibility of a consumer completing multiple orders within the same shopping session.  

3.2 Methods  

 

3.2.1 Data Description and Variable Operationalization 

 

We use individual-level clickstream data from a large multinational online retailer to 

develop an empirical model to explain consumers’ browsing and purchasing behavior across 

different device types. The online retailer is a British sport brand, clothing, footwear and 

home products retailer with a strong multi-national presence. For the study, we use 

observations from customers who engaged in at least two sessions to determine how the 

previous session influences the current session. The online retailer defines a session as one 

continuous period in which the customer is active on the website. An online shopping session 

starts when the customer enters the online retailer's website and ends when the customer 

actively leaves the website or when the customer is inactive for 30 minutes or more.  

We use data from registered customers because registration is necessary to complete 

the purchase and it is not possible to capture device switching by unregistered users. We use 

sessions that belong to the same path to purchase as defined by Li and Kannan (2014) as 

multiple touch points that a customer makes before conversion. If, for example, a customer 

uses a smartphone in one session but does not convert and returns in the next session using a 

PC and eventually converts, the two sessions belong to the same path to purchase. Our data 

contains device unique IDs which allows us to track and link a consumer identifier to the 

devices used on the website during each visit. The final sample includes 55,500 unique 

customers who engaged in 958,859 usable sessions. For each session, the data include 

information regarding which device was used to visit the website. The dependent variable of 
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interest is frequency of purchase completion within a single shopping session, which is novel 

compared to past work that only captures if a sale was made or not. Some researchers have 

investigated purchase quantities (Boatwright et al. 2003), but the factors that impact 

frequency of purchasing per session across multiple device types have not been explored. 

We categorize the sessions by the device used, as shown in Table 2 with the 

descriptive statistics per device type. We can see that more customers prefer to continue the 

online path to purchase on the same device in subsequent sessions rather than switch devices. 

We find that the conversation rate for tablet per session is 8.58%, which shows that 

consumers convert on average more via tablet than via PC (7.96%) and smartphone (5.50%). 

However, when the frequency of orders per session is greater than one, smartphone is the 

leading device for conversion with 2.78%, followed by PC (1.82%) and tablet (1.36%). When 

device used during the previous session is PC, we find that the conversion rate is higher for 

PC (6%). When device used during the previous session is tablet, we find that the conversion 

rate is higher for PC (5%). However, when the device used in previous session is smartphone, 

the conversion rate for smartphone is higher (8%). Table 3.3 shows summary statistics of 

variables across all devices. In addition, the correlation matrix is in Table 3.4. Please note 

that for device types tablet and smartphone, PC is serving as a baseline comparison. We next 

discuss the independent variables included in the model and the reasons for their choice.  

[Table 3.2, Table 3.3, and Table 3.4] 

Online retailers have strategic interest in the e-cart value of a transaction, because 

their profits are directly tied to the shipping costs associated with the purchases (Boatwright, 

Borle, and Kadane 2003). E-cart value is used as one of the predictors in our analyses, as the 

total monetary value of all items in the e-cart. Related to e-cart shopping behavior it indicates 

whether the consumers started the shopping session with a new (i.e., empty) cart or had any 

items in an existing cart. We used a variable named existing cart to denote a use of a cart 

https://journals.sagepub.com/doi/full/10.1509/jm.15.0138
https://journals.sagepub.com/doi/full/10.1509/jm.15.0138
https://journals.sagepub.com/doi/full/10.1509/jm.15.0138
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containing item(s) from a previous shopping session.   

 Consumers may spend time browsing pages and gathering information before 

purchasing. Past research shows that consumer online purchase behavior can be better 

predicted by incorporating browsing characteristics as covariates (Montgomery et al. 2004) 

and that browsing characteristics such as page views and visit duration are jointly determined 

within a session (Bucklin and Sismeiro 2003). As such, we integrate browsing pages and 

active seconds spent per session into the model. Additional browsing characteristics include 

indicators about whether consumers visited a clearance portion of the shopping website and 

whether they browsed through any customer product reviews. To investigate the moderating 

role of device type, interactions of device type with 1) browsing clearance sites, 2) reading 

product reviews, and 3) having an existing cart, are also included. We also incorporate time 

spent shopping and time of the day when shopping into our model as independent variables.   

3.2.2 Controlling for Endogeneity Using Propensity Score Matching and Control Variables 

 

Endogeneity in marketing models can lead to biased coefficient estimates (Germann, 

Ebbes, and Grewal 2015; Papies, Ebbes, and Van Heerde 2017). Because consumers were not 

randomly assigned to the treatment (device type) but self-selected the treatment, different 

device users could vary systematically across the different device type groups. To account for 

this potential self-selection bias (Garnefeld et al. 2013), we employ propensity score 

matching (PSM) and create an artificial control group. First, in a binary logistic regression we 

calculate each customer’s propensity to use a particular device (PC vs mobile (including 

SmartPhone/Tablet)) to purchase an item (see Table 3.5, Panel A). Second, the matching 

procedure links each customer in the treatment condition with a statistical twin from the 

control group who did not purchase using a particular device but has statistically the same 

propensity to. With a caliper matching procedure, we match each treatment case to its nearest 

neighbor only if two propensity scores fall within a pre-set tolerance zone (Wangenheim and 

https://journals.sagepub.com/doi/full/10.1509/jm.15.0138
https://journals.sagepub.com/doi/full/10.1509/jm.15.0138
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Bay on 2007). Limiting the scores to differ by a maximum of .001 – much below the 

recommended tolerance zone of .008 (Silverman 1986) – we match 150,228 customers from 

the treatment customers. Third, following Bommaraju and Hohenberg (2018), we compute 

standardized differences in means before and after matching (Table 3.5, Panel B). 

In addition to controlling for the endogeneity of device used, another way to correct 

for endogeneity involves using instrumental variables. Instrumental variables allow for 

unbiased estimates, which are implemented through two-stage least squares (2SLS) models 

that use estimated values from a first-stage regression for a possibly endogenous variable 

(Germann, Ebbes, and Grewal 2015). Current recommendations stress to first use control 

variables in the data sets to control for unobserved effects before deciding to use instrumental 

variables (Germann, Ebbes, and Grewal 2015; Papies, Ebbes, and Van Heerde 2017).   

Thus, we also use control variables. To allow for a fair comparison of the potential impact of 

user interfaces, screen sizes of the device types represent control variables in our model. We 

also control for alternative explanations that might arise due to variation in individual 

differences. Six dummy variables account for continents or regions where the consumer is 

browsing from, with Asia as the baseline (Africa, North America, South America, Europe 

and Australia) using the categorization provided by Statista 2020 reports on internet traffic 

percentage of total web traffic by region. We also include dummy variables to account for 

variation across time of the day. We add a series of control dummy variables that denote the 

“sequence” of each session. Thus, appropriate measures have been undertaken to address 

endogeneity. Next, we overview methods beginning with the empirical model and analyses. 

 

3.2 Empirical Model and Analyses 

 

Recall, our primary objective is to understand the effect of consumers’ online 

browsing across device types on the frequency of orders completed per shopping session. To 
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develop the most appropriate model, we need to account for the infrequent behaviors of 

consumer buying process in a session. Data with abundant zeros are common in studies that 

count the occurrence of online purchases. Count data have values that are usually non-

negative with a lower bound zero and typically have excessive zeros and over-dispersion. 

A typical way of analyzing count data includes specification of a Poisson distribution 

with a log link (the log of the expectation of a response variable is predicted by the linear 

combination of covariates, i.e., predictors) in a Poisson regression. Another more formal way 

is to use a negative binomial (NB) regression. Each of these models belong to the family of 

generalized linear models (McCullagh and Nelder 1989). Marketing literature analyzing 

online purchase behaviors has generally not considered the mean-variance relationship and 

proportions of zeros in such data, making such model bias and results from such models not 

as reliable in those cases. The frequency distribution of orders completed per session in the 

data indicates an extremely large number of zeros. Using Ordinary Least Square (OLS) 

estimation, the most widely used regression method, is not suitable due to bias in such 

coefficient estimates. Therefore, to model the frequency of orders completed per online 

shopping session, we considered the Poisson regression model, the negative binomial 

regression model, and the zero-inflated negative binomial. Each of these are overviewed next.  

3.2.1 Poisson Regression Model 

 

In the Poisson regression model, the frequency of orders completed per session is 

modelled as follows: 

Pr(𝑌𝑖 = 𝑦𝑖) =  
𝑒−𝜇𝜇𝑦𝑖   

𝑦!
 , 𝑦𝑖 = 0, 1, 2 … … ….                                       (3.1) 

where 𝜇 is the count mean.  



65 

 

Let 𝑋 = (𝑋1, 𝑋2, … … , 𝑋𝑝) be a vector of covariates, in this case, device type, seconds spent, 

read customer review, e-cart value, existing cart, product views, time of visits, and clearance 

page visits. Let 𝛽 = (𝛽1, … . . , 𝛽𝑝) be a vector of regression parameters.  

The logarithm of 𝜇 is assumed to be a linear combination of 𝑝 covariates of the form  

𝐸(𝑌|𝑋) =  𝜇 = exp (𝑋𝛽) 

The conditional mean and conditional variance are equal for the Poisson regression model, 

that is 𝐸(𝑌|𝑋) = 𝑉𝑎𝑟(𝑌|𝑋) =  𝜇. The greater the mean, the greater the variability of the data.  

Another way of dealing with over-dispersion is to use the mean regression function 

and the variance function from the Poisson GLM, but to leave the dispersion parameter  𝜙 

unrestricted. Thus, 𝜙 is not assumed to be fixed at 1, but is estimated from the data. This 

strategy leads to the same coefficient estimates as the standard Poisson model, but inference 

is adjusted for over-dispersion. Consequently, both models (quasi-Poisson and adjusted 

Poisson) adopt the estimating function view of the Poisson model and do not correspond to 

models with fully specified likelihoods. 

3.2.2 Negative Binomial Regression Model (NB) 

 

The assumption that the variance of counts is equal to the mean also implies that the 

variability of the outcomes sharing the same covariates values (a population has the same 

values for (𝑋1, 𝑋2, … … 𝑋𝑝)) is equal to the mean. If this fails to be true, estimates of the 

regression coefficients can still be consistent using Poisson regression, but the standard errors 

can be biased. They tend to be too small and increase the rate of Type I error (false positive 

results) (Hilbe 2014). The negative binomial distribution has the following form: 

Pr(𝑌𝑖 =  𝑦𝑖) =  
Γ(𝑘 +  𝑦𝑖)

Γ(𝑘)𝑦𝑖
(

𝑘

𝑘 + 𝜇
)𝑘(

𝜇

𝑘 + 𝜇
)𝑦𝑖                                            (3.2) 

Where 𝜇 is the mean and 𝑘 is the dispersion parameter. The variance of the above distribution 

is 𝜇 +  𝜇2/𝑘, and hence decreasing values of 𝑘 correspond to increasing dispersion levels. As 
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k approaches infinity, a Poisson distribution is obtained. The negative binomial regression 

model captures the over-dispersion in count data that the Poisson model cannot.  

3.2.3 Zero-inflated Negative Binomial (ZINB) 

 

Zero-inflated negative binomial (ZINB) (Mullahy 1986; Lambert 1992) is another 

model class capable of handling excess zeros. ZINB can handle zero-inflation and over-

dispersion simultaneously. An advantage of using models that deal with zero-inflation is that 

they reduce bias from extreme non-normality and have the ability to model the effect on 

consumers’ susceptibility and magnitude simultaneously. The probability is given as: 

Pr(𝑌 = 0 ) =  𝜋 + (1 − 𝜋)(1 + 𝛼𝜇)−
1
𝛼                                                (3.3) 

Where mean is 𝜇 and 𝛼 is the over-dispersion parameter. 

3.3 Analysis 

 

All analysis was conducted using R software. To determine which of the models is the 

most appropriate to use, we estimated the fitted count regression model. Table 6 includes a 

comparison of five considered models (Poisson, Poisson adjusted, quasi Poisson, negative 

binomial, and zero-inflated negative binomial).  

[Table 3.6] 

As a first attempt to understand the effect of online browsing across device types on 

the frequency of orders completed per shopping session, we fit a basic Poisson regression 

model. Table 6 shows that all coefficient estimates are highly significant. Yet, over-

dispersion is present; thus, we compute the Poisson model using sandwich standard errors. 

Some independent variables are still significant, but the standard errors are more robust. The 

quasi Poisson model deals with over-dispersion (excess zeros) in a formal way. The 

coefficients are similar to the sandwich standard error, leading to similar parameter estimates. 

Next, we consider a negative binomial (NB) model. The NB has an advantage in that it is 
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associated with a formal likelihood so that information criteria are available. The coefficients 

and standard error appear to be more stable in comparison to the Poisson models. A different 

way of augmenting the NB model with additional probability weight for zero counts is a 

zero-inflated negative binomial (ZINB) regression, considered next. In Table 6, the output for 

ZINB contains negative binomial regression coefficients for each of the variables along with 

standard errors. A second block follows that corresponds to the inflation model. This includes 

logit coefficients for predicting excess zeros along with their standard errors. 

3.3.1 Model Selection Criteria 

 

To select the preferred model, we first used the minimum AIC (Akaike information 

criterion) (Bozdogan 2000). AIC is given by: 

𝐴𝐼𝐶 =  −2𝑙𝑜𝑔𝐿(𝜃) + 2𝑐                                        (3.4) 

where L(θ) is the maximized likelihood function for the estimated model and −L(θ) offers 

summary information on how much discrepancy exists between the model and the data, 

where c is the number of free parameters in the model. The negative binomial is the preferred 

model based on the smallest AIC value (i.e., 415,673).  

Next, we ran the Vuong non-nested test, which is based on a comparison of the 

predicted probabilities of two models that do not nest. A large and positive test statistic 

provides evidence of the superiority of model 1 over model 2, while a large and negative test 

statistic provides evidence of the superiority of model 2 over model 1. Table 3.7 shows the 

model comparisons using Vuong non-nested tests. The model comparisons include Poisson 

vs. NB model; NB vs. ZINB model; and Poisson vs. ZINB model. Vuong test statistics and p-

values are shown. The first comparison (Poisson versus NB model), with a Vuong test 

statistic of -47.91 and 𝑝 < 2.22e-16, indicates that the NB model is preferred. The preferred 

model is then compared with the next model (ZINB). After a series of tests and model 



68 

 

comparisons, NB remains the preferred model of choice as the Vuong test statistic shows in 

the second column of Table 3.7. Hence, results presented next are based on the NB model.  

[Table 3.7] 

3.4 Results 

 

 The results focus on the effects of the following factors: device type on frequency of 

completed orders, items in e-carts from prior online shopping session on multiple orders by 

device type, number of pages viewed and time of day on frequency of orders completed, time 

spent online on frequency of orders completed, viewing product reviews on frequency of 

orders completed, and visiting clearance pages on frequency of orders completed. Next, we 

overview the findings and compare them to the two other studies that examine cross-device 

considerations on either purchase conversion (de Haan et al. 2018) or sales (Xu et al. 2017).  

3.4.1 Key Findings 

 

The effect of device type on frequency of completed orders. In line with the key 

research objective, we find that consumers’ device type has a significant effect on the 

frequency of orders completed. Particularly, the estimate of the coefficient of frequency of 

completed orders on smartphones is 0.43 lower (p < .001) than for those using PC. However, 

for those using tablet, the estimate of the coefficient of the frequency of completed orders is 

significantly higher than for PC by 0.20 (𝑝 < .001). Thus, the conversion and purchase rate is 

highest when consumers shop via tablet, followed by PC and then smartphone. The finding 

that smartphones have lowest frequency of orders completed is consistent with Xu et al. 

(2017), who did not study conversion rates but similarly found that tablet adoption increases 

online sales. Xu et al. (2017) also showed that tablets are considered as complementary 

device to smartphones, as they are both platforms for m-commerce. Thus, our results showing 
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the strength of tablets are distinct yet complementary to Xu et al. (2017) in that they both 

demonstrate that tablets are the strongest device type for online sales and conversions.  

Our finding also makes sense when considering complementary work on consumers’ 

purchase intentions with respect to using mobile devices. Studies by Bart, Stephen, and 

Sarvary (2014) and Grewal and Stephen (2019) find a positive impact of mobile devices on 

purchase intentions. Another complementary empirical study about mobile devices finds a 

positive role of mobile devices (Lou, Andrews, Fang and Phang 2013) on purchase of a 

promoted movie. Furthermore, two conceptual papers about the role of mobile devices in 

consumer behavior also suggest that mobile platform should have a positive impact (Shankar 

et al. 2010 and Grewal et al. 2016). 

Despite this, our finding contradicts the finding from de Haan et al. (2018), which is 

the only other paper besides Xu et al. (2017) that also examined cross-device factors on 

online shopping with behavioral data. de Haan et al. (2018) found that a less mobile device 

such as a desktop has a significantly higher conversion rate compared to mobile devices 

(tablet, smartphone). Other complementary papers examining mobile devices also found a 

negative impact of mobile devices. Namely, Ghose, Goldfarb and Han (2013) found less 

clicks from a mobile device and Marz, Schubach, and Schumann (2017) and Ransbotham, 

Lurie, and Liu (2019) found consumers report feelings of lower value via mobile.  

Thus, while there is limited literature examining tablets, some research on the net 

effect of mobile devices in general in marketing studies is mixed. To provide further support 

of our suggestion that there is a positive effect for marketers when tablets are used, we find 

that e-cart value is highest with tablets. In addition to the tablet being associated with the 

highest  conversion to purchase rate, the average total e-cart value of shoppers using tablet 

(£33.00 or $40.71) is higher than of those using PC (£29.84 or $36.81) or smartphone (£24.24 
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or $29.90). Thus, consumers tend to have the highest valued e-cart when shopping on tablets 

and lowest when on smartphones (with close to a ten-dollar difference between the two). 

The effect of items in e-carts from prior online shopping session on multiple orders by 

device type. Our results in Table 6 (NB column) also show that having an existing cart 

containing item(s) from an earlier shopping session overall positively affects frequency of 

orders during the current session (.475, p <.001). While there is no formal research to which 

we can compare this finding, it has face validity in that a consumer who begins a shopping 

session with a product or products from their past online shopping session is more likely to 

convert to the sale. This could be explained by work of Close and Kukar-Kinney (2010) who 

note that putting an item in an e-cart in itself can be explained by a latent motivation to 

purchase that product. Furthermore, Kukar-Kinney and Close (2010) note that the role of 

dynamic carts (carts that keep the unpurchased items in the cart after the end of a shopping 

session) may be important to help conversions to sales at a later point. 

Further, as seen in Figure 3.1A, there is a significant interaction between device type 

and having an existing cart. The results suggest that customers who started a shopping 

session on a PC and had items in their cart from a previous online shopping session 

completed more purchases in a session than when smartphones or tablets were used. This 

suggests that customer returns to the previously used cart are most profitable when done on a 

PC, possibly indicating a more purchase goal-driven motivation, rather than a more random 

or coincidental browsing. Studying effects of existing cart and its interactions contributes to 

the growing literature on consumer e-cart use.  

[Figure 3.1] 

The effect of number of pages viewed and time of day on frequency of orders 

completed. We find the number of pages viewed to have a significant positive effect on 

frequency of purchase completion (.069, p < .001): the more webpages consumer has seen, 
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the greater the frequency of ordering within the session. This result supports a finding by 

Mallapragada et al. (2016). Extending their work, our data allow us to also monitor 

consumers’ shopping activities during the time of day. Specially, we find that shopping 

before working hours has a significant positive effect on frequency of completed orders 

(0.073, 𝑝 < .01). Thus, early morning shopping is most likely to result in a purchase. Next, 

shopping during lunch hours also has a positive significant effect on frequency of completed 

orders (0.043, 𝑝 < .01). This means that those who shop during the lunch hours tend to have a 

good chance of purchasing. However, we find that shopping in the evening has a negative 

effect (-0.082, 𝑝 < .01) on the frequency of orders made. For every visit made during the 

evening, the frequency of orders drops. This means that shopping online at night, regardless 

of device type, has the lowest conversion. We see that consumers tend to browse online more 

so than purchase online at night. Our study is the first to link frequency of purchase made 

across all devices with time spent during different times of the day.  

The effect of time spent online on frequency of orders completed. On average, 

customers spend more shopping time on their smartphone before working hours (between 6-

8am) and on their tablet after working hours (between 7-11am). However, this is not 

significantly different from time spent on other devices. Time spent online (in seconds) to 

search for items has a significant positive impact on purchasing online; yet the coefficient is 

very small (0.0001, 𝑝 < .01) due to the unit of measurement (seconds). Our study is the first 

to link frequency of purchase made as a function of the time spent on the website.  

The effect of viewing product reviews on frequency of orders completed. A further 

result concerns the impact of viewing product reviews on online purchase behavior. There is 

no significant effect of product reviews on frequency of orders completed (0.001, 𝑝 > .05) 

overall. This is contrary to Liu et al. (2019), who suggested there may be an effect of product 

reviews on online consumer purchase behavior and Allard et al. (2020), who found via lab 
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experiments that exposure to product reviews ultimately results in positive consumer 

responses. However, the latter does not necessarily mean purchases. Interestingly, and as 

depicted in Figure 3.1B, even though the main effect of product reviews is not significant in 

our research, we identify a significant interaction effect of device type and reading product 

reviews. Thus, device type serves as a moderator of the effect of product reviews. Customers 

who read other consumers’ reviews of items before purchase on PC completed more orders 

than when any other channels (i.e., smartphones and tablets) were used. Further, reading 

product reviews on a smartphone is less likely and does not drive purchase behavior. Thus, 

using big data, we provide evidence to show that viewing product reviews increases the 

frequency of completed online shopping orders, but only for PCs. 

 Consumers likely use smartphones for convenience and shorter shopping sessions (de 

Haan 2018), rather than conducting extensive product research and information search, such 

as reading through customer reviews. While there is a rich literature on product reviews, there 

is little if any that provides evidence for the effect of product reviews on frequency of orders 

completed for different devices using behavioral click-stream data.  

The effect of visiting clearance page on frequency of orders completed. The results 

(Table 3.6, NB column futher indicate that visiting a clearance page has a significant and 

positive main effect on frequency of purchasing (0.265, 𝑝 < .01). Customers who visit a 

clearance page are more likely to complete purchases than those who do not visit it. Our 

analyses further show a moderating role of device type on the effect of visiting a clearance 

page. This moderation effect is depicted in Figure 3.1C. Specifically, customers who shop 

using their tablet and who have visited a clearance page complete more purchases in a 

session, followed by those who shop using PC. Smartphone is the least used device to 

encourage purchasing upon visiting a clearance page.  
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The effect of  e-cart value in e-carts on frequency of orders completed. Last, e-cart 

value has a significant and negative impact on frequency of orders completed (-0.00003, 𝑝 < 

.01). This means that the higher the total monetary amount of the items in the e-cart, the less 

likely that order will be completed. While this is a unique finding, it can be linked to an 

earlier finding by Close and Kukar-Kinney (2019) that consumers may place items in e-carts 

in part as a motivation to see the total price for the items of interests. A potential explanation 

for the negative effect is that when consumers have a big ticket item or high value items in 

their e-cart, they may be reluctant to complete the transaction due to sticker shock (seeing a 

high total price) and the financial risk of spending a large amount. This may be especially 

true with online shopping, where the consumer in many cases has not physically seen or 

touched the product(s). 

4.2 Robustness Analysis 

 

To enhance the validity of the results and to improve the confidence in the estimation 

approach, we conducted robustness analysis via a Bayesian framework, which provides 

multiple benefits. It allows probabilistic statements about the parameters for each consumer, 

provides richer information on the model’s parameters by using a posterior distribution 

(rather than point estimates), and allows for more direct inferences about effects (Rossi and 

Allenby 2003). Dyachenko and Allenby (2015) examined the traditional approach to 

mediation analysis based on the statistical significance of the coefficients in the regression 

models. The results showed that these models are neither necessary nor insufficient when it 

comes to claim the presence of mediation for specific individuals. The Bayesian framework 

allows us to incorporate heterogeneity into the mediating behavior. To obtain the parameter 

estimates, we used the Bayesian Markov Chain Monte Carlo (MCMC) method which draws 

from the posterior distribution of the parameters obtained and used as a basis for inference. 
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Using Gibb samplers with conjugate priors (Rossi and Allenby, 2003), we estimated a 

joint posterior distribution of the parameters for our model. The conjugate prior allowed us to 

analytically derive and directly sample the conditional posteriors of the state parameters. 

Conversely, given the state parameters, the system became a multivariate probit model with 

hierarchical priors, thus we sampled the data directly using the standard MCMC method 

(Rossi and Allenby 2003). Our parameter estimates are similar to the NB estimates in Table 

6, giving confidence in the robustness of the results. Based on these results that focus on the 

cross-device aspects, we now offer a more wholistic explanation of the theoretical process. 

3.5 Towards a Theory of Online Path to Online Purchasing 

 

This proposed explanation is a step towards extending theory in marketing on the 

consumer path to purchase model (Batra and Keller 2016) by considering the process specific 

to online paths to online purchasing. Specifically, while the “awareness” and “consideration” 

stages of the path to purchase are triggered on any device, the findings indicate that the 

“search/learn” phase of the process, as indicated by searching reading product reviews, is 

particularly relevant when consumers are using PC or tablet, and helps them make the 

purchase decision. Further, the “seeing value, being willing to pay” phase (Batra and Keller 

2016) is found to be most relevant to consumers using tablets, as indicated by highest 

clearance site visits, and their largest effect on purchase completion via tablets.    

To show how the online shopping session tends to progress based on these data, we 

offer a theoretical explanation of the online path to purchase, which helps explain the process 

that consumers may follow when shopping online. Figure 3.2 depicts this process by device 

type (A-C). Consistent with Batra and Keller (2016), consumers do not necessarily proceed 

through all of the steps of the purchase process and complete the purchase. For instance, 

consumers often will stop after merely browsing. These steps are depicted in Figure 3.2A-

3.2C. 
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[Figure 3.2A-3.2C] 

3.5.1 An Explanation of the Online Path to (Online) Purchase 

 

Step 1. Enter an e-commerce or m-commerce site. In step 1 of the online path to 

online purchase, the consumer enters the e-commerce site using their selected device type. 

Because going on to the online shopping site is the first step in the online path to purchase, 

and this is where any click-stream modelling begins for an e-tailer, 100%  of consumers enter 

the site and thereby browse one page. This page is the page that the consumer first views, and 

is considered their landing page, which may differ by the way in which they came to the page 

and their respective search terms or what they entered into their browser. While most 

consumers go to step 2 and browse other pages, for some consumers who do not want to look 

at other options, they may skip step 2 and go straight to step 3 and view the product details.  

 Step 2. Browse pages. In step 2 of the online path to purchase, the consumer begins to 

browse. In this step, the consumer leaves the first step (their landing page) and clicks on to 

another page on the website. Based on our data, 14.97% of online consumers entered step 2 

and browsed two or more pages on a given e-commerce website using PC as shown in Figure 

3.3A. On the other hand, the corresponding percentage for those using smartphone was 

39.7% and for tablet it was 12.4% Other pages visited are most commonly other products, but 

two other types of pages stand out as important. One is browsing the clearance pages on a 

website; we find that 0.03% of consumers viewed a clearance page using PC, while 0.05% 

used smartphone and 0.02% were on tablet when viewing clearance page. The second notable 

type of page is a product review page. Despite the great interest in the marketing literature on 

online review pages (e.g., Grewal and Stephen 2019; Mars, Schubach, and Schumann 2017;  

Ransbotham, Lurie, and Liu 2019), it is still not known how visiting review pages impacts 

online consumer journey. Accessing a product review page is not necessarily viewing product 

details, which is step 3.  
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 Step 3. View product. In step 3, the consumer views the product. Here, they are able 

to see photos of the product and product details and information. Note, that this is different 

from the product review page, which may be linked from the product page, but it is on a 

separate page. In our data, 8.01% of online shoppers who entered a retail site clicked on the 

product using PC. However, 0.99% used smartphone while 7.09% were on tablet as shown in 

Figure 3.3B (smartphone) and Figure 3.3C (tablet). A large drop in the percentage of 

customers who view products using smartphone indicates that in many cases smartphone is 

used only for the initial steps in the customers’ online journey, but that consumers quickly 

lose interest in pursuing the shopping task. This drop is smallest for tablet, followed by PC.  

 Step 4. Add to e-cart. In step 4, the consumer places one or more items in their e-cart. 

In the vast majority of e-tail websites it is necessary to place the item in an e-cart to be able to 

purchase it. Hence, the role of the e-cart is one of the most important aspects in all of e-

commerce. In our research, 1.14% of consumers who began an online shopping session on a 

retail site placed one or more items in their e-cart on PC. On smartphone, the corresponding 

value was 0.11% and on the tablet it was 1.11%. Similar to step 3, the drop in percentage of 

customers proceeding to this step from step 3 is the largest for smartphone users, and the 

smallest for tablet, with PC performing close to, but not quite as well as tablet.   

While it is typically necessary to place an item into an e-cart to purchase it, not all 

consumers keep an item in their cart. Of PC shoppers, 0.41% will remove the item from their 

e-cart, therefore exhibiting an early form of shopping hesitation which may lead to later e-

cart abandonment. E-cart abandonment occurs when consumers simply do not complete the 

purchase of any items within the same shopping session, and leave or log off without 

completing the purchase (Close and Kukar-Kinney 2010). On smartphone 0.03% of shoppers 

will remove an item, while on tablet, the corresponding percentage is 0.40%. Interestingly, in 

comparison with the percentage of customers who add item(s) to e-cart, the percentage of 
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customers who remove items from e-cart is smallest for smartphone, with tablet and PC 

resulting in a larger proportion of those who remove items. 

Step 5. Place order. The fifth step in the online path to purchasing is to place the 

order. This entails purchasing online and ordering the product or products that were in a 

customer’s e-cart. At times, the item may have been placed in a past online shopping session, 

and at other times, during the current shopping session. Regardless, we show that 0.29% of 

all online shopping sessions started using PC will ultimately end up with at least one order. 

On smartphone, we found the corresponding value to be 0.02%, while it is 0.27% on tablet. 

In the vast majority of cases, the customer online journey will end here. However, some 

customers will also proceed to a sixth step in the online path to purchasing. 

Step 6. Place multiple orders. In the final step, a consumer who has already completed 

an order (see step 5) continues to shop during the same session and orders something else, 

thus completing multiple purchase orders during the same session. This entails going back 

through the steps again in many cases, as the consumer is still in the online shopping session, 

viewing an additional page or pages, viewing the item, placing it in the cart, and completing a 

second (or further) order. For PC and tablet users, .02% of all started shopping sessions 

conclude in multiple orders, while for smartphone users this number is .001%. However, 

relative to all orders completed, multiple orders represent 7.4% of orders for tablet, 6.8% for 

PC, and 5% for smartphone, thus not a negligible amount. The findings show that tablet is not 

only the most effective device to stimulate conversion, but also multiple orders within the 

same session. Next, we discuss the contributions and implications of the present research. 

3.6. Discussion 

 

 Findings show that customers who shop using their tablet and who have visited a 

clearance page are more likely to complete an order in a shopping session, followed by those 

who shop using PC. Smartphone is the least used device for conversion to sale. Furthermore, 
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the value of the items in the cart is greatest for shoppers who are using their tablet, and the 

lowest for shoppers who are using their smartphone. Thus, in addressing our key research 

question, tablets are of greatest value to help convert shopping into buying and to stimulate 

multiple orders during the same shopping session. 

That said, there is still something impressive and perhaps unexpected with respect to 

the power of those who shop from their PC when considering multiple orders. Customers 

with items in their cart from a previous session using PC are more likely to purchase in a 

current session in comparison to other devices (i.e., smartphones, tablets). Further, customers 

who read reviews of items during their browsing session via PC are more likely to purchase 

than when other devices are used. Thus, even though our research findings demonstrate that 

tablet is the device of choice and leads to the highest increase in the likelihood of multiple 

orders per session, PC is still very important especially when consumers exhibit more goal-

directed behaviors. Returning to an existing cart can be seen as a more purchase-driven 

behavior and may be an indication of a stronger interest in immediate purchase, especially 

when conducted on a PC. While multiple orders within a session are fairly rare, they are of 

great interest for marketers who are interested in behavioral loyalty. Some e-tailers may also 

be able to bundle multiple orders together into the same package to save on shipping costs.  

3.6.1 Contributions for Marketing Scholarship  

 

This research makes novel contributions in three ways. First, this is the first work to 

study cross-device e-commerce and m-commerce browsing and online shopping along with 

the impact of viewing clearance pages, existing items in e-carts carried over from the 

previous session, or reading customer review pages from a cross-device consideration. We 

found significant findings for each of these novel considerations on the frequency of online 

orders completed. Namely, we expand knowledge on the electronic shopping cart use by 

being the first to examine the effect of existing items in consumers’ cart from past shopping 
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sessions. This is referred to as a dynamic cart, in that the cart does not necessarily remove the 

items upon cessation of an online shopping session. While that term was introduced in earlier 

research (Kukar-Kinney and Close 2010), which was published back when static carts (carts 

that deleted items upon cessation of an online shopping session) were the norm, the impact of 

dynamic carts had not been empirically addressed for online conversions.  

A second contribution over past work is that we add three new considerations to build 

on de Haan et al. (2018): 1) browsing patterns across various pages such as clearance pages 

and product reviews visited by consumers, 2) time spent on each shopping session in seconds, 

and 3) time of day of visit. With respect to these three areas, we find that viewing clearance 

pages and product reviews leads to higher frequency of completed orders for either specific 

devices (product reviews for PCs) or all devices (clearance). Next, we find a significant 

impact in that when online shoppers spend more time during their shopping session they have 

greater frequency of completing the order. Furthermore, we found that morning shoppers 

most frequently complete their orders, followed by lunch-time shoppers. Both morning and 

lunch-time shoppers have positive and significant effects on orders completed. Meanwhile, 

interestingly we find that night-time online shopping has a significant and negative impact on 

order completion. Thus, night-time shoppers have a significantly lower chance of order 

completion and are more likely to simply be browsing at night. 

Last, we expand the operationalization of cross-platform e-commerce and m-

commerce to include PCs, tablets and smartphones and use big data for development of the 

empirical model. Previous work, again with the exception of Xu (2017) and de Haan (2018), 

tends to focus on one of the three platforms, not comparing them or considering how they 

work potentially in tandem or as substitutes in online shopping. 

Theoretically, we help explain the process of the online path to purchase across 

different device types (see Figure 2 for an overview). Analyses with big data help us generate 
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a way to explain online consumer behavior with actual behavior, and the stages that 

consumers take in their online path to purchase as well as the device type considerations. 

3.6.2 Managerial Implications 

 

Our work addresses a hot topic for managers who are keenly interested in using big 

data (Verhoef et al. 2016) to understand the online path to purchase in e-commerce and the 

role of consumers’ device types when they shop. These findings should lead to updated 

strategies with respect to their e-commerce and m-commerce offerings and integrated brand 

promotions of such in the following areas: device type, dynamic e-carts, time of day for 

advertising, product review pages and clearance pages, and e-cart value.  

Device type. Our findings suggest that marketers and managers should place emphasis 

on the tablet, as advertising to consumers who shop from tablets may be especially valuable.  

This recommendation is based on our finding that conversation rate is highest when 

consumers shop via tablet, followed by PC and then smartphone, as well as the fact that the 

value of the items in the e-carts are highest for tablets. 

Dynamic e-carts. Our findings suggest that marketers should use dynamic carts in 

their e-commerce platforms rather than static carts (which have the item or items disappear 

upon the online shopping session ending). This suggestion is based on our finding that 

customers with items in their e-cart from the last online shopping session using a PC 

completed more multiple orders in a session than any other device (i.e., smartphones, tablets).  

Time of day to advertise for e-commerce. Our findings suggest that marketers should 

send promotional ads on online shopping platforms in the evening, as this is the time of day 

where consumers seem to need an extra nudge to go from browsing to purchasing. This 

implication is based on our finding that for every visit made during the evening, the 

frequency of orders drops. Again, shopping online at night, regardless of device type, has the 

lowest conversion as consumers tend to browse online at night. Thus, evening media 
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investments are suggested where appropriate. Specifically, time-limited deals available for a 

very short time period (e.g., an hour) may help spur the night shoppers into action.   

Product review pages and clearance pages. Our findings suggest that marketers can 

encourage consumers to read product reviews, especially from more fixed devices such as 

PCs. Overall, without taking device type into account, there is no significant behavioral 

evidence with big data that viewing product reviews increases the frequency of orders 

purchased. However, when consumers read the reviews from a PC, the effect of reading 

product reviews is intensified for conversions. Related, our findings suggest that marketers 

can further encourage views of clearance webpages. While this seems counter to standard 

advice to encourage higher end pricing, our results demonstrate that visiting a clearance page 

has a significant positive effect on frequency of purchases made.  

E-cart value. Our findings provide mixed evidence with respect to encouraging high 

value of items for online shopping. A caveat to that traditional wisdom is that when the value 

is high, the conversion rate for the online order completion is lower, possibly because of a 

“sticker shock” when seeing the total price for the cart. This means that managers should be 

aware that the larger the worth of the e-cart, the less likely that order will be completed. 

3.7 Limitations and Areas of Future Research 

 

 While the present work builds on past work and generates original findings, it does 

have limitations. One, while past work on e-commerce has shown the motivations for online 

shopping (Wolfinbarger and Gilly 2003) and e-cart use (Close and Kukar-Kinney 2010), the 

behavioral data shows the actions and the online consumer actual behaviors, but does not 

include aspects such as attitude. Another important topic that is worth including in future 

work is the role of device types on omnichannel aspects (Verhoef et al. 2005; 2007). Further, 

while we used big data based on a multi-national sample spanning hundreds of brands and 

several different countries, the data does not include purchasing services online. Findings 
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could be different if we were modelling the online path to purchase for services or 

experiential goods, such as sporting tickets or vacations. Future research can replicate this 

work in the context of services or experiential goods subject to data availability. It would be 

managerially and theoretically relevant to examine if any differences in findings would occur 

when a tangible product is not what is being browsed for or purchased online. 
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Chapter 4 Differences in Online Shopping Cart Abandonment across Mobile and Non-

Mobile Devices 

 

Abstract 

 

A significant amount of past research has investigated why consumers abandon their cart but 

no papers have examined the differences in cart abandonment between mobile and non-mobile 

devices. Examining the differences in cart abandonment across mobile and non-mobile devices 

can help firms to formulate a strategy to decrease abandonment and increase profitability. In 

this paper, we seek to understand the differences in the nature and degree of cart abandonment 

between mobile (smartphone/tablet) and non-mobile (PC) devices. In doing so, we formulate 

the problem as a two-choice process using a recursive bivariate probit (RBP) model. The first 

step is the choice of device to employ for online shopping (mobile vs non-mobile) and the 

second concerns whether to abandon the cart or not. We leveraged a unique dataset from a 

large multinational clothing, footwear and home products retailer involving over 165,613 

unique customers across 10 browsing sessions. Our results show the following:  i) 1% of mobile 

users that abandon their cart switch to a non-mobile device during the session when they start 

from a mobile device. However, 5% of non-mobile users that abandon their cart switch to a 

mobile device during the session when they start from a non-mobile device; ii) The basket 

value per device on a mobile is similar to on a non-mobile and its effect on cart abandonment; 

iii) 76% of cart abandonments were accounted for by those employing a mobile channel for 

shopping; iv) The cart abandonment rate was 44% higher on mobile (vs. non-mobile) devices 

when the consumers visited the site during the evening; (v) Consumers who read positive 

reviews were equally likely to abandon their cart using mobile (vs. non-mobile) devices and 

(vi) Consumers using mobile devices were more likely to abandon their cart if they experienced 

a high number of failed attempts to use a credit card than when experiencing the same number 

of failed attempts to use a credit card on non-mobile devices. Based on the findings, we discuss 
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how organizations can enhance their online multi-device strategy to increase shopping to 

buying conversion rates. 

Keywords: Online consumer behavior, cart abandonment, e-commerce, mobile device, non-

mobile device, retail, recursive bivariate probit model 

 

4.1 INTRODUCTION 

 

A number of papers have explored the motivations for online shopping cart use (Close and 

Kukar-Kinney 2010; Close, Kukar-Kinney and Benusa 2012) and the determinants of online 

shopping cart abandonment (Albrecht, Hattula and Lehmann 2017; Huang, Korfiatis and 

Chang 2018; Kukar-Kinney and Close 2010). However, none of them have examined the 

factors influencing the extent to which the cart abandonment is different depending on whether 

a mobile or non-mobile channel is used.  

Device shopping refers to the purchase of goods or services from devices such as 

smartphones, tablets or a PC via a wireless network (Wu and Hisa, 2004). These forms of 

shopping have become very popular among shoppers. De Haan et al (2018) explained that the 

rapid increase in the use of mobile devices has changed how consumers behave and shop 

online. With the increasing sales and penetration of smartphones and tablets, combined with 

the declining sale of PCs (mobile devices were employed for 65% of the total time that 

consumers spent on digital media in 2016), the PC is fast becoming a “secondary touch point” 

for an increasing number of digital users (Sterling 2016). 

Cart abandonment behavior, specifically leaving items in a device-shopping cart 

without completing a purchase session, is a vital aspect of device shopping that interests both 

marketers and academics. An industry report by Stephan Serrano (2020), an expert on 

ecommerce personalization tools, shows a cart abandonment rate across all sectors of 75.6%. 

There are some indications that the cart abandonment rate when using a mobile (cf. non-

mobile) channel may be higher (Kibo, 2016) resulting in higher economic losses for the retailer. 

https://journals.sagepub.com/doi/10.1509/jm.17.0113


85 

 

Our results confirm that mobile devices account for 76% of all abandonments. Although online 

shopping cart abandonment has been studied, the differing factors affecting the mobile and 

non-mobile shoppers’ decisions to abandon their cart remain relatively unexplored. The causes 

of mobile shopping cart abandonment may not be the same as those that apply in the non-

mobile context because mobile purchasing has unique limitations and merits. For example, the 

small screen makes the device light and portable but service providers may limit the 

information search flexibility. Specifically, Ghose, Goldfarb and Han (2013) found that the 

small screen size of mobile phones amplifies ranking effects as users incur a higher cognitive 

load from the information chunking. Furthermore, small screen sizes can negatively influence 

navigation and inputting capabilities (Chae and Kim 2004), making it hard to locate pertinent 

information when making online shopping decisions. 

According to Xu et al (2017), the PC channel is characterized by constrained access 

capabilities as it restricts Internet usage and access to places that have suitable hardware and 

an appropriate Internet connection (Bang et al. 2013). On the other hand, ubiquitous Internet 

access offered by the mobile channel overcomes this limitation. This supports time critical 

activities, providing instantaneous information access and facilitating immediate transactions 

(Jung et al. 2014; Venkatesh 2003). The ubiquitous nature of the mobile channel also generates 

more travel-related discretionary time for commuters (Ghose and Han 2011) who tend to 

consume mobile video content to pass time, manage solitude and disengage from others 

(O'Hara et al. 2007). Despite these benefits, the limitations stemming from the processing 

capability and storage capacity of mobile devices, along with the bandwidth constraints of the 

mobile network, can degrade the access quality to Internet services (Napoli and Obar 2014). 

An empirical study conducted by Xu et al (2017) showed a tendency to switch from 

mobile to non-mobile devices largely during the hours when the users are at home. They also 

show an increase in browsing activities on mobile phones during commuting hours, indicating 
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that the complementary impact of mobile adoption works by spurring users to increase their 

browsing activities on their mobile phones while on the move. Past the evening commute hours, 

the share of browsing frequency attributable to mobile (vs. non-mobile) devices falls, 

suggesting that users tend to switch to non-mobile devices for browsing when they are at home. 

There are important reasons underscoring the need to study what motivates the 

differences in the nature and degree of cart abandonment between mobile and non-mobile 

channels. Previous work has investigated the motivations for online shopping cart use (Close 

and Kukar-Kinney 2010; Close, Kukar-Kinney and Benusa 2012) and the determinants of 

online shopping cart abandonment (Albrecht, Hattula and Lehmann 2017; Huang, Korfiatis 

and Chang 2018) separately. However, there is a need for research to employ a model that 

jointly examines online shopping devices and cart abandonment while examining the nature 

of the differences in online shopping cart abandonment across mobile and non-mobile 

devices respectively. One of the reasons for this is the simultaneous nature of the cart 

abandonment process. Before a consumer abandons their online cart, their journey usually 

starts by deciding whether to use a mobile or non-mobile device. Consequently, formulating 

this as a two-choice process is appealing. 

To our knowledge, the extant research has not examined online shopping cart 

abandonment across mobile and non-mobile devices with field data or e-commerce click 

stream data. Despite the established managerial and economic importance of cart abandonment, 

there is a dearth of literature reporting the empirical research concerning consumer behavior 

related to online shopping cart abandonment and the behavioral factors that differentially affect 

mobile and non-mobile cart abandonment specifically. 

Given the managerial importance of online shopping cart abandonment and the gap in 

the literature, the aim of this research is to contribute to the knowledge of consumer behavior 

regarding online shopping carts and different device channels. In order to achieve this aim, a 
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recursive bivariate probit (RBP) model was employed to capture the consumers’ needs in order 

to deal with two choices. The first is which device channel to employ for shopping (mobile vs. 

non-mobile) and second is whether or not to abandon their cart. We leveraged a unique dataset 

from a large multinational clothing, footwear and home products retailer involving over 

165,613 unique customers across 10 browsing sessions. 

We found that the rate of cart abandonment is significantly higher when using mobile 

vs. non-mobile devices. In addition, timing plays an important role in determining when a cart 

is likely to be abandoned. In particular, we have examined the temporal aspects of the users’ 

browsing patterns and its effect on cart abandonment across different devices. We found the 

rate of cart abandonment to be higher among those who visited the website on their mobile (vs. 

non-mobile) in the evening. In addition, because of mobile enhanced digital mobility, mobile 

devices allow customers to engage with a retailer through wireless sessions under all temporal 

and spatial situations (Shankar et al. 2010). This flexibility due to using a mobile device 

through wireless technology suggests that shoppers on mobile device will have higher basket 

value over those using a non-mobile device, thereby resulting in higher cart abandonment on a 

mobile (vs. non-mobile) device. We did not find there to be any differences in the basket value 

per device on mobiles (vs. non-mobile) and its effect on cart abandonment. Our finding 

suggests that as the rate of attempted credit card failure increases, the rate of cart abandonment 

becomes higher on a mobile (vs. non-mobile). 

Unexpectedly, we did not find evidence to suggest that shoppers who read positive 

product reviews using mobile devices are less likely to abandon their cart than those using non-

mobile devices as suggested by the extant literature (Ananthakrishnan et al., 2020; Chevalier 

and Mayzlin 2006). We discuss how our findings facilitate the development of a multi-device 

strategy for online retailers to use to help reduce cart abandonment across mobile and non-

mobile devices. 
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The rest of this paper is organized as follows. In section 4.2, we examine both the theoretical 

and empirical literature related to cart abandonment. In section 4.3, we provide an overview 

of the contextual settings for our data and we also describe the empirical models used in our 

analyses. The results, alongside various robustness checks, are presented in section 4.4. In 

section 4.5, we discuss our key findings and highlight the managerial insights that can be 

derived from these findings. In section 4.6, we outline some of the opportunities for further 

research. 

4.1 Relationship with the Extant Research 

 

We examined the papers in leading marketing journals for all years until 2020 on the following 

topics: online cart abandonment, e-commerce, mobile devices and non-mobile devices. Table 

1 synthesizes the relevant literature in marketing and delineates where our paper is positioned. 

The purpose of this review was to determine the gaps in the existing literature. It is clear from 

Table 4.1 that there is only one paper that has examined cart abandonment on mobile devices. 

This employed survey data. In addition, cart abandonment on non-mobile channels has 

received virtually no attention in the literature. 

Several researchers have suggested that structuring the shopping environment to appeal to 

people that experience stress during shopping may reduce the rate of shopping cart 

abandonment. In particular, Albrecht, Hattula and Lehmann (2017) examined the relationship 

between consumer shopping stress and cart abandonment and found that a consumer’s response 

to shopping stress depends on their motivational orientation. In particular, the greater the in-

store stress, the more likely task-oriented consumers are likely to abandon the trip without 

making purchases. The results of their four related studies showed that for customers with task-

oriented motivation, a monotonic relationship exists between shopping stress and purchase 

abandonment. This is consistent with their perception of stress as a threat to purchase goal. 

However, for recreation-oriented customers, this follows a curvilinear inverted U-shaped 
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relationship. Purchase abandonment first increases as the level of shopping stress rises but then 

decreases at higher levels. Their results offer an alternative explanation why people buy or not 

and it also suggests approaches to structuring the shopping environment to appeal to both types 

of consumer. 

In-store and online shopping offers customers different experiences. Despite placing 

items in shopping carts, online shoppers frequently abandon them across devices, an issue that 

perplexes online retailers and has yet to be explained by scholars. A significant amount of the 

previous research (Close and Kukar-Kinney 2010; Close, Kukar-Kinney and Benusa 2012) has 

investigated the various reasons why consumers abandon their cart. However, no papers have 

directly compared the differences in online cart abandonment across mobile and non-mobile 

devices. Examining the differences in cart abandonment across mobile and non-mobile devices 

has important managerial implications since it may help firms to develop a multi-device 

strategy to increase their shopping into a higher buying conversion rate. 

Oliver et al (2003) employed online survey data for 206 respondents to determine 

whether the redemption of online vs. offline coupons (in the form of “promotion codes”) 

differed. They found that online coupons have a significant effect on the way that shoppers 

react to cart abandonment. While offline coupons such as in-store vouchers are seen as 

customer‐initiated, online coupon internet shoppers are usually prompted to enter a code 

towards the conclusion of the checkout process. This prompting may influence the shoppers’ 

perception and behavior (e.g. becoming irritated), leading to the propensity to increase 

shopping cart abandonment. In addition to the impact of coupons, transaction inconvenience, 

risk and waiting time have also been found to increase the chance of consumers abandoning 

their cart (Rajamma et al., 2009). Kukar-Kinney et al’s (2010) study employed survey data 

from 289 online consumers to explore the reasons for cart abandonment. They discovered that 

one of the key drivers for abandonment is consumers using online carts for entertainment or as 
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a shopping research and an organizational tool. This may induce them to buy in a later session 

or via another channel. One key limitation of using survey data as found in the earlier studies 

is that it may not be as robust as using large datasets. 

Xu and Huang (2015) presented a model of why and how cart abandonment occurs in 

the online shopping process without taking into consideration the differences that exist between 

the device channels. An online survey of 210 people was conducted via the online shopping 

website of a communication company in China. Their results demonstrated that cart 

abandonment was directly and positively influenced by the shoppers browsing external 

websites for product comparisons. Another important factor that they identified as a key driver 

of cart abandonment was the cost of the products in the cart. 

Huang, Korfiatis and Chang (2018) were the first to relate cart abandonment directly to 

the use of a mobile device. They conducted two separate studies to understand why consumers 

hesitate to use mobile channels for shopping and thus abandon their mobile shopping carts. 

Their study used data from 232 responses to a survey posted for 30 days on an online forum. 

For the second study, they obtained a dataset from a marketing research provider totaling 226 

US consumers. Their results specifically showed that emotional ambivalence is the reason why 

consumers hesitate at the checkout stage, leading to cart abandonment. While this set of extant 

works has uncovered some of the reasons for cart abandonment in general, little is known about 

the online shopping cart abandonment and how that relates to the mobile or non-mobile channel 

employed. 

Consequently, we take on a hypothesis and modeling approach and interpret the findings with 

respect of those papers. An important gap in the literature is work on cart abandonment 

employing a unified framework that helps to understand how cart abandonment differs between 

mobile and non-mobile channels when shoppers have high basket values, are browsing in the 

evening, whether reading reviews on mobile vs non-mobile channels reduces cart abandonment 
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and the number of attempted credit card failures on mobile vs non-mobile channels. It is our 

intention to fill in these gaps by offering additional online consumer inhibitors (Howard and 

Sheth 1969). These inhibitors include a lack of availability, high price, financial status and time 

pressure. Here we extend these inhibitors to the factors associated with mobile and non-mobile 

devices and examine the differences in online shopping cart abandonment when these two 

broad types of device are used. 

[Table 4.1] 

 

Hypothesis 

 

Jen - Hui Wang et al (2015) theorized that mobile devices are an effective platform for 

customers to develop habitual interactions with a retailer because they provide convenience. 

This reinforces the customers’ psychological and experiential state of being in a relationship 

with the firm. Customers who interact with a firm via mobile devices integrate its products or 

services into their routine. Repeated behavior has been shown to form Verplanken 2006). 

Mobile technology has been shown to be a superior platform for a firm to engender habitual 

interaction from its customers because mobile devices themselves are an integral part of the 

customers’ daily routines (Jen - Hui Wang et al., 2015). Habitual interactions can be beneficial 

for a brand in a competitive environment. As customers become dependent on their habits, they 

rely on automatic thinking and cease to consider alternatives (Fazio, Ledbetter, and Lowles-

schwen 2000). Other research has also shown that touch interfaces on mobile devices enhance 

the users’ perceived sense of product ownership and thus increase their purchase intention 

(Brasel and Gips 2014). Additionally, habitual behavior is reinforced by contexts and past 

performances (Neal et al. 2012). Thus the more adept the customers are at interacting with a 

firm, the more likely they will continue to do so in the future. When customers interact with a 

retailer via mobile devices in addition to non-mobile channels, the firm gains increased 
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opportunities to engage with them. The extant literature shows that customers who shop from 

multiple channels have a higher customer lifetime value (Ansari, Mela, and Neslin 2008; 

Kumar and Venkatesan 2005). One explanation for this positive impact on the retailers’ 

revenue is that cross-channel availability increases access. Because of their enhanced digital 

mobility, mobile devices allow customers to engage with a retailer through wireless sessions 

under all types of temporal or spatial situations (Shankar et al., 2010). As such, customers can 

utilize a retailer’s offerings as they go about their daily lives, increasing the value of the items 

in their basket. They can shop and modify their baskets during the additional sessions that are 

made available through wireless technology. We therefore posit the following: 

H1: Cart abandonment is higher on mobile (cf. non-mobile) devices due to high basket value 

on mobile device. 

 

Time of the day has been shown to be an important driver of cart abandonment because it 

helps to determine which devices are used (de Haan et al., 2018). An empirical study 

conducted by Xu et al (2017) showed that the substitutive impact of non-mobile devices over 

the mobile channel largely manifests during the hours in which users are at home. 

Specifically, their empirical findings showed that during commuting hours (0700 to 09:00 hrs 

and 1700 to 1900 hrs), mobile devices are associated with the highest conversion rates while 

non-mobile devices are associated with higher abandonment. They found that in the evening, 

the share of non-mobile device use increased, suggesting that users tend to use non-mobile 

devices when they are at home. Interestingly, they saw an increase in the mobile browsing 

frequency from midnight to 0300 am. In addition, Rob et al (2018) analyzed a click stream 

dataset on the browsing behavior of hotel website users. They showed that users access the 

website during working hours using non-mobile devices. During the evening, they reported 

that the number of users that abandoned their cart on a non-mobile device is 50% higher than 
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those who use mobile devices. Online retailers need to know the time of the day when 

customers are likely to be on a mobile or non-mobile device so then they can send an email 

reminding the consumer about the products in their shopping basket. This approach could 

help retailers to reach consumers at the right moment on the right device.  

 In light of the existing evidence that more shoppers abandon their carts using non-mobile 

devices in the evening than when using mobile devices in the evening, we tested the 

following hypothesis: 

H2: Cart abandonment is higher on non-mobile (cf. mobile) devices when shoppers browse 

in the evening. 

Given the overwhelming prevalence of mobile technology, gaining a broad understanding of 

how the use of mobile devices is influencing people’s perceptions of the content that they view 

online is an increasingly important research objective. However, despite the substantial 

proliferation of devices, relatively little is known about the relationship between devices and 

consumer behavior. A common use of devices is creating user-generated content (UGC) and 

disseminating it through online platforms. This includes posts on social networks, sharing 

photos and videos through apps, and rating and reviewing products and services on online 

review sites to increase sales. However, instead of considering the differences that arise in the 

actual content that consumers produce based on whether or not they use devices to write the 

UGC (e.g. the emotionality of UGC; Melumad, Inman, and Pham 2019; Ransbotham, Lurie, 

and Liu 2019), Grewal et al (2019) considered how the knowledge crafted on a device affects 

consumer attitude and purchase intention. This is practically relevant because some of the 

popular platforms (e.g., TripAdvisor) explicitly make consumers aware whether a user posted 

a review from a mobile device or not (with a “via mobile” icon adjacent to the review). 

Although this type of cue might seem innocuous, they found that this knowledge can positively 

influence the consumers’ evaluation of an online review. Specifically, they found that knowing 

https://journals.sagepub.com/doi/10.1177/0022243719834514
https://journals.sagepub.com/doi/10.1177/0022243719834514
https://journals.sagepub.com/doi/10.1177/0022243719834514
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whether a review was written on a mobile (vs. non-mobile) device - holding the actual content 

of the review constant - can lead to a higher purchase intention. In addition, the previous work 

has found there to be significant economic effects due to online mobile reviews in a variety of 

settings, including the effect of reviews on product sales and purchase decisions 

(Ananthakrishnan et al., 2020; Chevalier and Mayzlin 2006), the effect of ratings on hotel 

bookings (Ghose et al. (2012)) and the effect of online reviews on movie box office 

performance (Chintagunta et al. (2010) & Dellarocas et al. (2007)). Upon recognizing the 

importance of online reviews in consumer decision-making, subsequent papers on the 

information systems and marketing have developed algorithmic techniques to mine and predict 

the usefulness and subjectivity of online reviews based on various parameters. This provides 

context to our understanding regarding which reviews have a higher probability of influencing 

a customer’s purchase decision (Ghose et al. (2012) & Archak et al. (2011)). Previous research 

has shown that the act of simply reading positive reviews on a mobile (vs. non-mobile) device 

can lead to a greater purchase intention. Consequently, it is surprising that to the best of our 

knowledge, no research has been conducted to explore the impact that reading positive product 

reviews on a mobile device can have on cart abandonment. Consequently, we tested the third 

hypothesis: 

H3: Reading positive product reviews on a mobile channel (cf. non-mobile) reduces the rate 

of cart abandonment. 

 

Consumers seek to ensure that they are making the right purchase and therefore they strive to 

reduce the risk of making an incorrect or inappropriate purchase online (Moorthy, Ratchford, 

and Talukdar 1997). In this stage in the decision process, the information processing needs are 

more fine-grained, detailed and deliberate in order to lower the risks involved and to make the 

right decision (Moe 2003). Fine-grained information processing needs might require the larger 
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and higher-resolution screen of a non-mobile device. Indeed, the need to input detailed payment 

information without making a mistake may also make non-mobile devices more suitable. 

Similarly, the increased perception of security and privacy risks when using a mobile device 

(Ananthakrishnan et al., 2020) may lead consumers to choosing a non-mobile device for 

completing their purchase transactions. In addition, situational factors such as being outdoors 

or in a public place may increase the perception of risk such as the risk of someone reading 

over their shoulder while the shipment and billing information or credit card details are being 

entered. If the transaction risk on a mobile device is high, the customer may well wait to access 

a device that is perceived as being more secure (Chin et al., 2012). Consumers using a mobile 

device are more likely to abandon their cart if they experience a high number of failed attempts 

to use a credit card than when experiencing the same number of failed attempts to use a credit 

card on a non-mobile device. Consequently, we tested the following hypothesis: 

H4: Cart abandonment is higher on mobile (cf. non-mobile) devices due to high number of 

failed attempts to use a credit card on mobile devices. 

In the next section, we discuss the data, the modeling approach and how we account for 

endogeneity and heterogeneity in our model framework. 

 

4.3. Methodology 

 

4.3.1 Data Description 

 

To test our hypotheses, we employed a large dataset consisting of individual level click stream 

session data from a large European online retailer. The online retailer is a British clothing, 

footwear and home products retailer. Specifically, the data comes from its online retail site and 

includes over 165,613 unique customers across 10 sessions. For each session, the data includes 

detailed information regarding which device was used to visit the website and on which device 

cart abandonment occurred. It also included a unique ID number for each session, session date, 

browser name, basket value, browsing behavior across time, browsing pattern (e.g. read 
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reviews) and credit card failure in addition to the number of attempts across all devices. The 

online retailer defines ‘a session’ as one continuous period in which the customer is active on 

the website. A session starts when the customer enters the online retailer's website and ends 

when the customer actively leaves the website or when the customer is inactive (e.g. has not 

visited a new page on the retailer's website or has not clicked on a link on the website for more 

than 30 minutes).  

 

4.3.2 Methods 

 

4.3.2.1 Variables  

The dependent/target variable employed in this study is a binary indicator and took on 

a value of 1 if the customer did not complete an order (shopping cart abandonment) and 0 

otherwise. For the analysis, we used the following tracked behaviors as our IVs: (a) if customer 

used a mobile vs. non-mobile device, (b) the basket value of the customers on a mobile vs. non-

mobile device, (c) if a customer visited the site during the evening on a mobile vs. non-mobile 

device, (d) if a customer read positive product reviews on a mobile vs. non-mobile device and 

(e) the number of credit card failed attempts during payment on a mobile vs. non-mobile device. 

We also included the interaction terms between variables (a) and (b), (c), (d) and (e) 

respectively.  

 

4.3.2.2 Econometric Model 

 

When modeling two jointly determined binary choices, we used recursive the bivariate probit 

(RBP) model to test our hypothesis, similar to Bell, Corsten and Knox (2011). The RBP is a 

system of two probit equations that allows the errors terms to be correlated and the binary 

dependent choice in one equation is an endogenous regressor in the other equation. In our case, 

we employed a mobile vs. non-mobile binary endogenous conditioning factor and utilized the 
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RBP model as if the consumers face two choices. First, the device to use (mobile vs. non-

mobile) and second, whether to abandon the cart.  

Consider 𝑑𝑒𝑣𝑖𝑐𝑒_𝑡𝑦𝑝𝑒1𝑖
∗   and 𝑐𝑎𝑟𝑡_𝑎𝑏𝑎𝑛𝑑𝑜𝑛𝑚𝑒𝑛𝑡2𝑖

∗ as latent variables representing the 

probability of cart abandonment and the browsing using a particular device channel (i.e. mobile 

vs. non-mobile device). 𝑑𝑒𝑣𝑖𝑐𝑒_𝑡𝑦𝑝𝑒1𝑖
∗  and 𝐶𝑎𝑟𝑡_𝑎𝑏𝑎𝑛𝑑𝑜𝑛𝑚𝑒𝑛𝑡2𝑖

∗  are dichotomous variables 

that observe the following rule: 

𝑑𝑒𝑣𝑖𝑐𝑒_𝑡𝑦𝑝𝑒1𝑖
∗  =    1  if  𝑑𝑒𝑣𝑖𝑐𝑒_𝑡𝑦𝑝𝑒1𝑖

∗ > 0 

     0 if 𝑑𝑒𝑣𝑖𝑐𝑒_𝑡𝑦𝑝𝑒1𝑖
∗ ≤ 0 

 

𝑐𝑎𝑟𝑡_𝑎𝑏𝑎𝑛𝑑𝑜𝑛𝑚𝑒𝑛𝑡2𝑖
∗  =      1 if  𝑐𝑎𝑟𝑡_𝑎𝑏𝑎𝑛𝑑𝑜𝑛𝑚𝑒𝑛𝑡2𝑖

∗ > 0 

                          0 if 𝑐𝑎𝑟𝑡_𝑎𝑏𝑎𝑛𝑑𝑜𝑛𝑚𝑒𝑛𝑡2𝑖
∗  ≤ 0 

 

We estimated the RBP model using the Full Information Maximum Likelihood 

(FIML) method. Our system of equations was as follows: 

 

𝑐𝑎𝑟𝑡_𝑎𝑏𝑎𝑛𝑑𝑜𝑛𝑚𝑒𝑛𝑡2𝑖
∗ =  𝛽1 X 𝑑𝑒𝑣𝑖𝑐𝑒_𝑡𝑦𝑝𝑒1𝑖

∗ +

𝛽′𝑂𝑡ℎ𝑒𝑟𝐼𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠                                                                                (4.1)              

𝑑𝑒𝑣𝑖𝑐𝑒_𝑡𝑦𝑝𝑒1𝑖
∗  = 𝛽′ 𝑂𝑡ℎ𝑒𝑟 𝐼𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠(2) 

 

All other IVs and 𝑑𝑒𝑣𝑖𝑐𝑒_𝑡𝑦𝑝𝑒1𝑖
∗  are the vectors of the exogenous variables. Here, the set of  

𝑂𝑡ℎ𝑒𝑟 𝐼𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 regressors are partly common to both   

𝑐𝑎𝑟𝑡_𝑎𝑏𝑎𝑛𝑑𝑜𝑛𝑚𝑒𝑛𝑡2𝑖
∗ and 𝑑𝑒𝑣𝑖𝑐𝑒_𝑡𝑦𝑝𝑒1𝑖

∗  . The error terms are assumed to be independent 

and identically distributed (iid) as bivariate normal.  

Choosing such a model implies that there is a correlation between the error terms. We 

imposed the conditions Var ( 𝑢1𝑖) =  Ι and Var ( 𝑢2𝑖) =  Ι, where Ι is the unity matrix. Cov 

(𝑢1𝑖 , 𝑢2𝑖) = 𝜌 Ι ≠ 0, with 𝜌 reflects the decisions that online shoppers face i.e. which device 

to use and whether to abandon the cart or not. The operationalization of the variables used in 

our case is similar to how De Haan et al., (2018) and Moe (2003) did the same. 
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To enhance the validity of our results and to improve the confidence in our estimation 

approach, we conducted robustness analysis using a Bayesian framework. The Bayesian 

framework provided multiple benefits. It allowed us to make probabilistic statements about the 

parameters for each individual, provided richer information on the model’s parameters by 

utilizing a posterior distribution rather than point estimates as well as made more direct 

inferences about the effects (Rossi and Allenby, 2003). Dyachenko and Allenby (2015) 

examined the traditional approach to mediation analysis based on the statistical significance of 

the coefficients in the regression models. The experimental results showed that these models 

are neither necessary nor insufficient when it comes to claim the presence of mediation for 

specific individuals. The Bayesian framework allows us to incorporate heterogeneity into the 

mediating behavior. To obtain the parameter estimates of the Bayesian model, we used the 

Bayesian Markov Chain Monte Carlo (MCMC) method which draws from the posterior 

distribution of the parameters obtained and used as a basis for inference. 

Using Gibb samplers with conjugate priors (Rossi and Allenby, 2003), we estimated a joint 

posterior distribution of the parameters for our model. The conjugate prior allowed us to 

analytically derive and directly sample the conditional posteriors of the state parameters. 

Conversely, given the state parameters, the system became a multivariate probit model with 

hierarchical priors, thus we sampled the data directly using the standard MCMC method (Rossi 

and Allenby, 2003).  

 

4.3.2.3 Controlling for Endogeneity and Consumer Heterogeneity 

It is widely known that endogeneity in marketing models can lead to biased coefficient 

estimates (Germann, Ebbes, and Grewal 2015; Papies, Ebbes, and Van Heerde 2017). A 

common way to correct for endogeneity involves using independent variables (IVs). In an ideal 

case, IVs allow for unbiased estimates that can be implemented through either two-stage least 
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squares (2SLS) models that used estimated values from first-stage regression for the possibly 

endogenous variables (Angrist and Pischke 2009; Germann, Ebbes, and Grewal 2015; 

Wooldridge 2010) or via an equivalent control function approach that includes the first-stage 

regression residuals as the control variables in the main model (Petrin and Train 2010). The 

current recommendations stress that researchers should first carefully exploit the control 

variables and panel structures in the data sets to control for unobserved effects before deciding 

on the use of IVs (Germann, Ebbes, and Grewal 2015; Papies, Ebbes, and Van Heerde 2017). 

Recursive Bivariate Probit (RBP) is a system consisting of two probit equations that allow the 

error terms to be correlated. The binary dependent choice in one equation is the endogenous 

regressor in the other equation. This allows us to account for the endogeneity of the treatment 

(“mobile” vs “non-mobile”) in our case (Filippini et al., 2018). To account for the lack of 

demographic information in our data, we conducted an experiment to determine if the lack of 

demographic variables will have any effect on our result. We selected consumers that used the 

same device throughout their online journey without switching devices and compared the 

results with our final model. We accounted for other additional control variables using active 

sessions on the website in a similar manner to Mallapragada et al (2016).  The online retailer 

defines a session as one continuous period in which the consumer is active on the website. A 

session starts when the consumer enters the online retailers’ website and ends when the 

consumer actively leaves the website or when the consumer is inactive (i.e. they have not 

visited a new page on the retailer’s website or have not clicked on a link on the website for 

more than 30 minutes). We are interested only in active sessions that belong to the same path 

to purchase or cart abandonment (“the multiple touches a customer makes before a conversion, 

as defined by Li and Kannan (2014)). Introducing active session as a control variable allows 

the model to take into consideration only the activities undertaken while the consumer is active 

on the website to disregard any idleness or inactivity. We added a series of control dummy 
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variables that denote the “sequence” or stage of each session in the purchase process. This is 

an indicator of how late a customer is in their online journey/funnel. In addition, similar to the 

findings of Mallapragada et al (2016), we added other control variables such as the number of 

product pages visited by the consumer after reading product reviews to control for reviews as 

a whole. Having an existing product in the cart before the current session might influence the 

likelihood of purchase since prior research might have been done by the shoppers before the 

current session (de Haan et al., 2018). We controlled for consumers that had existing items in 

their cart before the current session. 

  

4.4. Empirical Results 

 

4.4.1 Descriptive Statistics  

 

In Table 4.2, we provide details of the descriptive statistics for the IVs when mobile 

and non-mobile devices are employed. When categorizing consumers by the device used, as 

we do in Table 4.2, the mean number of shoppers that abandon their cart per device is higher 

on mobile devices. In addition, the mean number of shoppers that visit during the evening per 

device is also higher on mobile devices as shown in the second row of Table 4.2. Interestingly, 

the earlier research by Rob et.al (2018) analyzed the click stream data of browsing behavior of 

hotel website users. They reported that the number of users using non-mobile devices in the 

evening is much higher than the use of mobile devices.  

In the context of user-generated content (UGC), mobile devices have been considered 

an easier way of allowing consumers to review products in a timely manner (Xu et al, 2017). 

Our summary statistics of the variables in Table 4.2 shows that the mean number of positive 

product reviews read per device on non-mobile devices is higher than on mobile devices. One 

would have imagined the opposite as consumers assume that mobile reviews are more 
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physically effort-heavy to craft and subsequently they equate this greater perceived effort with 

the credibility of the review. 

The descriptive statistics in our data in Table 4.2 shows that the mean number of credit 

card attempted failures per device on mobile device is higher than on a non-mobile device. 

Lastly, the mean basket value per device on a non-mobile is higher than on a mobile device. 

[Table 4.2] 

 

 

In Table 4.3, we present the results of calculating the correlations between the IVs. 

These results indicate that the correlation between these variables is low, suggesting that 

multicollinearity (the variance inflation factors in our models are below 10) is not a problem. 

[Table 4.3] 

 

4.4.2 Model Results 

 

In order to test our hypotheses, we created a base model (i.e., Model 1) with our control 

variables (active seconds, product pages, existing cart, cart use and session dummy variables) 

and then compared that with the performance of the proposed model which incorporated all of 

the IVs alongside the control variable (Model 2). Our analysis is similar to that of Yli-Renko 

et al (2008). We first centered the variables of the interaction terms to reduce the 

multicollinearity (Aiken and West 1991). We have provided the model fit criteria and details 

regarding model comparison in Table 4.4. We present the estimates obtained from proposed 

model (M2 (RBP)) in Table 4.5. 

The results focus on the effects of device type on cart abandonment in addition to basket value, 

time of visit, positive reviews read and the number of failed credit card attempts.  

Main Effects on Cart Abandonment: The main effect of basket value is significant 

and positively associated (0.119, 𝑝< .01) with cart abandonment as shown in Table 4.5. All 

else being equal, it seems that shoppers with a high basket value are more likely to abandon 
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their cart. Our results show strong significant effects for the consumers browsing in the 

evening (between 18 -23 hrs) related to cart abandonment with a significant coefficient 

(0.065, 𝑝< .01). A further result concerns the impact of reading positive product reviews on 

the choice of device channels. There is no significant effect due to reading positive product 

reviews on cart abandonment overall. This is contrary to Ananthakrishnan et al (2020) who 

suggested that there might be an effect from positive product reviews on online consumer 

purchase behavior. Our analysis is the first to link the number of credit card failure attempts 

and cart abandonment. This is reasonable since credit card payments are blocked when the 

card PIN is entered incorrectly 3 times for security reasons. This is to safeguard the 

consumer’s funds in case they lose their card and someone tries to use it without their 

authorization. As shown in Table 5, all consecutive credit card failed transaction attempts 

irrespective of whether a mobile or non-mobile device is used for payment do not have a 

significant effect on cart abandonment. 

Moderating Role of Device Type on Cart Abandonment: The interaction effects of 

device type and basket value on cart abandonment are not significant which does not support 

our H1 as shown in Table 4.5. In our sample data, the average size of basket value per device 

on a non-mobile was £33.204 while it was £26.079 on a mobile device. Even though our 

findings suggest there to be no significant interaction effects between device type and basket 

value on cart abandonment, one would expect a mobile device to have a higher basket value 

per device in comparison to non-mobile devices due to the ubiquitous nature of a mobile device 

(Xu et al., (2017). We also identified a significant negative interaction effect in relation to 

device channel and visiting during the evening (-0.011, 𝑝< .01). Device channel can therefore 

serve as a moderator of the effect of visiting during the evening. In Figure 4.1A, the interaction 

plots show that on average, cart abandonment is higher on mobile devices than non-mobile 

devices when shoppers browse in the evening which does not support the H2 hypothesis. This 
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is different from the findings of the earlier research by Rob et al (2018) which concluded that 

cart abandonment is higher on non-mobile devices in the evening. An alternative explanation 

for our finding is that even though a significant number of consumers might decide to substitute 

their non-mobile device for a mobile device during the evening as suggested by Xu et al (2017), 

other consumers might continue on their mobile device journey for convenience (Close et al., 

2010). We also identified a non-significant interaction effect due to device type and reading 

product reviews as shown in Figure 4.1B which does not support H3. Thus device type does 

not serve as a moderator of the effect of product reviews. Using the current field data, we can 

provide evidence that shows that viewing positive product reviews either on a mobile or non-

mobile device does not affect cart abandonment. However, device type has a significant 

interaction effect with credit card failed attempts. In Figure 4.1C, the interaction plots suggest 

that as the attempted card failure rate increases, the rate of cart abandonment becomes higher 

on mobile (vs. non-mobile). This supports H4. 

The earlier findings by Ananthakrishnan et al (2020) suggest that the reason why 

consumers choose a non-mobile device for completing their purchase transactions is the 

increased perception of security and privacy risks. In addition, situational factors such as being 

outdoors or in a public place may increase the perception of risk on a mobile such as the risk 

of someone reading over their shoulder while the shipment and billing information are entered. 

[Figure 4.1] 

 

 

4.4.3 Robustness Analysis 

 

When a large quantities of data is analyzed, it is clearly important that the effects are both 

statistically significant and managerially substantive (Verhoef, Kooge, and Walk 2016). To 

enhance the validity of our results and to improve the confidence in our estimation approach, 

we estimated an alternative model using a Bayesian framework. This serves as a robustness 
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check for the RBP model as it takes a strict view of mediation by employing the property of 

conditional independence to construct the model likelihood. The results of estimating this 

model are shown in Table 4 and our parameter estimates are displayed in Table 4.5. The results 

of this MCMC analysis are similar to those from the estimation of the RBP model discussed. 

In particular, the model estimates are similar in terms of direction and magnitude. This provides 

confidence in our results. 

4.4.4 Variable sensitivity 

 

To further validate our main results, we conducted an additional test to assess the plausibility 

of the alternative explanation of our results when we operationalized the variable “card failure 

attempt” as binary rather than counted as shown in Table 4.6. We tested the effects on cart 

abandonment and device type using both the RBP and MCMC models. The coefficient estimate 

as shown in Table 6 for card failure attempts is not significant (-0.096, 𝑝> .01). This coefficient 

is similar to when we operationalized the variable as counted as shown in Table 4.5. We 

selected the model with “card failure attempt” as counted because we can properly examine 

the incremental interaction effects of the credit card failure attempts on device type and cart 

abandonment. As shown in Figure 4.1C, we were able to visualize the incremental interaction 

effects which suggests that as the rate of attempted card failure increases, cart abandonment is 

higher on mobile (vs. non-mobile). 

[Table 4.4, Table 4.5 and Table 4.6] 

 

4.4.5 Controlling for Demographic Variables 

 

To account for the lack of demographic information in our data, we conducted an experiment 

to determine if the lack of demographic variable will have any effect on our results. We selected 

consumers that used same device throughout their journey without switching devices and 
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compared the results with our selected model. A sample of 10,513 consumers was used for this 

experiment. We have presented the results in Table 4.7. 

Main Effects: We compared the results for the main effects of the selected model (Table 4.5) 

with our experimentation model in Table 4.7 in order to see if the effects are similar or different. 

All coefficient effects have similar signs and effects except for consumers visiting in the 

evening, which did not have a significant effect on cart abandonment. 

Moderating Effects: All of our interaction effects have similar coefficient effects as shown in 

Tables 4.5 and 4.7 for comparison. These results confirm the robustness of our final model and 

also allowed us to control for the lack of demographic variables in our data. 

[Table 4.7] 

 

4.5. Discussion 

 

While preparing to shop online, consumers encounter a range of inhibitors (Howard and Sheth 

1969) which may trigger them to abort the process and abandon their cart. These inhibitors 

include a lack of availability, high price, financial status and time pressure (Howard and Sheth 

1969). Here we found there to be additional factors associated with these inhibitors that are in 

turn associated with the differences in online shopping cart abandonment when mobile and 

non-mobile devices are used. Our field data shows that the time of a website visit has an impact 

on cart abandonment. Specifically, consumers using a mobile device in the evening (between 

1800 to 2300 hr) were found to be more likely to abandon their cart than those using a non-

mobile device in the evening. Interestingly, when we tested different hours of the day such as 

before work (between 6 to 8 hr), during lunchtime (between 1200 to 1300 hr) and after work 

(between 1700 to 1800 hr) with the device type as a moderator, the effect on cart abandonment 

was not significant. 
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Our finding does not support earlier findings of Rob et.al (2018). Their results from analyzing 

click stream data on the browsing behavior of hotel website users showed an increase in 

abandonment during the evening when using non-mobile devices. Our findings support the 

earlier work of Close et al (2010) that consumers browse on a mobile device for convenience. 

Mobile device also have a good dimensions in terms of usability and are ubiquitous as their 

core features distinguish them from a non-mobile device (Ghose et al, 2012). We examined the 

impact of device type on customer cart abandonment behavior using empirical data. We found 

that there are no differences in the basket value of items on mobile (vs non-mobile) devices 

and their effect on cart abandonment. The extant literature (Xu et al., 2017, Jen - Hui Wang et 

al, 2015) suggests that due to the flexibility, convenience of usage, portability and ubiquity of 

mobile devices, consumers tend to have a higher basket value than non-mobile devices. 

Surprisingly in our sample data, the average size of the basket value per device on a non-mobile 

is higher than that on a mobile device. One reason to suggest this is that the participants in our 

data might be low spenders that might indulge in the habit of purchasing items more frequently 

on their mobile device while a non-mobile device is preferred for higher valued items for 

security purposes. 

Retailers often add positive product reviews in an effort to decrease cart abandonment. 

However, our field data shows no evidence to suggest that consumers that read positive product 

reviews using a mobile device are less likely to abandon their cart than those using a non-

mobile device. This contrasts with the earlier findings by Grewal et al (2019) who found that 

reading positive reviews on a mobile device affects the consumer attitude and increases their 

purchase intention. The proposed explanation is that a large number of customer reviews 

increases the rate of information overload and choice ambiguity which could potentially lead 

to consumers avoiding having to make a choice (Maslowska et al. 2017; Scheibehenne et al. 

2010). 
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In addition, while it may be easy to shop and place items of interest in the cart on a mobile 

device, consumers appear to be more reluctant to complete purchases using a mobile device. 

Given the “on the go” nature of mobile usage and the sheer ease of adding items to the cart 

when on a mobile, the consumers may want to take more time to fully consider the purchase 

before committing to buy. Our field data shows that as the rate of attempted card failure 

increases, the level of cart abandonment is higher on mobile (vs. non-mobile). The need to enter 

detailed payment information without making mistakes may make non-mobile devices more 

suitable than mobile devices.  

 

4.5.1. Conclusions and Implications 

 

To our knowledge, this is the first attempt to examine the nature of differences in the degree 

of cart abandonment across mobile and non-mobile device channels within the same 

framework. In particular, a unique dataset from a large multinational clothing, footwear and 

home products retailer was secured and employed to help fill in this important research gap. 

We achieved this by leveraging the recursive bivariate probit (RBP) model which explicitly 

accounted for endogeneity. The flexibility of our approach allowed us to jointly model two 

choices in one model with the first involving the choice of device (mobile vs. non-mobile) 

and the second concerning whether to abandon the cart or not.  

One behavioral implication is based around the basket value per device. We show that there 

is no difference in the value of the items placed in the basket value on mobile (vs non-

mobile) platforms and their effect on cart abandonment. Retailers should not focus only on a 

mobile channel when formulating a cart abandonment strategy but have a multi-device 

strategy for cart abandonment in place. 

We have shown that non-mobile device traffic increases during the evening as 

consumers continue their online journey at home. Online retailers should make it easy for 
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consumers to pick up from where they ended the previous session irrespective of the device 

used.  

Our research is the first to use a large click stream data on the failed attempts to use 

credit cards on mobile vs. non-mobile devices. Fraudsters and hackers use various techniques 

to gain access to consumer information by virtue of impersonation. Even the best security 

systems are able to prevent most, but not all, attacks (Bolton and Hand 2002). Organizations 

periodically evaluate the effectiveness of their systems against new forms of abuse and make 

improvements.  

We found there to be a higher occurrence of failed attempted credit card payments on mobile 

vs. non-mobile devices. Consumers using mobile devices are more likely to abandon their cart 

if they experience a high number of failed attempts when using a credit card than when 

experiencing the same number of failed attempts on non-mobile devices. Our research seeks to 

inform both the academic and managerial understanding of this issue. Consequently, to reduce 

the rate of cart abandonment, retailers should ensure that they subscribe to apps that pass 

rigorous approval processes and are trusted by the consumer. 

Retailer-provided information in the form of product information is used to decide 

which products to purchase. However, it appears that customer-provided information, in the 

form of consumer reviews, is used by consumers as a screening tool to decide which products 

may not perform as expected and thus, which products not to purchase. One of the limitations 

of the existing literature is the inability of the data to enable researchers to link cart 

abandonment to a user exploring online product reviews on mobile devices. Mallapragada et 

al (2016), for example, identified this as a gap in the literature. Our unique data allowed us to 

use real click-stream data to link the reviews read with cart abandonment. We do not find any 

evidence that consumers that read positive product reviews using mobile devices are less likely 

to abandon their cart than those using non-mobile devices. According to recent research by 
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Northwestern University’s Spiegel Research Center (2017, pg., 10), it was noted that: “Readers 

are skeptical of reviews that are too positive and, in many cases, a negative online review is 

seen as more credible. Additional research by social commerce specialist Revoo indicates that 

consumers spend four times as long on a site when they interact with negative reviews, with a 

67% increase in conversion rate”. 

The lesson from our findings is that even if positive reviews could be used to boost sales, 

having more reviews is not necessarily better after a point. As online commerce evolves, it is 

important for firms that adopt this media to understand the role of the factors influencing cart 

abandonment across the different device channels. The findings presented here should go some 

way to helping these organizations develop effective strategies to reduce cart abandonment. 

4.6. Limitations and Future Research 

 

We investigated the differences in online cart abandonment behavior across mobile and 

non-mobile devices using session level data. While the field nature of the dataset allows us to 

track actual shopping and browsing behavior, providing an advantage over the previous 

research that relied on the consumers’ self-reported survey data (for example, see Table 4.1), 

the nature of the data also presents some limitations. In particular, our data does not contain 

demographic information. However, we were able to control for this limitation by conducting 

an experiment to check if it had any effect on our results. 

Future research might look at comparing the impact of mobile vs. non-mobile on cart 

abandonment using the sales outcomes. Another area to explore is the role of review valence 

for mobile vs. non-mobile on cart abandonment. 

 From the extant literature, the personalization of promotion offers has been shown to 

reduce cart abandonment. As competition in the retailing industry becomes intense, most 

retailers are massively discounting their products online, often to the point of harming 

revenues. Future research work could allow retailers to understand how smart promotion 
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strategies can be applied based on the profile of the consumer while remaining competitive. 

This may help reduce abandonment across the device channels. 
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Chapter 5 Conclusion 

 

This section concludes the thesis by summarizing the main contributions of the three papers 

and the importance of these contributions in the wider literature. Then, our discussion showed 

how the three papers came together to form part of a larger totality that provides new 

knowledge and understanding within marketing and financial markets domain area. Finally, 

some limitations and future research areas are identified. 

In management research, it is imperative to clarify the objectives of one's research (what is the 

problem we want to address?) and to explicitly distinguish between issues of prediction or 

causality before deciding whether ML is an appropriate tool for examining this research 

question. 

This work filled a very important gap in marketing/ecommerce and finance literature by using 

ML prediction and causal inference model to address these problems. 

5.1.1 ML Prediction 

Deep learning is making major advances in solving problems that have resisted the best 

attempts of the artificial intelligence community for many years, such as in computer vision 

and natural language processing. It has turned out to be very successful at discovering intricate 

structures in high-dimensional data and is, therefore, applicable to many domains of science, 

business and government. In addition, DNNs have been predicted to have many more successes 

in the near future, largely because they require very little engineering by hand. Consequently, 

DNNs can easily take advantage of increases in the amount of available computational ability 

and data. With so many successful applications of DNN, it is perhaps surprising that few studies 

have employed DNN to forecast financial time series (Krauss et al., 2016). Paper 1 was the 

first, to the best of our knowledge, to use DNN in the context of predicting the direction of 

stock price movements across multiple markets in order to understand to the extent to which 
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this novel algorithm is sensitive to sample sizes. We set out to clarify if this is the case by 

comparing the predictive accuracy of widely used shallow methods with DNN using different 

forecast time horizons (daily/hourly/minute/tick). 

Our results showed that data size has an effect on the relative predictive performance 

of DNN. SVM and one-layer NN outperformed DNN when daily and hourly data was used. 

However, the predictive accuracy of DNN was significantly better than that of SVM and one-

layer NN when using minute level data. Previous research has suggested that DNNs perform 

particularly well when they can learn the underlying structure using large datasets. It is likely 

that this explains our results, since there was a significant increase in data size from 1,500 

observations for daily prediction to the 800,000 observations for minute predictions (Bengio et 

al., 2007). 

Interestingly, the accuracy of stock index price predictions at the tick level using DNN 

was not significantly better than predictions based on shallower architectures. Since many 

studies have advocated the use of DNN when confronted with complex, big data, one would 

have expected DNN to have a better predictive performance than other methods at the tick 

price level. Some studies have suggested that this is not always the case (e.g., Cho et al., 2016) 

and further research is needed, employing data other than that related to stock markets, to see 

if similar a finding applies.  

Taken together, our results suggested that practitioners looking to include DNN as one 

of the algorithms they use when predicting stock price movement  should first consider the 

complexity of the decision space, the size of the dataset and how balanced the target class is.  

A second important contribution of the research is that we demonstrated that RELU 

activation function outperforms the TANH activation function when employing DNN across 

all forecast time horizons (daily, hourly, minute and tick level). Carefully tuning the hyper 

parameter optimization may still yield advantageous results for both activation functions. This 
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is subject to further research using more stock markets data. In case a practitioner is oblivious 

regarding which activation function to apply and if cheap computing power is available, RELU 

should be explored extensively to gain better predictive accuracy. 

A third contribution of the paper was the discovery that DNN outperforms shallower 

architectures at the tick level in some emerging markets. In particular, we found that predictions 

based on DNN at the tick level were significantly more accurate than those based on shallower 

architectures for the Thai, Czech and Malaysian markets. We believe DNN was able to capture 

the recent upward trend in their economic growth which was also reflected in the data. The 

high levels of predictive accuracy achieved for these markets (79%, 84% and 79%, 

respectively) suggested significant exploitable inefficacies in these markets.  

Overall, this paper has implications for financial economics and professional finance 

practitioners. In particular, we provided empirical evidence that the most widely celebrated 

machine learning technique (DNN) does not necessarily outperform SVM and NN in all cases 

using large data from many major financial markets. We showed that RELU should be 

leveraged widely by practitioners as this was better in comparison to TANH when analyzing 

stock market data. Lastly, none of the algorithms we tested were better for predicting stock 

price indices in emerging vs developed markets, even though all the methods offer the prospect 

of identifying inefficiency in pricing in these markets. 

 

5.1.2 Causal Inference  

Understanding customer browsing behaviour on different devices, including their smartphone, 

tablet, or personal computer (PC, which includes both laptops and desktops) is important for 

scholars and marketers alike. To address low conversion rates, managers seek knowledge about 

cross-platform online consumer behaviour. This problem of low-conversation rates across 
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devices has been unaddressed by scholars in previous literature (Close & Kukar-Kinney, 2010; 

and Kukar-Kinney & Close, 2010).  

To address this problem, Paper 2 filled the gap by examining shopping cart impacts with click-

stream data and added a cross-device perspective, as suggested by more recent marketing 

studies (de Haan et al. 2018; Xu et al. 2017). Our results showed that customers who shopped 

using their tablet and who visited a clearance page were more likely to complete an order in a 

shopping session, followed by those who shop using PC. A Smartphones were the least used 

device for conversion to sale. Furthermore, the value of the items in the cart was greatest for 

shoppers who were using their tablet, and the lowest for shoppers who were using their 

smartphone. Thus, in addressing our key research question, tablets were of greatest value to 

help convert shopping into buying. That said, there is still something impressive and perhaps 

unexpected with respect to the power of those who shop from their PC when considering 

multiple orders. The findings revealed that customers with items in their cart from a previous 

session using PC were more likely to complete an order in a current session in comparison to 

other devices (i.e., smartphones, tablets). Further, customers who read reviews of items during 

their browsing session via PC were more likely to complete an order than when other devices 

were used. Thus, even though our research findings demonstrated that tablets were the device 

of choice and led to the highest increase in the likelihood of multiple orders per session, PCs 

were still very important especially when consumers exhibited more goal-directed behaviours. 

Returning to an existing cart can be seen as a more purchase-driven behaviour and may be an 

indication of a stronger interest in immediate purchase, especially when conducted on a PC. 

While multiple  orders within a session were fairly rare, they are of great interest for marketers 

who are interested in behavioural loyalty.  

The paper makes novel contributions in three ways. First, this was the first paper to study cross-

device e-commerce and m-commerce browsing and online shopping along with the impact of 
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viewing clearance pages, existing items in e-carts carried over from the previous session, or 

reading customer review pages from a cross-device consideration. Each of these novel 

considerations yielded significant findings relating to the frequency of online orders completed. 

Namely, we expanded knowledge on the electronic shopping cart use by being the first to 

examine the effect of existing items in consumers’ cart from past shopping sessions. This is 

referred to as a dynamic cart, in that the cart does not necessarily remove the items upon 

cessation of an online shopping session. While that term was introduced in earlier research 

(Kukar-Kinney & Close, 2010), which was published back when static carts (carts that deleted 

items upon cessation of an online shopping session) were the norm, the impact of dynamic 

carts has not been empirically addressed for online conversions. A second contribution to past 

work is that we add three new considerations: 1) browsing patterns across various pages, such 

as clearance pages and product reviews visited by consumers; 2) time spent on each shopping 

session in seconds; and 3) time of day of visit. With respect to these three areas, we found that 

viewing clearance pages and product reviews lead to a higher frequency of completed orders 

for either specific devices (product reviews for PCs) or all devices (clearance). Next, we found 

in that when online shoppers spent more seconds during their shopping session, they will have 

greater frequency of completing the order. Furthermore, we found that morning shoppers most 

frequently completed their order, followed by lunch time shoppers. Both morning and lunch 

time shoppers had positive and significant effects on orders completed.  

Meanwhile, interestingly, we found that night-time online shopping had a significant and 

negative impact on completing the order. Thus, night-time shoppers had a significantly lower 

chance of order completion and were more likely to simply be browsing at night. Last, we 

expanded the operationalization of cross-platform e-commerce and m-commerce to include 

PCs, tablets and smartphones and used big data for empirical work. The main theoretical 

contribution was offering a way to extend theory of the path to purchase by taking an e-
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commerce/m-commerce focus with a proposed online path to purchase. Analyses with big data 

help us generate a way to explain online consumer behaviour with actual behaviour, and the 

stages that consumers take in their online path to purchase as well as the device type 

considerations. To a lesser extent, our findings can have implications for the theory of 

affordances (Gibson, 1977). Applied here, a technology affordance is what a consumer with a 

purpose is afforded to do with technology, and consumers have functions and features whether 

or not consumers recognize or use them (Majchrzak & Markus, 2012). Thus, we suggest that 

consumers have a technology affordance by their use of their mobile device which helps them 

fulfil their purpose to browse, purchase or both. 

Interestingly, as marketing managers, retail practitioners, and advertisers alike face the 

problem of low browsing-to-buying conversion rates, understanding the determinant of online 

shopping cart abandonment is of paramount importance. This has been widely studied in the 

literature (Albrecht, Hattula & Lehmann, 2017; Huang, Korfiatis & Chang, 2018; Kukar-

Kinney & Close, 2010). However, none of them have examined the factors influencing the 

extent to which the cart abandonment is different depending upon whether a mobile or non-

mobile channel is used. There are important reasons underscoring the need to study what 

motivates the differences in the nature and degree of cart abandonment between mobile and 

non-mobile channels. Previous work has investigated the motivations for online shopping cart 

use (Close & Kukar-Kinney, 2010; Close, Kukar-Kinney & Benusa, 2012) and the 

determinants of online shopping cart abandonment (Albrecht, Hattula & Lehmann, 2017; 

Huang, Korfiatis & Chang, 2018) separately. However, there is a need for research to employ 

a model that jointly examines online shopping devices and cart abandonment whilst examining 

the nature of the differences in online shopping cart abandonment across mobile and non-

mobile devices. One of the reasons for this is the simultaneous nature of the cart abandonment 

process. Before a consumer abandons their online cart, their journey usually starts by deciding 
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whether to use a mobile or non-mobile device. Consequently, formulating this as a two-choice 

process is appealing.  

Paper 3 addressed this problem as the first to examine the nature of differences in the degree 

of cart abandonment across mobile and non-mobile device channels within the same 

framework.  In particular, a unique dataset from a large multinational clothing, footwear and 

home products retailer was secured and employed to help fill this important research gap. We 

achieved this by leveraging the recursive bivariate probit (RBP) model, which explicitly 

accounts for endogeneity (Filippini et al., 2018). The flexibility of our approach allowed us to 

jointly model two choices in one model, the first involving the choice of device (mobile vs. 

non-mobile) and the second, concerning whether to abandon the cart.   

One behavioural implication is around basket value per device. We showed that there were no 

differences in the value of items placed in the basket value on mobile (vs non-mobile) and their 

effect on cart abandonment. Retailers should not focus only on mobile channels when 

formulating cart abandonment strategy but have a multi-device strategy for cart abandonment. 

We have shown that non-mobile device traffic increases during the evening as consumers 

continue their online journey at home. Online retailers should make it easy for consumers to 

pick up from where they ended in the previous session irrespective of device used. Our research 

is the first to use large click stream data of failed attempts to use credit cards on mobile vs. 

non-mobile devices. Fraudsters and hackers use various techniques to gain access to consumer 

information by virtue of impersonation. Even the best security systems are able to prevent most, 

but not all, attacks (Bolton and Hand 2002) and organizations periodically evaluate the 

effectiveness of their systems against new forms of abuse and make improvements. We found 

a higher occurrence of failed attempted credit card payments on mobile vs. non-mobile devices. 

Consumers using mobile devices are more likely to abandon their cart if they experience a high 

number of failed attempts to use a credit card than when experiencing the same number of 
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failed attempts to use a credit card on non-mobile devices. Our research seeks to inform both 

the academic and managerial understanding of this issue. Consequently, to reduce rates of cart 

abandonment, retailers should ensure they subscribe to apps that pass through rigorous 

approval processes and are trusted by the consumer. Retailer-provided information, in the form 

of product information, is used to decide which products to purchase. However, it appears that 

customer-provided information, in the form of consumer reviews, is used by consumers as a 

screening tool to decide which products may not perform as expected, and, thus, which 

products not to purchase. One of the limitations of the existing literature is the inability of the 

data to enable researchers to link cart abandonment to a user exploring online product reviews 

on mobile devices. Mallapragada et al. 2016, for example, identified this as a gap in the 

literature. Our unique data allowed us to use real click-stream data to link reviews read with 

cart abandonment. We did not find evidence that consumers that read positive product reviews 

using mobile devices were less likely to abandon their cart than those using non-mobile 

devices. Recent research from Northwestern University’s Spiegel Research Center, (2017, pg., 

10) noted that: “readers are skeptical of reviews that are too positive and, in many cases, a 

negative online review is seen as more credible. Additional research by social commerce 

specialist Revoo indicates that consumers spend four times as long on a site when they interact 

with negative reviews, with a 67% increase in conversion rate”. The lesson from our findings 

was that even if positive reviews could be used to boost sales, having more reviews is not 

necessarily better after a certain point. As online commerce evolves, it is important for firms 

that adopt these media to understand the role of the factors influencing cart abandonment across 

device channels. The findings presented here could  help these organizations develop effective 

strategies to reduce cart abandonment.  
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5.2.1 Limitations and future research 

 

5.2.1.1 ML Prediction  

A suitable future research avenue might be to develop an ensemble model which combines the 

power of SVM and DNN (Krauss et al., 2016). Research into DNN is undergoing a lot of 

transformation and other areas of exploration are emerging by looking at different variants, 

such as DeepAR, fuzzy methods or probabilistic methods. 

Furthermore, political issues, such as sudden changes of leadership in these countries and 

economic turmoil, might suggest why shallow architectures were not able to perform as well 

as DNN. Since stock markets are rapidly changing in emerging markets, practitioners should 

always compare both shallow architecture and DNN before taking any decision. Further 

research could explore datasets from sub-markets within emerging markets using DNN with 

shallow architectures. 

5.2.1.2 ML Causal Inference  

While the present work built on past work and generated original findings, it does have 

limitations. One, while past work on e-commerce has shown the motivations for online 

shopping (Wolfinbarger & Gilly, 2003) and e-cart use (Close & Kukar-Kinney, 2010) using 

causal inference, behavioural data showed the actions and online consumers’ actual behaviours, 

but did not include aspects such as attitude. Another important topic that is worth including in 

future work is the role of identity-signalling, as suggested by Grewal et al. (2019). 

 Further, while we used big data based on a multi-national sample spanning hundreds of 

brands and several different countries, the data did not include purchasing services online. The 

findings could be different if we were modelling the online path to purchase for services or 

experiential goods, such as sporting tickets or vacations. Future research can replicate this work 

in the context of services or experiential goods subject to data availability. Managerially and 
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theoretically, it would be relevant to examine if any differences in findings would occur when 

the product being browsed for or purchased online is not tangible. 

 We focused on business to consumer e-commerce and m-commerce. There may be 

different outcomes if the project was based on business-to-business e-commerce or m-

commerce. As a great portion of online sales are in fact by businesses and not at the consumer 

level, this presents another important opportunity for future research. 

 While the field nature of the dataset allowed us to track actual shopping and browsing 

behaviour, providing an advantage over previous research that relied on consumers’ self-report 

survey data (for example, see Table 4.1), the nature of the data also presents some limitations. 

In particular, our data does not contain demographic information; however, we were able to 

control for this limitation by conducting an experiment to check if it had any effect on our 

results. 

Future research might look at comparing the impacts of mobile vs. non-mobile on cart 

abandonment using sales outcomes. Another area to explore is the role of review valence of 

mobile vs. non-mobile on cart abandonment. 

 From the extant literature, the personalization of promotion offers have been shown to 

reduce cart abandonment. As competition in the retailing industry becomes intense, most 

retailers are massively discount their products online, often to the point of harming revenues. 

Future research work could allow retailers to understand how smart promotion strategies can 

be applied based on the profile of the consumer while remaining competitive. This may help 

reduce abandonment across device channels. 

 

 

 



121 

 

Chapter 6 Appendices 

Appendix A:  

Table 2.1: Summary of experimental settings 

Hypotheses Experimental Factor Factor Levels 

H1 Forecast horizon Intraday vs. Daily 

H2 Activation functions TANH vs. RELU 

H3 Market classification Emerging vs. developed 

market 
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Table 2.2 Classification of the financial markets employed in this study as ‘emerging’ 

and ‘developed’ 

Emerging market classification 
Economy Index 

FTSE MSCI 

  Spain IBEX 35 

  Switzerland Swiss Market Index 

  Finland OMXH25 

Y Y Turkey ISE-100 

  France CAC 40 

  Sweden 
OMX ALL - SHARE Stockholm 

Index 

  Norway OSE All Share Index 

Y Y Brazil Brazilian Bovespa Futures  

  Hong - Kong Hang Seng index  

Y Y Czech Prague Stock Exchange Index  

  US Dow Jones Industrial Average 

  Denmark OMX Copenhagen Index  

  Latvia Riga Index 

  Austria ATX 

  US S&P 500 

Y Y South Africa FTSE/JSE Africa Top40 

Y Y Hungary BUX 

  UK FTSE 100 

Y Y Thailand 
Thai Stock exchange MAI securities 

index 

  Germany DAX  

  Korea KOSPI 200 Index 

  Singapore Straits times index 

  Netherland AEX 

  Belgium BEL20 

  Japan Nikkei 225 

  Canada SP TSX composite index  

  US NASDAQ-100 

Y Y China ShangHai SE composite index  



123 

 

Y Y Indonesia Jakarta composite index  

  Italy FTSE MIB Index 

  Portugal PSI-20 

  Estonia OMX Tallinn index 

Y Y Malaysia FTSE Bursa Malaysia KLCI index 

  Lithuania OMX Vilnius index 

 

Table 2.3a: The numbers of levels tested in different parameter settings for SVM 

Parameters   Levels (polynomial) 

Degree of kernel function (d)  1,2,…..5 

Gamma in Kernel function (γ)  0,0.1,0.2,….,5.0 

Regularization parameter (c)   1,10,100 

 

Table 2.3b: The numbers of levels tested in different parameter settings for NN 

Parameters   Levels(s) 

Number of neurons (n)  10,20,……,100 

Epochs (ep)  1,2,…..,10 

Momentum constant (mc)  0.1,0.2,…..,0.9 

Learning rate (lr)   0.1,0.2 

   

 

Table 2.3c: The numbers of levels tested in different parameter settings for DNN  

Parameters   Levels(s) 

Number of neurons (n)  10,20,……,100 

Epochs (ep)  1,2,…..,10 

Momentum constant (mc)  0.1,0.2,…..,0.9 

Learning rate (lr)  0.1,0.2 

Hidden layers 
 

2,3,……,10 

Activation functions 
 

RELU/TANH 

MiniBatchSize   5,6,7 ……,15 
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Table 2.4: Tukey’s Standardized Range (HSD) test: Comparing the Accuracy of Models 

using Daily Data  

  Alpha 0.05   

 
Error of degree of freedom 132 

 

 
Error mean square 0.005 

 

 

Critical value of 

Studentized Range 
3.679 

 

  
Minimum Significant 

Difference 
0.045   

    
  Tukey Grouping Mean Methods 

 
A 0.578 SVM 

    

 
B 0.522 NN 

 B  0.489 DNN(RELU) 

 C  0.452 DNN(TANH) 

 

 Table 2.5: Tukey’s Standardized Range (HSD) test for Accuracy of Models using 

Hourly Data 

  Alpha 0.05   

 
Error of degree of freedom 132 

 

 
Error mean square 0.005 

 

 

Critical value of Studentized 

Range 
3.69 

 

  
Minimum Significant 

Difference 
0.045   

    
  Tukey Grouping Mean Methods 

 
A 0.557 SVM 

 
 

  

 
A 0.549 DNN(RELU) 

 
 

  

 
A 0.538 DNN(TANH) 

 
 

  
 A 0.514 NN 
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Table 2.6: Tukey’s Standardized Range (HSD) test for Accuracy using Minute Data 

  Alpha 0.05   

 
Error of degree of freedom 132 

 

 
Error mean square 0.008 

 

 

Critical value of Studentized 

Range 
3.68 

 

  
Minimum Significant 

Difference 
0.057   

    
  Tukey Grouping Mean Methods 

 
A 0.645 DNN(RELU) 

 
 

  

 
A 0.617 DNN(TANH) 

    

 
B 0.558 SVM 

 
 

  
  B 0.547 NN 

 

Table 2.7: Tukey’s Standardized Range (HSD) test for Accuracy of Models using Tick 

Data 

  Alpha 0.05   

 
Error of degree of freedom 132 

 

 
Error mean square 0.009 

 

 

Critical value of Studentized 

Range 
3.68 

 

  
Minimum Significant 

Difference 
0.062   

    
  Tukey Grouping Mean Methods 

 
A 0.607 DNN(RELU) 

 
 

  

 
A 0.585 SVM 
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A 0.582 DNN(TANH) 

 
 

  
  A 0.573 NN 
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Table 2.8: Regression analysis of Predictive accuracy – DNN (RELU) vs SVM vs NN 

Predictive accuracy Estimated Coefficient Std. Error t value  Pr (>|t|) 

(Intercept) 0.64559 0.01489 43.358 < 2e-16*** 

as.factor(NN) -0.09824 0.02106 -4.665 9.67e-06*** 

as.factor(SVM) -0.08765 0.02106 -4.162 6.73e-05*** 

Residual standard 

error 0.08682 df 99 
 

R-Squared 0.2094 

Adjusted R - 

Squared 0.1935 
 

F- Statistic 13.11 (on 2 and 99 DF) 
  

p-value 8.87E-06       

 

 

 



128 

 

Appendix B:  

Table 3.1.  Synthesis of Literature on Device Type in Mobile Commerce and Electronic Commerce  

Source Area Settings Scope 

Consider 

types of 

websites 

visited 

Time of 

the day 

of visit 

Time 

spent on 

shopping 

session in 

seconds 

Frequency 

of order 

made / 

session 

Consider all three device 

type 

(PC/Smartphone/Tablet) 

Findings 

The current 

research 

e-

commerce 

browsing to 

sales 

conversions 

Click 

stream 
All devices Y Y Y Y Y 

Tablet leads to highest e-cart value and highest conversion rate overall, 

followed by PC, and last, smartphone. Visiting clearance page leads to 

highest conversion for tablet. Existing cart and reading product reviews 

lead to highest conversion for PC. Smartphone is used for browsing, 

but less for completing purchase. 

de Haan et al. 

(2018)  

Risk to 

product 

category 

Click 

stream  
All devices N N N N Y 

The increased penetration of mobile devices has a significant impact on 

customers’ online shopping behavior, with customers frequently 

switching between mobile and fixed devices on the path to purchase.  

Xu et al. (2017)  

e-

commerce 

sales 

e-

commerce 
All devices N Y N N Y 

Users’ adoption of tablets enhanced the overall growth of Alibaba’s e-

commerce market, with an annual increase of approximately US$923.5 

million. 

Li et al. (2017)  
Mobile 

promotion 

Field 

experiment 
Mobile users N N N N N 

Purchase responses to promotions were higher and faster in sunny 

weather relative to cloudy weather, and were lower and slower in rainy 

weather. 

Andrews et al. 

(2016)  
Mobile ads Survey Mobile users N Y N N N 

On average, the purchase rates measured 2.1% with fewer than two 

people per square meter and increased to 4.3% with five people per 

square meter, after controlling for peak and off-peak times, weekdays 

and weekends, mobile use behaviours, and randomly sending mobile 

ads to users. 

Luo et al. (2014)  
Mobile 

promotion 
Survey Mobile users N N N N N 

Temporal targeting and geographical targeting individually increase 

sales purchases. 
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Table 3.2. Descriptive Statistics per Device (N = 958,859 Sessions) 

Descriptive Statistics per Device (N = 958,859 Sessions) 

Variable PC Tablet Smartphone 

Number of sessions 212,431 161,923 584,505 

Previous PC device session 170,500 28,000 100,201 

Previous tablet device session 20,000 130,600 45,000 

Previous smartphone device session 26,102 29,000 511,400 

Pages per session 8.150 8.074 6.070 

Conversion rate  7.96% 8.58% 5.50% 

Conversion rate with previous session on PC device 6% 1% 3% 

Conversion rate with previous session on tablet device 5% 2% 3% 

Conversion rate with previous session on smartphone device 1% 1% 8% 

Conversion rate > 1 per session 

1,145 

(1.82%) 

856  

(1.36%) 

1,749 

(2.78%) 
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Table 3.3. Summary Statistics of Variables Across Devices 

Variables Description PC Smartphone Tablet 

Mean SD Min Max Mean SD Min Max Mean SD Min Max 

Order 

completed 

Frequency of 

orders completed 

in session  

0.08 0.3 1 3 0.06 0.25 1 3 0.09 0.32 1 4 

e-cart 

value  

Total value of 

items place in the 

e-cart 

29.84 208.35 2 
1993

2 
24.24 122.89 1 6907 33 156.85 2 9900 

Existing 

cart 

If a customer has 

a product in their 

cart on the first 

page of the 

session or not 

0.09 0.29 0 1 0.15 0.36 0 1 0.15 0.35 0 1 

 Pages 

seen 

# of pages 

viewed 
7.39 16.55 1 2623 6.1 10.27 0 819 8.03 11.92 1 919 

 Product 

views 

# of products 

viewed 
1.86 28.69 1 

1301

8 
0.07 0.83 1 85 2.29 5.17 1 137 

Visit 

before 

work 

Visit count 

between 

 (Hour >=6 and 

Hour<=8 ) 

0.12 0.33 0 1 0.14 0.34 0 1 0.12 0.33 0 1 

Visit 

during 

lunch 

Visit count 

between 

 (Hour >=12 and 

Hour<=13 ) 

0.14 0.35 0 1 0.1 0.3 0 1 0.09 0.29 0 1 

Visit after 

work 

Visit count 

between 

(Hour>=17 and 

Hour<=18 ) 

0.11 0.31 0 1 0.13 0.33 0 1 0.15 0.35 0 1 

Visit 

during 

evening 

Visit count 

between 

 (Hour>=19 and 

Hour<=23) 

0.4 0.8 0 1 0.56 0.9 0 1 0.6 0.92 0 1 

Seconds 

spent (in 

‘000) 

Total number of 

seconds the 

entire session 

was active 

286 629 1 
3973

1 
244 490 1 

2173

5 
436 761 1 18368 

Read 

review 

Number of 

product reviews 

read  

0.08 0.53 0 34 0 0.06 0 12 0.12 0.64 0 31 

 Clearance 

Flag if customer 

has visited 

clearance section 

of site 

0.15 0.35 0 1 0.14 0.34 0 1 0.19 0.39 0 1 
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Table 3.4. Correlation Matrix 

 

     Variables (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

   (1) Order 

completed 1            
   (2) e-cart 

value 0.121*** 1           
   (3) Existing 

cart 0.104*** 0.249*** 1          
   (4) Pages 

seen 0.422*** 0.167*** 0.089*** 1         
   (5) Product 

views 0.051*** 0.029*** 0.006*** 0.279*** 1        
   (6) Visit 

before work 0.005*** 0.001 0.012*** 

-

0.0129*** -0.005*** 1       
   (7) Visit 

during lunch 0.002 -0.000 -0.007*** -0.003** 0.001 -0.134*** 1      
   (8) Visit 

after work 0.002* 0.002* -0.002 0.004*** 0.002* -0.146*** -0.131*** 1     
   (9) Visit 

during evening 

-

0.0170*** -0.002* 0.001 0.005*** 0.002* -0.232*** -0.208*** -0.226*** 1    
  (10) Seconds 

spent 0.380*** 0.182*** 0.097*** 0.713*** 0.180*** -0.017*** -0.016*** 0.011*** 0.025*** 1   
   (11) Read 

review 0.098*** 0.043*** 0.021*** 0.209*** 0.088*** -0.005*** 0.006*** 0.004*** -0.002 0.221*** 1  
   (12) 

Clearance 0.086*** 0.027*** 0.083*** 0.134*** -0.000 0.013*** -0.011*** -0.015*** -0.009*** 0.252*** 0.009*** 1 

*p<0.05, **p<0.01, ***p<0
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Table 3.5. Propensity Score Matching Results 

Determinants of Device Types Propensity                                               Exogenous Variable Coefficients  

Constant -4.982*** 

  e-cart value 0.999*** 

  Existing cart 1.722*** 

  Pages seen 0.993*** 

  Product views 0.904*** 

  Visit before work 1.394*** 

  Visit during lunch 0.875*** 

  Visit after work 1.289*** 

  Visit during evening 1.227*** 

  Seconds spent 0.000001*** 

   Read review 0.703*** 

  Clearance 0.967*** 

Mean Before Matching 

Exogenous variable: Customer 

Behaviour Before Treatment 

Means After Matching  

                    Control Group (n=362,134) 

Treatment 

Group(n 

= 

150,231) 

Mean 

comparison 

𝜌 -value 

Control 

Group 

(n=   

150,228) 

Treatment 

Group(n 

=150,228) 

Mean 

comparison 

𝜌-value 

Percentage 

reduction 

in bias 

(PRB)* 

                          23.53 18.45 0.00   e-cart value   21.22 21.45 0.93 
99 

                          0.12 0.11 0.00   Existing cart  
0.1 0.12 0.69 

83 

                         5.6 4.8 0.00   Pages seen  
4.4 4.5 0.88 

98 

                        0.7 0.6 0.00   Product views  
0.6 0.63 0.81 

95 

                        0.13 0.12 0.00   Visit before work  0.13 0.14 0.64 
93 

                       0.1 0.2 0.00   Visit during lunch  
0.25 0.27 0.55 

93 

                        0.12 0.09 0.00   Visit after work  
0.11 0.13 0.45 

85 

                        0.54 0.61 0.00 

  Visit during 

evening 
 

0.6 0.69 0.78 

87 

                        28,703     22,796 0.00   Seconds spent  
24,498 24,721 0.56 

99 

                         0.03 0.01 0.00 
   Read review  

0.12 0.14 0.68 

86 

                          0.15 0.12 0.00   Clearance  
0.14 0.16 0.74 

88 
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 *p<0.05, **p<0.01, ***p<0.001; *In line with Garnefield et al. (2013), we calculated the PRB using a formula from Rosenbaum and Rubin (1983). 
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Table 3.6. Summary of Fitted Count Regression Model 
Note: Device types smartphone and tablet are compared to PC which serves as the baseline.  

Variables Poisson Poisson adjusted Quasi NB ZINB 

MCMC 

Parameter 

estimate 

(Intercept) -5.135*** -5.135*** -3.638*** -5.135*** 

-

3.356*** 

-4.231 

(0.008) 

  (0.010) (0.170) (0.012) (0.171) (0.009)  

as.factor(smartphone) -0.002*** -0.002*** -0.002*** -0.427***   

-0.304 

(0.014) 

  (0.010) 0.20754 0.087 0.013    

as.factor(tablet) 0.224*** 0.224*** 0.224*** 0.203***   

0.891 

(0.005) 

  (0.014) (0.286) (0.117) (0.017)    

Seconds spent 0.000*** 0.000*** 0.000*** 0.000***   0.000 

Read reviews 0.046*** 0.046*** 0.046*** 0.001*** 0.186*** 

0.086 

(0.019) 

  (0.002) (0.036) (0.037) (0.008) (0.007)  

e-cart value 0.000*** 0.000*** 0.000*** -0.000*** 0.001*** 

-0.000 

(-0.000) 

  (0.000) (0.000) (0.000) (0.000) (0.000)  

Existing cart 0.959*** 0.959*** 0.959*** 0.475*** 

-

0.159*** 

0.825 

(-0.001) 

  (0.016) (0.288) (0.252) (0.022) (0.013)  

Product views 0.000*** 0.000*** 0.0002*** -0.065***   

-0.032 

(-0.005) 

  (0.000) (0.000) (0.000) (0.000)    

Visit before work 1.755*** 1.755*** 1.755*** 0.073*** -0.02 

0.054 

(0.002) 

  (0.01) (0.78) (0.165) (0.014) (0.015)  

Visit during lunch 1.896*** 1.896** 1.896*** 0.043*** 0.017 

0.091 

(0.004) 

  (0.012) (0.859) (0.189) (0.015) (0.016)  

Visit after work 2.985*** 2.985*** 2.985*** 0.009 0.016 

0.317 

(0.008) 

  (0.003) (1.05) (0.044) (0.015) (0.015)  

Visit during evening 0.844*** 0.844*** 0.844*** -0.082*** 

-

0.068*** 

-0.371 

(0.019) 

  (0.004) (0.412) (0.071) (0.006) (0.006)  

Pages seen 0.006*** 0.006*** 0.006*** 0.069***   

0.015 

(0.007) 

  (0.000) (0.000) (0.000) (0.000)    

Clearance -0.664*** 0.664*** 0.664*** 0.265*** 0.363*** 

0.276 

(0.022) 

  (0.014) (0.599) (0.215) (0.021) (0.011)  

Clearance X device 

type(smartphone) -0.064*** -0.121*** -0.032*** -0.028***   

-0.182 

(0.155) 

  (0.022) (0.592) (0.259) (0.024)    

Clearance X device 

type(tablet) -0.118*** -0.181*** -0.181*** -0.423***  

-0.142 

(0.115) 

 (0.025) (0.592) (0.259) (0.012)   

Existing cart X device 

type(smartphone) -0.142*** -0.144*** -0.138*** -0.031***  

-0.022 

 (0.22) (0.032) (0.002) (0.012)   

Existing cart X device 

type(tablet) -0.383*** -0.383*** -0.383*** -0.128***   

-0.546 

(0.222) 

  (0.018) (0.318) (0.285) (0.025)    

Read Reviews X device 

type(smartphone) 0.019*** 0.019*** 0.019*** 0.109***   

0.022(0.011) 

 (0.004) (0.032) (0.063) (0.011)   

Read Reviews X device 

type(tablet) -0.012*** 0.011*** 0.018*** 0.022***  

0.123(0.011) 

 (0.001) (0.001) (0.011) (0.011)   

Screen size ‘360x640’  -0.071*** -0.071*** -0.071*** -0.228***  

-0.008 

(0.002) 
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 (0.014) (0.014) (0.014) (0.017)   

Screen size ‘768x1024’ 0.619*** 0.619*** 0.619*** 2.436***  

0.514 

(0.127) 

 (0.167) (0.167) (0.167) (0.209)   

Screen size  '320x568’ -0.021 -0.021 -0.021 0.008  

-0.011 

(0.002) 

 (0.017) (0.017) (0.017) (0.019)   

Screen size '1366x768' 0.689*** 0.689*** 0.689*** 2.128  

0.429 

(0.132) 

 (0.161) (0.161) (0.161) (0.204)***   

Screen size ‘414x736’ -0.083*** -0.083*** -0.083*** -0.070***  

-0.073 

(0.004) 

 (0.019) (0.019) (0.019) (0.022)   

Africa -1.215** -1.215** -1.215** -1.648***  

-1.442 

(0.241) 

 (0.372) (0.372) (0.372) (0.432)   

North America -0.945** -0.945** -0.945** -0.852*  

-0.821 

(0.421) 

 (0.359) (0.359) (0.359) (0.412)   

South America -0.802 -0.802 -0.802 -0.899  

-0.437 

(0.121) 

 (0.558) (0.558) (0.558) (0.163)   

Europe 0.319 0.319 0.319 0.245  

0.562 

(0.212) 

 (0.333) (0.333) (0.333) (0.386)   

Australia -1.513*** -1.513*** -1.513*** -1.256**  

-2,173 

(0.821) 

  (0.427)  (0.427)  (0.427)  (0.477)   

Session dummies Included Included Included Included Included Included 

Time dummies   Included  Included  Included  Included  Included  Included 

(Intercept)         

-

5.272*** 

 

      (0.079)  

Read review     

-

0.240*** 

 

      (0.041)  

Cart quantity     0.174***  

      (0.004)  

         

e-cart value     0.002***  

      (0.000)  

Existing cart     2.502***  

      (0.063)  

Visit before work     -0.041  

      (0.069)  

Visit during lunch     0.051  

      (0.079)  

Visit after work     -0.092  

      (0.074)  

Visit during evening     

-

0.103*** 

 

      (0.029)  

Clearance     -0.087  

      (0.053)  

             

Observations 150,228   150,228 150,228 150,228  

Number of parameters 27 27 27 27 20  

Log Likelihood -187339     -337,100 -219809  

AIC 374745     337168 439661  

BIC 375128     415886 439909  

∑ 𝑓
𝑖

(0) 
77062     77886 94405 

 

Significant levels for variables * p<0.05, ** p<0.01, *** p<0.001 Negative binomial (NB) is in bold as the preferred model. 
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Table 3.7. Model Comparison Using Vuong Non-Nested Tests 

Model comparison 
Vuong Test 

Statistic 
𝒑 

Preferable Model 

Poisson vs. NB -47.91 < 2.22e-16 NB 

NB vs. ZINB 39.52 < 2.22e-16 NB 

Poisson vs. ZINB -36.48 < 2.22e-16 ZINB 

 

 

 

 

 

Appendix C 

Table 4.1: How the Current Study Extends the Shopping Cart Use and Abandonment 

Literature 

Article  Focus 

Data 

Method 

Includes 

Online 

Cart Use 

Includes 

Mobile 

Devices 

Includes 

Field Data 

or 

Behavioral 

DV 

Includes 

Non-Mobile 

Devices 

The 

current 

research 

Differences in 

Online Shopping 

Cart 

Abandonment 

across  Model and 

Non-Mobile 

devices 

165,613 

unique 

shoppers 

click stream 

data at a 

large online 

retailer 

Field 

study 
✓ ✓ ✓ ✓ 

Huang, 

Korfiatis 

and 

Chang 

(2018) 

Conflicts, 

ambivalence and 

hesitation in mobile 

cart abandonment 

232 mobile 

shoppers 

from Taiwan 

& 226 of US 

consumer  

Surveys   ✓     

Albrecht, 

Hattula 

and 

Lehmann 

(2017) 

Shopping stress and 

task vs. recreation 

orientation on 

purchase 

abandonment 

Recruited 883 

participants 

using online 

panel 
Survey, 

Experiment 
    ✓   

Close, 

Kukar-

Kinney 

and 

Benusa 

(2012) 

Online shopping 

cart abandonment 

289 online 

shoppers 

from 44 

States in the 

US 

Conceptual ✓       

Xu and 

Huang 

(2015) 

Determinants of 

cart abandonment 

in China 

Online survey 

of 210 people 

in China Survey          
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Kukar-

Kinney 

and Close 

(2010) 

Determinants of 

cart abandonment 

289 online 

shoppers 

from 44 

States in the 

US 

Surveys          

Rajamma 

and 

Paswan 

(2009) 

Perceived waiting 

time, risk and 

transaction 

inconvenience in 

cart abandonment 

720 survey 

data from 

business 

undergraduate 

students  
Survey          

Oliver 

and Shor 

(2003) 

Role of promotion 

codes in digital 

redemption of 

promotion codes or 

abandonment 

206 

respondents 

using online 

surveys 

Survey         

 

 

Table 4.2 Variable Names, Descriptions and Descriptive Statistics of Cart abandonment 

by Consumers 

Variables Description 

Mean SD Min Max 

Non-

mobile 
Mobile 

Non-

mobile 
Mobile 

Non-

mobile 
Mobile 

Non-

mobile 
Mobile 

Cart 

abandonment 

Shopping  cart 

abandonment: 1 

-Abandoned 

cart without 

purchase, 0 - 

Completed 

purchase 

0.52 0.938 0.259 0.24 0 0 1 1 

Visit during 

evening 

1 if visit 

between 1800 

to 2300hr    

0.197 0.452 0.398 0.322 0 0 1 1 

Read 

positive 

review 

Read positive 

product 

review or not  

0.078 0.027 0.526 0.307 0 0 1 1 

Card failure 

Card failure / 

decline during 

payment 

1.061 3.091 0.059 0.054 0 0 5 6 

Basket value 

(£) 
Cart value 33.204 26.079 216.108 131.314 0 0 19932 9900 
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Table 4.3: Variable Correlations  

        Variables (1) (2) (3) (4) (5) (6) (7) 

   (1) cart abandonment 1 
      

   (2) device type 0.029*** 1      
   (3) read review -0.098*** -0.067*** 1     

   (4) visit during evening 0.0144*** 0.092*** -0.002*** 1 
   

   (5) card failure -0.005*** -0.001*** -0.007*** -0.001*** 1   
   (6) basket value -0.127*** -0.019*** 0.043*** 0.002*** -0.001*** 1  
   (7) basket quantity -0.320*** -0.013*** 0.082*** -0.011*** 0.002*** 0.417*** 1 

Significant levels for variables * p<0.05, ** p<0.01, *** p<0.001 

 

 

 

Table 4.4 Model Comparison 

Model Main effect of theoretical variable Log-Likelihood 
Akaike 

Information 

Criterion 

Bayesian 

Information 

Criterion 

M1 No -531,300 1,062,632 1,062,818 

M2 (RBP) Yes -469,576 939,225 939,643 
Notes: The model with the best fit is indicated in boldface. 

 

Table 4.5 Results: Predictors of Cart abandonment & Device Channels 

   
 

Variable category Variables 
Probability of Cart 

Abandon  

MCMC Parameter 

Estimate 

 Intercept -1.357***(0.480) 8.762(0.842) 

 Mobile 0.414(0.150) 0.141(0.266) 

Browsing behaviour 

across time 
visit during evening 0.065***(0.214) 0.299(0.206) 

 

visit during evening x 

device type 
-0.011***(0.061) -0.121(0.226) 

Browsing pattern read review  -0.022(0.041) -0.101(0.096) 

 read review x device type 0.066(0.033) 0.090(0.153) 

Card failure  card failure attempt 1 5.621(3.244) -6.562(3.062) 

 card failure attempt 2 -5.596(2.090) 7.188(2.053) 

 card failure attempt 3 0.051(1.099) - 

 card failure attempt 4 -5.101(3.090) 5.716(1.361) 

 card failure attempt 1 x 

device type 
-1.115(4.351) - 

 card failure attempt 2 x 

device type 
-1.858***(3.734) - 
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 card failure attempt 3 x 

device type 
-2.328***(3.734) - 

 card failure attempt 4 x 

device type 
-2.778***(3.734) - 

Basket value Log(basket value) 0.119***(0.027) 0.021(0.010) 

 

Log(basket value x device 

type) 
0.056(0.037) 0.044(0.021) 

Control variables Log (active seconds) -0.261***(0.038) -0.124(0.021) 

 product page 0.007***(0.001) 0.002(0.001) 

 existing cart 0.339***(0.068) 0.226(0.021) 

 cart use -2.251***(0.313) -3.221(0.313) 

 session2 -0.104**(0.035) -0.214(0.021) 

 session3 -0.149**(0.048) -0.126(0.016) 

 session4 -0.096(0.066) -0.013(0.044) 

 session5 -0.164*(0.0771) -0.129(0.011) 

 session6 -0.194*(0.093) -0.342(0.001) 

 session7 -0.351***(0.096) -0.271(0.021) 

 session8 -0.271*(0.132) -0.321(0.110) 

 session9 -0.036(0.148) -0.022(0.108) 

 session10 -0.037(0.158) -0.017(0.112) 

    

Variable category Variables 
Probability of Mobile vs 

Non-mobile 

MCMC Parameter 

Estimate 

 Intercept  -1.359***(0.009)   '-1.687(0.576) 

Browsing behaviour 

across time 
visit during evening 0.401***(0.020) 0.429(0.091) 

Browsing pattern read review  -0.065***(0.016) -0.246(0.077) 

Card failure  card failure attempt 1 -0.433(0.589) -0.233(0.519) 

 card failure attempt 2 0.100(0.556) 0.129(0.551) 

 card failure attempt 3 -6.034(3.781) - 

 card failure attempt 4 -6.130(5.319) -5.230(3.319) 

Basket value Log(basket value) -0.014(0.018) - 

Control variables Log (active seconds)  0.098***(0.009) - 

 product page 0.007***(001) - 

 existing cart 0.124***(0.032) 0.112(0.032) 

 cart use -0.179***(0.046) -0.179(0.046) 

 session2 0.084***(0.033) 0.072(0.010) 

 session3 0.168***(0.041) 0.140(0.012) 

 session4 0.233***(0.050) 0.218(0.011) 

 session5 0.263***(0.062) 0.153(0.071) 

 session6 0.305***(0.075) 0.207(0.021) 

 session7 0.311***(0.085) 0.218(0.012) 

 session8 0.491***(0.104) 0.462(0.121) 

 session9 0.412***(0.116) 0.332(0.111) 

  session10 0.362**(0.126) 0.521(0.162) 

*p < .10 **p < .05 ***p < .01. Standard errors are in parenthesis  
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Table 4.6 Results: Variable Sensitivity 

 

Variable category Variables 
Probability of Cart 

Abandon  
MCMC Parameter Estimate 

 Intercept 8.584***(0.614) 8.476(0.877) 

 Mobile device 0.423(1.150) 0.336(0.567) 

Browsing behaviour 

across time 
visit during evening 0.063***(0.214) 0.264(0.200) 

 

visit during evening x 

device type 
-0.009***(0.061) -0.183(0.178) 

Browsing pattern read review  -0.023(0.041) -0.063(0.107) 

 read review x device type 0.066(0.033) 0.115(0.136) 

Card failure  card failure attempt -0.096(0.244) -1.633(1.079) 

 

card failure attempt x device 

type 
-6.284***(0.175) -4.828(0.352) 

Basket value Log(basket value) 0.119***(0.027) 0.211(0.011) 

 

Log(basket value x device 

type) 
0.056(0.037) 0.125(0.017) 

Control variables Log (Active seconds)  -0.595***(0.013) -0.282(0.041) 

 product page 0.007***(001) 0.022(001) 

 existing cart 0.339***(0.067) 0.311(0.133) 

 cart use -2.252***(0.312) -3.2511(0.112) 

 session2 -0.104**(0.035) -0.111(0.225) 

 session3 -0.149**(0.048) -0.412(0.019) 

 session4 -0.096(0.066) -0.012(0.031) 

 session5 -0.163*(0.077) -0.191(0.069) 

 session6 -0.194*(0.093) -0.214(0.021) 

 session7 -0.351***(0.096) -0.321(0.710) 

 session8 -0.259*(0.132) -0.165(0.187) 

 session9 -0.035(0.147) -0.031(0.123) 

 session10 -0.036(0.157) -0.002(0.276) 

    

Variable category Variables 
Probability of Mobile vs 

Non-mobile 
MCMC Parameter Estimate 

 Intercept  -1.359***(0.119)   -1.671(0.564) 

Browsing behaviour 

across time 
visit during evening 0.401***(0.020) 0.437(0.095) 

Browsing pattern read review  -0.023(0.041) -0.259(0.072) 

Card failure  card failure attempt -0.261(0.180) -0.225(0.319) 

Basket value Log(basket value) -0.097***(0.023) -0.021(0.023) 

Control variables Log (active seconds)  -0.595***(0.013)  -0.211(0.018) 

 product page 0.007***(0.001) 0.071(0.002) 

 existing cart 0.123***(0.032) 0.233(0.012) 

 cart use -0.179***(0.046) -0.139(0.041) 

 session2 0.084***(0.033) 0.072(0.010) 

 session3 0.168***(0.041) 0.140(0.012) 

 session4 0.233***(0.050) 0.218(0.011) 
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 session5 0.263***(0.062) 0.153(0.071) 

 session6 0.305***(0.075) 0.207(0.021) 

 session7 0.311***(0.085) 0.218(0.012) 

 session8 0.491***(0.104) 0.462(0.121) 

 session9 0.412***(0.116) 0.332(0.111) 

  session10 0.362***(0.126) 0.521(0.162) 

*p < .10 **p < .05 ***p < .01. Standard errors are in parenthesis  

 

 

 

Table 4.7 Results: Controlling for Demographic Variable 

Variable category Variables Alternative estimates 

 Intercept -5.656***(0.543) 

 Mobile 0.685(1.051) 

Browsing behaviour across time visit during evening -0.097(0.167) 

 

visit during evening x device 

type 
-0.030(0.084) 

Browsing pattern read review -0.004(0.042) 

 read review x device type 0.009(0.055) 

Card failure  card failure attempt 1 6.356(3.06) 
 card failure attempt 2 -6.367(2.835 
 card failure attempt 3 - 
 card failure attempt 4 -4.503(0.038) 

 card failure attempt 1 x device 

type 
- 

 card failure attempt 2 x device 

type 
- 

 card failure attempt 3 x device 

type 
- 

 card failure attempt 4 x device 

type 
- 

Basket value Log(basket value) 0.159***(0.048) 

 Log(basket value x device type) 0.031(0.055) 

Control variables Log (Active seconds) -0.316***(0.086) 
 product page 0.013***(0.002) 

 existing cart 0.301***(0.149) 

 cart use -1.968*(0.532) 

Variable category Variables   

 Intercept -4.042***(0.392) 

Browsing behaviour across time visit during evening 0.372***(0.042) 

Browsing pattern read review -0.029(0.030) 

Card failure  card failure attempt 1 5.861(6.329) 
 card failure attempt 2 6.165(4.471) 
 card failure attempt 3 - 
 card failure attempt 4 -6.023(6.653) 
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Basket value Log(basket value) -0.009(0.026) 

Control variables Log (Active seconds) 0.304***(0.029) 
 product page -0.008***(0.002) 

 existing cart 0.172**(0.056) 

  cart use -0.171(0.089) 

*p < .10 **p < .05 ***p < .01. Standard errors are in parenthesis  
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Figure 2.1: Boxplot, comparing the forecasting accuracy of all four model specifications 

(SVM, NN, DNN (RELU), DNN (TANH)), across all four time horizons (daily, hourly,  

minute, tick) 

 

 

 

 

 Figure 2.2: Box plot of prediction accuracy for all four model specifications (SVM, NN,  

DNN (RELU), DNN (TANH)), using daily data 
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 Figure 2.3: Box plot of accuracy for each all four model specifications (SVM, NN, DNN 

(RELU), DNN (TANH)),  using hourly data 

 

Figure 2.4: Box plot of accuracy for each of the four model specifications (SVM, NN, 

DNN (RELU), DNN (TANH)), using minute data 
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Figure 2.5: Box plot of accuracy all four model specifications (SVM, NN, DNN (RELU), 

DNN (TANH)), using tick data 

 

Figure 2.6: Box plot of accuracy for DNN using RELU/TANH activation functions 

across all four time horizons (daily, hourly, minute, tick). 
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 Figure 2.7: Predictive accuracy of emerging markets VS developed markets using DNN 

 

 

Figure 3.1. Interaction Plots  

 

 

A. Interaction Between Existing Cart and Device Types 

 
 

 

B. Interaction Between Read Reviews and Device Types 
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C. Interaction Between Clearance and Device Types 
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Figure 3.2. The Online Path to Purchase Across Device Types 

 

A. The Online Path to Purchase from PCs 

 

 
 

B. The Online Path to Purchase from Smartphones 

 

 
 

C. The Online Path to Purchase from Tablets 

 
 

Figure 4.1: Interaction Plots 

A. Interaction Between Evening Visit and Device Types 
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B. Interaction Between Read Positive Reviews and Device Types 

 

C. Interaction Between Card Failure and Device Types 
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