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In recent years, e-commerce platforms have expanded into an important new product domain of financial

products that includes payment, credit, investment, and insurance products. However, due to the scarcity of

data in this new product domain, online platforms face challenges in predicting users’ purchase behavior. In

this paper, we study whether we can “transfer” knowledge learned from the existing consumer goods domain

to benefit the prediction in the domain of the financial products. With data provided by one of the largest

online shopping platforms in China, we develop machine learning solutions to enable knowledge transfer.

We show that users’ prior browsing and shopping history in consumer goods can significantly improve the

prediction accuracy of users’ purchases of mutual funds for both the existing-user and the new-user scenarios.

In addition, we study the heterogeneous prediction performance lifts on users with different socioeconomic

statuses and investment risk preferences. Results show that information from the consumer goods domain

has a higher prediction performance lift on users in the high socioeconomic group. Finally, we compare

the effect of different sources of information on predicting users’ purchases of mutual funds. We find that

users’ browsing and shopping history for consumer goods are more predictive than their profile features.

Our findings and methods will be valuable to both the financial industry and online platforms that seek to

expand their product domains.
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1. Introduction

Over the past two decades, e-commerce has steadily evolved from selling books, CDs, and

electronics to trading any kind of products or services that a user could want. For instance,

today, Amazon sells over 75 million unique products over 27 categories (ScrapeHero 2021,

Connolly 2021). Leading global e-commerce platforms like Amazon, Alibaba, and JD.com

are constantly looking for opportunities to expand into new product domains, and the

pandemic has sped up this trend of domain expansion (Pere 2020). Recently, one of the

most important product domains that e-commerce platforms expanded into is financial

products that are traditionally purchased at offline investment agencies (Xia and Hou

2016, Wang and Yang 2019). For example, Amazon has made several fintech investments,

pursuing various initiatives ranging from payment and lending to insurances (CBInsights

2022). JD.com, one of the largest e-commerce platforms in China, established JD Digits in

2013 to sell financial products such as mutual funds, insurances, etc. Similarly, Ant Group,

an affiliate company of Alibaba, started to sell a broad spectrum of financial products in

2014 (Kharpal 2021).

However, like any other new product domain, the new financial product domain suffers

from the issue of cold start due to the lack of data on users’ clicks and purchases. Such

data limitations prevent platforms from accurately targeting customers via product recom-

mendations and customized promotion. On the other hand, these e-commerce platforms

possess rich data of users’ online activities in existing domains such as the consumer goods,

the earliest product domain that became available online. Because e-commerce platforms

have collected rich data and have a good understanding of consumer behavior in this

domain, it is natural to wonder whether information from the consumer goods domain can

be borrowed and transferred to predict users’ purchase decisions in the financial products

domain, even though these two product domains are entirely different.

Unfortunately, existing literature provides little guidance on whether such a transfer can

be successful. First, while previous studies in the consumer behavior literature have shown

that information from users’ shopping behavior in one category, such as price sensitivity,

can be used to predict their behavior in other categories, these studies are limited to

categories in the same domain of consumer goods (Blattberg et al. 1978, Ainslie and Rossi

1998, Wedel and Zhang 2004). Whether a cross-domain transfer between consumer goods

and financial products is feasible remains unknown. There exists no prior study establishing
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such cross-domain connections, primarily due to the fact that the expansion into financial

products has been fairly recent. Second, the machine learning literature has studied cross-

domain recommender systems which use deep learning, collaborative filtering or matrix

factorization techniques to recommend products to users in a new domain while utilizing

information from existing domains. However, existing methods are built for domains with

content-level or item-level relevance, such as movies and books (e.g., Fu et al. (2019)),

videos and news (e.g., Kanagawa et al. (2019)), videos and games (e.g., Kang et al. (2019)),

etc. There have not been any attempts on a “transfer” between two seemingly unrelated

domains, i.e., consumer goods and financial products, where there is no content-level or

item-level relevance. So we ask, is a transfer between these two domains viable?

In addition, the problem becomes even more challenging when target users are new to

the platform and have no prior activities in existing domains. Current cross-domain rec-

ommender systems for the new-user scenario are not feasible in our context since they need

some additional data, such as users’ opinions (Shi et al. 2017), social tags (Zhou et al.

2021), or detailed viewed item features (Rajendran and Sundarraj 2021), etc., to character-

ize a user. These existing methods can be considered as different ways to represent users’

product preferences or traits. Unfortunately, in settings like ours, there is no auxiliary data

for characterizing a new user. Therefore, it is unclear whether any transfer is possible, and

more interestingly, what should be transferred, if it is possible, between the two domains?

To answer the above research questions, we collaborate with one of the largest e-

commerce platforms in China, which has rich data on consumer goods and has started

selling mutual funds in recent years. We randomly select 10,000 users who have both pur-

chased consumer goods and invested in mutual funds. Our datasets contain clickstream

data and transaction data for products in both domains. With this dataset, we investigate

whether the “knowledge transfer” from the source domain, consumer goods, to the target

domain, financial products, is feasible. More specifically, we examine whether users’ infor-

mation in consumer goods can improve the accuracy of predicting their purchase intention

of financial products and what methods should be used. We study this research problem

in two scenarios: existing-user scenario and new-user scenario.

We start with the existing-user scenario, where the target users in the financial product

domain have prior activities in the consumer goods domain. To utilize users’ informa-

tion from users’ prior browsing history with consumer goods, we solve the problem of
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how to extract knowledge from these data. We test two solutions for feature extraction:

theory-based manual feature engineering and machine learning assisted user representation

learning. Both methods show that the information extracted from users’ activities in con-

sumer goods category can significantly improve the performance of predictions for mutual

funds purchases by 8.97% and 12.41% in R2, respectively.

We then investigate the new-user scenario, where the target users in the financial product

domain do not have any prior activities associated with consumer goods. As current cross-

domain recommender systems are not feasible in this context, we propose a new way of

knowledge transfer inspired by theories on consumer behavior and psychology. Specifically,

we transfer the conversion behavior, i.e. the mapping from browsing products to purchasing

a product, from the consumer goods domain to the domain of the financial product. Such

mapping is also called conversion funnel (Jansen and Schuster 2011) in the marketing

literature. This way of transfer is motivated by prior studies showing that conversion

funnel exhibits similarity across product categories within the consumer goods domain

(De Haan et al. 2016). In this study, we further explore whether conversion funnels across

two seemingly unrelated domains are similar. Therefore, we first build a model to learn the

mapping from users’ browsing activities to their purchases in the consumer goods domain.

Then we adapt such mapping to mutual funds. This way of transfer is distinct from existing

methods that transfer users’ product preferences or traits, which are not feasible in our

setting. Results show that transferring conversion funnel from consumer goods domain can

significantly improve the prediction performance in the mutual funds domain by 14.5%

in R2, which suggests that users’ decision-making processes for purchasing in these two

seemingly unrelated domains bear some similarities.

In addition, we investigate the heterogeneous model performance lift on users with dif-

ferent characteristics. We find the model performance has a higher lift on users with high

socioeconomic status and high risk-seeking preference. Lastly, we compare the model per-

formance lift of using information extracted from users’ activities in consumer goods with

using their profile features. Results show that information in consumer goods could improve

the model prediction performance by 8.97% more than using user profile information.

In summary, our work makes the following contributions. First, this study contributes to

the literature on similarities between users’ shopping behavior in different product domains.

Previous literature has mainly studied consumer behavior across product categories within
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the same domain. We generalize the connections to seemingly unrelated domains and show

that there still exhibit similarities. Such similarities can be exploited by machine learning

to better predict users’ purchase intention in a new product domain. To the best of our

knowledge, we are the first to study the knowledge transfer from the consumer goods

domain to the financial products domain. Therefore, our findings also contribute to the

literature of investors’ behavior by showing that investors’ choices can be traced from their

purchases and search history in consumer goods.

Second, our proposed methods for knowledge transfer contribute to the literature on

cross-domain predictions. Our proposed solutions inherit the genes from several state-of-

the-art machine learning techniques, including deep learning, embedding, representation

learning, and transfer learning. To tackle the challenges in the new-user scenario, we

propose a new mechanism of transferring conversion funnel, i.e., the mapping from the

browsing behavior to final purchases, which differs from transferring product preferences or

user traits that many existing cross-domain recommender systems do. Thus, our proposed

methods enable knowledge transfer in challenging scenarios with no content relevance, no

item relevance, and even no user overlap. In addition, our solutions can be applied to a

more general product domain expansion beyond financial products, since our methods do

not require detailed item features.

2. Related Work

In this section, we first review state-of-the-art machine learning methods for cross-domain

recommendations and discuss their differences to our solutions. Then, we discuss two sub-

domains in machine learning that motivated most cross-domain recommendation systems

as well as our methods: representation learning and transfer learning.

2.1. Cross-Domain Recommender Systems

Recommender systems are machine learning algorithms that infer users’ preference and

suggest related items to users (e.g., movies to watch, text to read, and products to

buy). In recent years, as e-commerce industry is rapidly expanding the product catalog,

cross-domain recommender systems have received increasing interest. Cross-domain rec-

ommender systems utilize knowledge learned from a richer (source) domain to assist rec-

ommendations in the sparse (target) domain. Existing literatures regarding cross-domain

recommender system can be generally classified into three groups (Zhu et al. 2021): 1)

content-based transfer, 2) rating pattern-based transfer and 3) embedding-based transfer.
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Content-based transfer identifies similar users or items by creating links based on the

common contents, such as item details (Winoto and Tang 2008), user-generated reviews

(Tan et al. 2014), and social tags (Fernández-Tob́ıas and Cantador 2014), then transfer

knowledge between similar users or items across domains. The content-based relations also

exist in user attributes (Berkovsky et al. 2007), semantic properties (Kumar et al. 2014,

Zhang et al. 2019), thumps-up (Shapira et al. 2013), text information (Tang et al. 2012, Tan

et al. 2014), and browsing or watching history (Elkahky et al. 2015, Kanagawa et al. 2019).

In other words, content-based transfer need to build content-based relations in source and

target domains, in which concrete contexts are required. The second type, ratting patter-

based transfer approaches are in fact a special case of content-based transfer. They first

learn an independent rating pattern of users from the source domain and then transfer the

rating pattern to the target domain to improve the corresponding recommendation accu-

racy (Zhu et al. 2021). The rating patterns are discovered using rating data of users (Yuan

et al. 2019), which is usually very rich in source domain, but relatively sparse in target

domain. Finally, embedding-based transfer approaches utilize item and user information

to learn item or user embeddings by training different collaborative filtering-based models,

including singular value decomposition (Deerwester et al. 1990), maximum-margin matrix

factorization (Srebro et al. 2004), probabilistic matrix factorization (Mnih and Salakhut-

dinov 2008), neural collaborative filtering (He et al. 2017), and graphic models (Zhao et al.

2020). The learned user or item embeddings will be transferred through common user or

items across domains. Both embedding-based and rating patter-based approaches employ

machine learning techniques as the model framework, including multi-task learning (Singh

and Gordon 2008), transfer learning (Zhang et al. 2016), clustering (Farseev et al. 2017),

and neural network (Zhu et al. 2020). In addition to those machine learning techniques,

other embedding-based transfer approaches also employ some deep learning methods, such

as reinforcement learning (Liu et al. 2018).

A particular critical challenge for cross-domain recommendation is the new user prob-

lem, where a new user to the platform does not have prior online activities, such as review,

rating, or browsing history. Existing methods dealing with new user cold start issue can be

typically summarized into three groups (Son 2016) - 1) Make use of additional data from

auxiliary domain, 2) Choose the most prominent groups of analogous users by clustering,

3) Enhance the prediction using hybrid methods. The idea of first type methods is to use



7

some external data, such as users’ opinion (Shi et al. 2017), review (Margaris et al. 2020),

ratings (Yu et al. 2019), or social tags (Zhou et al. 2021), to improve the cross-domain

recommendation for the new user. But auxiliary information is not always available. The

second method utilizes the clustering algorithms (Hafshejani et al. 2018, Liu et al. 2014) to

determine the analogous users. However, the optimal number of groups and the splitting

criteria is difficult to select. The third approach uses hybrid information, such as browsing

history and item features (Elkahky et al. 2015), text and metadata (de Souza Pereira Mor-

eira et al. 2018), or browsing records with topic information (Rajendran and Sundarraj

2021), to calculate user similarity or the prediction of user preference. This method requires

specific item information, which may not be available in other domains. In summary, exist-

ing approaches regarding the new user cold start problem need rich information in the

source domains or auxiliary data to characterize traits or product preferences of users.

2.2. Representation Learning

Representation learning is an important machine learning technique that attempts to

obtain latent information from raw input data (Bengio et al. 2013). The goal of represen-

tation learning is to transform data from its original form that is too difficult to represent

(such as graphs, images, etc.) to a much simpler and more efficient representation while

preserving the original information and remaining predictive for the task. Compared to

feature engineering that relies on human ingenuity and experience to construct features

from the raw data, representation is completely data-driven and optimized, thus often

enjoying better performance than theory-based representations (Goodfellow et al. 2016).

Representation learning has been accompanied and nourished in several fields, including

speech recognition, machine translation (Hinton et al. 2012, Mikolov 2012), object recog-

nition (Hinton et al. 2006, Bengio et al. 2006) and image representation (Krizhevsky et al.

2012).

Representation learning has also been applied in recommendation systems. For example,

user embedding learns a representation of users to captures their long-term interest (Sun

et al. 2021). For example, the search ranking team in Airbnb (Grbovic and Cheng 2018)

modified the Skip-Gram model to conduct the user type embedding by leveraging items and

metadata. ClickGraph (Jenkins 2019), which is a recurrent neural network that encodes

the graph structure of user click trajectories in the learned representations of web pages, is

another embedding approach that simultaneously predicts future user actions given a user’s
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clickstream history. Besides, the sequence of user actions, such as items that were clicked

or purchased (Nedelec et al. 2017), queries and advertisements that were clicked (Grbovic

et al. 2015), can be treated as context as well. Singh et al. (2019) introduced similar

embedding framework that can process different types of data by learning representations

from the catalog text data, user’s clickstream data, and product images. Item embedding is

also a relatively new deep learning technique that produces embedding vectors for items in

latent space when user information is not available. This method is capable of computing

item similarity and inferring item relationships. For example, item2vec (Oren and Noam

2016) has been proposed and demonstrated in both quantitative and qualitative evaluations

for a recommendation based on item similarity.

2.3. Transfer Learning

Transfer learning is a machine learning technique that adapts knowledge and experience

obtained from a source domain to a different but related target domain, thus it has been

widely studied. In other words, transfer learning also refers to the situation where what

has been learned in one setting is exploited to improve generalization in another setting

(Goodfellow et al. 2016). For example, knowledge gained while learning to recognize cars

could be applied for recognizing trucks. Transfer learning is motivated by the fact that

people can intelligently apply knowledge learned previously to solve new problems that are

similar or related to old problems faster or with better solutions (Pan and Yang 2010).

Transfer learning provides a reasonable start point for training the model by leveraging

previous learnings, such as model parameters, to avoid starting from scratch. The under-

lying model will be trained on specific data and then applied to another task or data as

a pre-trained model. One of the common applications of transfer learning is image clas-

sification (Krizhevsky et al. 2012, He et al. 2016). Many image classification tasks re-use

the first a few layers from other image classification models trained on a large benchmark

dataset to solve another problem similar to the previous one (Oquab et al. 2014, Zhu

et al. 2011). The idea is that lower layers in a trained neural network produce general

features that are problem independent, while higher layers produce specific features that

are problem-dependent (Yosinski et al. 2014). Depending on the problem formulation, one

can transfer different neural network layers into another model by freezing the hidden lay-

ers. Examples of transferable layers include convolution layers, fully-connected layers, or

embedding layers. Therefore, the low-level or mid-level feature representations to classify
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one type of object are also helpful for predicting another type of object. The assumption

for transfer learning is that models for related tasks are supposed to share some parameters

or prior distributions of hyperparameters. The comprehensive review of transfer learning

is available at (Pan and Yang 2010). In this paper, we inherit the idea from the above and

transfer hidden layers from the pre-trained model to the new predictive model.

2.4. Distinctions of Our Work

Compared to the cross-domain recommendation systems discussed previously, our work

has three major distinctions.

First, prior research mainly transfers across similar or relevant domains, while our paper

studies the transfer across two entirely different domains. For example, Fu et al. (2019),

Yu et al. (2019), Taneja and Arora (2018), Li and Tuzhilin (2020) transfer between movies

to books since the two domains can be related by topics, keywords, or writers. Kang et al.

(2019) transfers from videos to games. Cao et al. (2010) considers items in different sub-

categories as different domains (e.g., textbooks and novels). Some works transfer within

exactly the same domain but on different systems such as movie ratings on Douban vs

IMDB (Man et al. 2017), MovieLens vs EachMovie (Gao et al. 2013), or different video

streaming sites (Gao et al. 2019). In all the previously mentioned works, the source and

target domains are very similar or at least partially related by their contents. This is

because many existing method need to have content-relevance (e.g., related features such as

topics, keywords, etc) or item-relevance (e.g., common items) between the source domain

and target domain to work. In our context, however, we aim to transfers knowledge across

completely different domains without any content-level relevance. To the best of our knowl-

edge, it is the first attempt to explore the possibility of knowledge transfer from consumer

goods to mutual funds and provide solutions for the transfer.

Second, the existing approaches often need detailed item features or content features in

order to characterize users. For example, content-based transfer relies on metadata that

are often limited to scenarios where the source and target domains have detailed content

information, such as movies (Zhu et al. 2020), music and book (Fu et al. 2019, Zhao et al.

2020), or research publications and authors (Tang et al. 2012), etc. Embedding-based and

rating patter-based approaches require either user-level relevance or item-level relevance

(i.e., item attributes or user-generated information, such as review or rating). Our methods,

however, do not use any item-level features: our representation learning approach for the
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existing-user scenario only utilizes the SKU of the three consumer goods in the source

domain, and our conversion funnel transfer for the new-user scenario does not use any item-

level features at all. Thus, our method is potentially more generalizable to other product

domains.

Finally, in the new-user scenario, our approach differs from existing cross-domain rec-

ommender systems in that existing methods transfer users’ product preferences, such as

preferences for certain features (i.e., topics (Tang et al. 2012), aesthetic preference (Liu

et al. 2020), etc.), or latent users’ traits learned from various auxiliary sources and use the

learned information as features in the target domain. Our proposed conversion behavior

transfer, on the other hand, transfers users’ behavior, which is the mapping from browsing

behavior to final purchases learned from the source domain. Such behavioral similarity

across product domains has not been studied or took advantage of by transfer learning to

benefit the prediction task.

3. Conceptual Framework

We propose a conceptual framework to explain the rationale why users’ online behavior

associated with consumer goods, such as search and purchase, is helpful for predicting

purchases of mutual funds. Recent findings suggest that users’ traits can be inferred from

their transaction and search patterns. On the other hand, another stream of literature also

indicate that users’ traits could significantly influence their financial decision-making, such

as the investment on mutual funds. Therefore, we propose a framework as shown in Figure

1, which bridges the information obtained from search and purchase in consumer goods

with the investment behavior in mutual funds.

Figure 1 Theoretical Framework Connecting Information in Consumer Goods with Mutual Funds Investment
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3.1. Purchase Behavior in Consumer Goods and Consumer Traits

Researchers have spent more than four decades studying whether the preference that users

demonstrate from their purchase decision is stable across different product categories. In

other words, is the preference in the purchase decision a consumer-specified trait? Litera-

ture in marketing (Blattberg et al. 1978, Ainslie and Rossi 1998, Inseong and Chintagunta

2007, Bell et al. 1999) shows that users’ sensitivities to marketing mix variables such as

price, advertising, and feature are stable across different categories. Hansen et al. (2006)

indicates a significant correlation in households’ preference for store brands. Singh et al.

(2006) find that users’ preferences for product attributes such as brand names and pack

sizes are consistent across different product categories. Erdem et al. (2002) suggest that

customers’ sensitivities to loss and gain appear to be general shopping traits and are cor-

related across categories. These studies support the idea that certain unobservable house-

hold characteristics or “traits” influence purchase decisions regardless of product category

(Ainslie and Rossi 1998, Singh et al. 2006, Hansen et al. 2006, Erdem et al. 2002).

Another stream of literature in psychology also provides evidence to support that traits

are significantly correlated with purchase behavior. Gladstone et al. (2019) applies ensemble

machine learning techniques to predict Big Five personality traits from transaction data.

Their findings suggest that digital records of spending can be used to predict personality

with modest and stable predictive accuracy. Matz et al. (2017) conducted field experiments

with psychologically tailored advertising to reach millions of individuals. They find that

the application of psychological targeting could significantly alter purchase behavior.

Besides purchase decision, literature also shows that traits can also be inferred from

search processes such as variety seeking (Sharma et al. 2010), patterns of behavior collected

with smartphones (Stachl et al. 2020), e.g., day- and night-time activity, and the preference

over mobile vs. computer usage (Butt and Phillips 2008). All these pieces of the literature

suggest that traits are important factors determining users’ behavior in consumer goods,

and they can be inferred from users’ purchase and search history.

Accordingly, in our study, we generate features from users’ prior purchase decisions in

the consumer goods domain, such as the number of orders in different price levels, the

number of clicks by different brands. We also create features based on users’ search process,

such as search effort, search channel, search timing, and search variety via the clickstream

data. Details regarding the construction of these features are provided in Section 4.
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3.2. Trait and Investment Decision

Users’ traits have been found to influence investment decisions. Previous works (Durand

et al. 2008, 2013, Oehler et al. 2018) show that investment decisions of individual investors,

such as trading frequency and the way to seek information of the market, have a statistically

significant association with personality, e.g., Big Five personality. Nicholson et al. (2005)

suggests that personality profiles can be used to predict the propensity of risk-taking in the

financial market. On the other hand, traits such as risk aversion and impatience, which are

important factors driving investment decision, are also found to be related to users’ choices

in consumer goods. For example, users who are risk appetite are more likely to purchase

generic brands than national brands (Erdem and Swait 2004, Khan et al. 2013). Kahneman

and Tversky (1979) have established and developed the behavioral finance theory, in which

the investors’ characteristics are considered to be potentially strong predictors of invest-

ment decision. Pompian and Longo (2004) find different personal characteristics, such as

preference of investment type, choice of information channel, will cause striking differences

on individual investment decisions. Lan et al. (2017) study the predictability of investment

behavior based on investors’ personal characteristics of individual in China, and show that

the income level and profit seeking desire have the most significant predictability on all

types of investment behavior.

These results combined suggest that traits could influence both decisions of purchasing

consumer goods and financial products. In practice, traits can be inferred from the transac-

tion and search data in the category of consumer goods, and they could be used to predict

the decision-making in financial products such as mutual funds. The theoretical framework

we proposed in Figure 1 provides a rationale to support why the information extracted

from purchase and search behavior in consumer goods can predict the investment decision

in mutual funds, which also demonstrates that the prediction results we obtained from

different methodologies are not arbitrary but with the theory backup.

4. Data Description and Problem Formulation

In this section, we provide a detailed description of our data and extracted features.

4.1. Data Overview

We obtained data from one of the largest shopping platforms in China. For our study we

choose three categories of consumer goods, i.e. shampoo, toothpaste, and washer, which are
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the most representative categories covering both non-durable (shampoo and toothpaste)

and durable (washers) products. The dataset contains 10,000 randomly selected customers

who have searched for mutual funds from May to December 2016 and have viewed at least

one of shampoo, washer, and toothpaste on the same shopping platform from December

2014 to December 2016. The dataset includes the following information: 1) order history

in mutual funds and three consumer goods categories for each user with product ID and

time of order; 2) clickstream data in mutual funds and three consumer goods categories

for each user, where each click is represented by product ID, device used, and time of

click; 3) features of products in consumer goods including price and brand; 4) features of

mutual funds including daily, weekly, and monthly return, risk level, and fees; 5) users’

profile features, including education background, income level, risk averse level, and profit

seeking level.

To provide a better understanding of the data, we show the summary statistics in Table

1 1. Our first goal in this paper is to investigate whether knowledge from users’ shopping

and browsing behavior in the consumer goods domain can be transferred to the financial

products domain to improve the predictive accuracy of users’ purchases of mutual funds.

Table 1 Summary of Statistics from December 2014 to December 2016

Summary of Statistics Shampoo Toothpaste Washer Mutual Fund

Number of clicks per user

App & Web
Mean 44.26 32.33 55.07 162.82

Median 21.00 15.00 27.00 12.00

App
Mean 16.18 13.73 36.62 163.34

Median 7.00 6.00 12.00 12.00

Web
Mean 42.15 31.14 40.72 17.92

Median 18.00 14.00 19.00 4.00

Number of orders per user
Mean 4.26 4.86 1.43 18.40

Median 3.00 3.00 1.00 11.00

Conversion rate per pser
Mean 0.37 0.53 0.14 3.48

Median 0.15 0.23 0.05 1.00

Number of item 2,699 1,449 1,118 11,522

Number of item browsed / purchased

at least once
2,491 1,445 1,033 6,728

1 we remove 164 abnormal users which have one of the following conditions: 1) more than 5 clicks happen within one
second; 2) clicked more than 1.5 times interquartile range away from the median within 24 hours).
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4.2. Predictive Task: Purchase Intention Prediction

We first define the predictive task in our study: predicting users’ purchase intention. Specif-

ically, we aim to predict the number of orders a user will place within 24 hours of clicking a

mutual fund product. Purchase intention prediction plays an important role in e-commerce

to improve consumer experience and provide personalized recommendations (Esmeli et al.

2020, Schlosser et al. 2006). Such predictions, especially real-time predictions, enable plat-

forms to take actions accordingly to improve purchase conversion rates (Sakar et al. 2019,

Awad and Khalil 2012).

To solve this problem, we define two types of windows on mutual funds browsing data:

observation window and forecast window, which are consecutive two time frames. The

observation window covers a period of 7 days, going backward from a user’s click of a

mutual fund. A forecast window immediately follows an observation window and covers

24 hours period2. Each click, therefore, indicates the end of the observation window and

the beginning of the forecast window, and thus activates a real-time prediction. See Figure

2 below for the explanation of two types of time window sessions. The target variable is

defined as the number of orders placed within a forecast window.

Figure 2 An illustration of observation windows and forecast windows

Baseline Features Construction We construct three sets of features as baseline features

for the predictive models. The first set of features are mutual funds related features that

are extracted from the observation window. We constructed seven features via feature

engineering from the click stream data of mutual funds within the observation window.

These features are listed in Table 8 in the Appendix. Note that similar features could be

extracted for consumer goods, so we call them common features. We detail the theories

supporting the extracted feature in Section 5. The second set of features are exclusive to

2 We set the forecast window length to 24 hours after each click because more than 90% of orders were placed within
the next 24 hours after a click, i.e., the time between 90% of the purchases and the last clicks before the purchases
is less than 24 hours
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mutual funds, so we call them unique mutual funds features. This set includes number of

click from different risk levels, number of clicks based on monthly / annual / cumulative

return rate. Those features are extracted from the observation window. These features are

unique to mutual funds. The last set of features are from users’ profiles listed in Table 9.

These three sets of features are defined as baseline features for our predictive models. Note

that baseline features do not include consumer goods features from Table 8.

Baseline Performance For this target problem (prediction of the purchase intention), there

are a total of 219,542 clicks in this dataset, and therefore, 219,542 instances. We split the

219,542 instances by time: the first 80% for training, next 10% for validation, and the last

10% for testing. We apply a state-of-the-art machine learning model, deep learning, to

the data3. R2 is 53.68% evaluated on the test set. This performance is the benchmark for

comparison later in the paper.

Figure 3 Predicting mutual fund purchase intention using only baseline features.

5. Knowledge Transfer for Existing Users

We first investigate the existing-user scenario, where we have target users’ prior browsing

and purchase history of consumer goods. Our goal is to extract knowledge from the con-

sumer goods data, and concatenate the features with baseline features from Section 4.2

to evaluate whether the additional information from consumer goods domain can improve

the predictive performance. Therefore, the key problem for this approach is how to extract

knowledge from users’ browsing history of consumer goods. See Figure 4 for an illustration

of the knowledge transfer for existing users.

We test knowledge extraction via two approaches, a more manual approach utilizing

theory-based feature engineering and user representation learning via machine learning.

3 We also applied other machine learning models, such as random forest and SVM, but they did not perform as good
as deep learning techniques. In addition, since two other models we will propose in the paper are both DNN-based.
For better comparison, we will stick to DNN methods when comparing the predictivity of features
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Figure 4 Knowledge transfer for existing users via extracted features from consumer goods.

5.1. Knowledge Extraction: Theory-Based User Representation

As discussed in Section 3, we generate features which could infer users’ traits from their

search and purchase data. We first generate user features based on theories from the

literature. Below, we elaborate the theoretical support for our feature engineering.

5.1.1. Search Information The clickstream data records the details of customers’

search path. For each consumer, records include consumer ID, the item that the consumer

browsed, the time when the consumer browsed specific items, and the click channel (i.e.,

Mobile or Desktop). We describe how we extract search information to generate features

of search effort, search timing, search channel and search variety.

Search effort We generate the feature of search effort by calculating the total number of

clicks on the path to purchase. Previous literature (Tan and Tang 2013, Halder et al. 2010)

have shown that users’ personality influences the way they search information. Darley

(1999) demonstrates that the drivers of search effort, i.e., time spent on acquiring product

information, are different in terms of users’ levels of esteem and self-esteem. We use the

number of clicks to represent the effort that users spend on the search.

Search Channel The clickstream data in our study record users’ search behavior in two

different channels: mobile vs. desktop. We construct features by counting the number of

clicks in two channels separately during the search process. Previous works indicate that

users in mobile and desktop channels are different in terms of demographics, motivation,

and personality (Butt and Phillips 2008). Therefore, we use these two features to represent

users’ preferences over the channels.
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Search Timing Taking advantage of the time stamp in the clickstream data, we create

features of the number of clicks that users have in different periods. Specifically, we divide

one day into 4 time slots, i.e. 12 a.m - 6 a.m., 6 a.m. - 12 p.m., 12 p.m. - 6 p.m., 6 p.m.

- 12 a.m, and count the number of clicks in each time slot. Stachl et al. (2020) show that

users who are active in day time have distinctive personalities comparing with those who

are active in the nighttime. We construct the features in terms of search timing as a proxy

of users’ active time.

Search Variety Our clickstream data observes the brand of the product in each click.

We generate features of the number of clicks by different brands during the search pro-

cess. Many studies in marketing and psychology have suggested that personality is an

important determiner of users’ variety seeking behavior. Sharma et al. (2010) conclude

the findings from a survey that optimum stimulation level and self-monitoring level are

strongly associated with variety-seeking motivation. Fernandes and Mandel (2014) explore

the relationship between political ideology and variety seeking and demonstrate that con-

servatism is positively related to variety seeking. Thus, we generate features to represent

the level of variety seeking.

5.1.2. Transaction information Our order data includes order time, item brand, and

item price. In the following, we describe how we extract transaction information to generate

features of frequency of historical orders and distribution of purchase price.

Consumer Loyalty We generate the feature of frequency of historical orders by counting the

number of orders for each customer during the observation window. This feature represents

how often users use the platform and their loyalty to the platform.

Purchasing Power To construct the features in terms of the purchase price, we create a

categorical measure based on the quantiles of product transaction price in a given product

category. We then count the number of orders with the product price in different lev-

els. Previous literature show that purchase power is associated with income, education,

socioeconomic status, etc., (Winkleby et al. 1992), which in turn have been shown to be

correlated with users’ traits (Judge et al. 1999, Bucciol et al. 2015, Andrei et al. 2015). In

this study, we count the number of orders with the purchase price in different levels and

use these features to represent the level of purchase power for each consumer.

We keep the feature construction in a simple way and it does not involve any item-level

or product-level information, which would allow us to generalize similar construction to



18

other product categories. Table 8 (column Consumer Goods) in the Appendix lists features

constructed for each of the three non-financial products 4, which include common features

that can also be constructed for consumer goods and unique consumer goods features.

Features in the columns Consumer Goods will later be combined with baseline features to

examine whether such information improves the predictive accuracy.

5.2. Knowledge Extraction: Machine Learned User Representation

The second approach constructs user representations via machine learning that utilizes the

representation learning and embedding techniques to obtain latent vectors for each user

from their browsing history. The idea is to view users as different sets of products they have

viewed and then learn a representation for each user by trying to reconstruct their sets of

products, following the core idea in representation learning. However, there exists over five

thousands unique products that users have clicked, which will lead to inefficient feature

representation and curse of dimensions if simply using one-hot encoding to represent the

products. Thus, we first apply an embedding technique to obtain a shorter and denser

vector representation for items and then use representation learning to learn a latent vector

for each user from the set of items s/he has browsed.

Product Embedding via Item2Vec The first step is to learn a vector q to represent a product,

each represented by a SKU. We apply the item2vec technique (Oren and Noam 2016)

which exploits the co-occurrence of products in users’ click streams. This is similar to word

embedding (Mikolov et al. 2013), which utilizes the co-occurrences of words in a moving

window to learn a vector to represent each word. Here we embed the item SKU. We define

a moving window of 30 minutes and only examine products of the same category when

applying the embedding model. Thus, toothpaste, shampoo, and washers are embedded

into different feature spaces, which is intended since across products the features are not

comparable. The item2vec method will return an embedded vector q
(i)
k,j for each item, where

i is the user index, product k is the product category (shampoo, toothpaste or washer)

and j is the item index.

User Representation Learning Let U represent the set of users from data. User i is denoted

as u(i) ∈ U , which is a one-hot encoding representation with zero everywhere except the

i−the element being one. Since there are a total of 10,000 users, u(i) is a vector of length

4 Note that the four products’ features do not completely align.
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10,000. Let C(i) represent the three categories of products that user i has purchased and

C(i) ⊂ {1,2,3}. C(i) is different across users. Let Z
(i)
k represent the set of items of in category

k user i has clicked.

Our goal is to learn a denser and much shorter embedding vector û(i) for each user

u(i). Each user has browsed or purchased multiple categories of products. We use three

transformation matrices Wk to predict from a user embedding û(i) to his corresponding

products of type C(i). This design can be generalized to more products in a real setting.

û(i) = V u(i) (1)

q̂
(i)
k =Wkû

(i),∀k ∈ {1,2,3} (2)

V is an embedding layer that maps each one-hot-encoded vector to the corresponding

embedded representation. Wk represents the projection from a user to his clicked products

of category k. We set the length of ûi to be 10, after experimenting with sizes from 2 to

15.

To learn the embedding, we use standard reconstruction error (Ng et al. 2011), repre-

sented by the difference between the true true vector q
(i)
k,j and the reconstructed vector q̂

(i)
k .

The design of the objective is motivated by representation learning that a good embedding

vector should be able to predict the product a user will click. The loss function is defined

as the following:

min
∑

u(i)∈U

∑
k∈C(i)

∑
j∈{1,··· ,|Z(i)

k |}

(q̂
(i)
k − q

(i)
k,j)

2 (3)

Here, q
(i)
k,j is the true features of an item, indexed by j, for a product k and q̂

(i)
k is the

corresponding reconstructed feature vector for q
(i)
k,j.

The benefit of this approach is that the embedding representation is fully data-driven

and optimized on click stream data, which is different from feature engineering with the

help of human knowledge for feature extraction.

5.3. Predictive Performance Evaluation

In this section, we evaluate the two transfer approaches and compare their performance

with the baseline from Section 4.2. We partition the data by users’ clicks by time: the first

80% of users’ clicks are used for training, next 10% for validation, and the remaining 10%

for testing. We do that for each user separately to make sure all users appear in training,
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Table 2 Performance of Models Using User Representations Extracted from Consumer

Goods in the Existing-User Scenario

Features
Theory-Based Machine Learned

R2 Lift R2 Lift

Baseline + Shampoo 60.25% 6.57% 62.30% 8.68%

Baseline + Toothpaste 59.47% 5.79% 63.09% 9.41%

Baseline + Washer 60.32% 6.64% 63.53% 9.85%

Baseline + All Consumer Goods 62.65% 8.97% 66.09% 12.41%

Note: Baseline Performance is 53.68%.

validation, and test sets. For both user representation approaches discussed previously, we

implement four models, using data from shampoo, toothpaste, and washer, separately and

combined. Each user representation is then concatenated with the baseline features and

fed into a fully connected neural network. We use the validation set to tune the number

of layers and number of nodes. We then report the performance on the test set in Table 2,

which includes the R2 and lift, where the lift is the improvement in R2 compared to the

baseline performance of 53.68%.

Results show that users’ information extracted from consumer goods via both methods

significantly improved the prediction performance in the mutual funds domain. Meanwhile,

using information from more consumer goods achieves bigger improvements. The theory-

based feature engineering approach is able to improve the performance to up to 8.97% by

using information from all three consumer goods. User representations learned via machine

learning can achieve up to 66.09% in R2, an 12.41% improvement from the baseline.

Both methods extract features from consumer goods that characterize users’ product

preferences or traits. The main difference between theory-based and machine learning

approaches is the way for extracting features. Theory-based manual feature engineering

relies on human intuition and theory from the literature while machine learned user rep-

resentation is completely data-driven, relying on state-of-the-art deep learning techniques,

which turns out to be more powerful in learning latent traits of users.
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6. Knowledge Transfer for New Users

The methods above only apply to existing users, since they need to learn a user represen-

tation for the target users from a source domain. For new users, however, such information

does not exist as they have no prior activities in existing domains. Therefore, in this sec-

tion, we propose a new solution that transfers the conversion funnel from consumer goods

to financial products. Conversion funnel describes the journey a consumer takes through

search system and finally converting to a sale. Literature (De Haan et al. 2016) shows

that users’ behavior within the conversion funnel such as the response to advertisement

exhibit consistency across product categories. We hypothesize that conversion funnel in

consumer goods shares similarities with that in financial products, i.e., the mapping from

the browsing behavior (input) to orders (output) for toothpaste is similar to the input-

output mapping for mutual funds across users. See Figure 5 for an illustration of our idea.

With this conjecture, we expect such mapping learned in consumer goods could improve

the prediction performance of purchases of mutual funds.

Figure 5 Knowledge transfer via Conversion Funnel.

6.1. Conversion Funnel Transfer

To formally test our conjecture, we first develop the model of how to learn the conversion

funnel. We first discuss how to transfer the conversion funnel (i.e., mapping) for single

product categories and then discuss how we can aggregate the mappings across multiple

products.
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Conversion Funnel Transfer from a Single Product Category First, we build a neural network

to predict the number of orders of product k (k = 1,2,3 represent toothpaste, shampoo,

and washer, respectively) following the same baseline framework described in Section 4.2,

to align with our focal tasks of predicting the number of orders of mutual funds. This

time, the observation window, forecast window as well as the target variable are defined on

product k. To make the features align across products, we only use the common features

listed in Table 8, such that for all the four types of products, the features involved in this

method have the same dimension and meaning, which makes a transfer possible later. We

then train a three-layer fully connected neural network fk on the training data of product

k and fk(·) := Ψ3
k(Ψ

2
k(Ψ

1
k(·))). Given x

(i)
k , the input features for type k product, the output

is expressed as

ẑ
(i)
k = Ψ3

k(Ψ
2
k(Ψ

1
k(x

(i)
k )). (4)

ẑ
(i)
k is the predicted number of orders of type k product for user i in the forecast window.

Ψh
k at layer h is Relu with dropout rate of 10%: Ψh

k(x
(i)
k ) = ReLu(wh

kDropout(x
(i)
k ) + bhk).

We save the first two hidden layers, which will be transferred into mutual funds prediction

model later. Please see Figure 6 for mutual funds prediction process from pre-trained model

to individual product.

Figure 6 Conversion Behavior Transfer

After obtaining the model fk, we train the model fu on the mutual funds baseline

features. fu has the same architecture as fk and the first two layers are directly copied
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from fk and set non-trainable. The remaining layer continues to train on the mutual funds

data. In case of any under-fitting problems, one can add additional trainable layers.

ŷ(i)
m = Ψm(Ψ2

k(Ψ
1
k(x

(i)
m )). (5)

Here, coefficients w1
k,w

2
k, b

1
k, b

2
k in layers Ψ1

k,Ψ
2
k are copied from models (4). x

(i)
m represents

feature that align with x
(i)
k but extracted from the browsing history for mutual funds.

Then the model is trained by minimizing the MSE loss between ŷm and y. The layer

transformation Ψ2
k(Ψ

1
k(·)) is part of the conversion funnel that is transferred across product

domains.

Transfer via Conversion Behavior from All Product Categories Additionally, we propose a

model, fu,all that can utilize multiple products by concatenating the output of the second

layer of fk and feed it to a third layer.

r
(i)
k = Ψ2

k(Ψ
1
k(x

(i)
m ),∀k ∈ {1,2,3} (6)

ŷ
(i)
m,all = Ψmf, all([r

(i)
1 , r

(i)
2 , r

(i)
3 ]) (7)

Ψmf, all is a layer that needs to be learned.

Conversion behavior transfer does not need to obtain a target user’s prior shopping

record, which is required for the user representation learning methods in the previous

section. The users’ conversion behavior will be captured and derived from other users’

shopping records in the source domain, which are only required in the training stage for pre-

trained model on individual product (i.e. shampoo, toothpaste, and washer). The learned

conversion behavior is stored in weights from pre-trained model and will be transferred and

aggregated later for predicting new users’ purchase decision in mutual funds. In testing,

the input is only the features related to mutual funds (x
(i)
m represents the seven common

features from Table 8) and no information from consumer goods domain is needed, so the

model works for new users.

6.2. Predictive Performance Evaluation

We evaluate the performance of conversion behavior transfer on new users. We partition

the data by users, instead of by transactions in the previous experiments. 80% of users are

used for training, 10% of users are used for validation, and the remaining 10% of users are

used for testing. These three sets are mutually exclusive because we need to ensure that
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Table 3 Performance of Conversion Behavior Transfer on New Users

Features
Conversion Behavior Transfer

R2 Lift

Baseline + Shampoo 39.34% 8.38%

Baseline + Toothpaste 38.88% 7.92%

Baseline + Washer 40.48% 9.52%

Baseline + All Consumer Goods 45.46% 14.50%

Note: Baseline Performance is 30.96%.

users selected for testing data are indeed “new users”. In addition, the consumer goods

data only participate in training and no such information is used for testing, to mimic the

real-world scenario where new users do not have prior information in existing domains.

We first re-train the baseline model and report the performance in Table 3. Note that

the performance drops to 30.96% compared to 53.68% from Table 2. This is because the

predictive problem now becomes even more challenging since the model is trained on one

group of users while making predictions to a totally different set of users. On the other

hand, it is also more interesting to verify whether a machine learning guided “transfer”

could work.

We build four models, three of them using one category of consumer goods, respectively,

and the fourth one using all consumer goods. The experimental results evaluated on the test

set are listed in Table 3. Results show that transferring the conversion funnel in consumer

goods to mutual funds can significantly improve the predictive performance. Specifically,

using the conversion funnels learned from all three categories of consumer goods achieves

the largest improvement, 14.5% in R2. These findings evidence the effectiveness of using

transfer learning for addressing the cold start problem of new user scenario. Results also

imply that the conversion funnel between the two domains bear some similarities, even if

the two domains are entirely different from each other.

7. Heterogeneity Analysis

We study the effect of knowledge transfer on users with different features. Then we compare

users’ information learned from consumer goods with self-reported user profile features in

terms of predictivity.
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7.1. User Heterogeneity

We have shown so far that the information in consumer goods categories can improve

the prediction performance of users’ purchases of mutual funds. In this section, we aim

to investigate how such performance lift varies across users with different characteristics.

Specifically, we consider in four features in users’ profile: education, income, and their

investment preferences including profit goal and risk preference. Table 10 in the Appendix

shows the description of these features. We examine the user heterogeneity only for the

existing-user scenario since the prediction model in new-user scenario is not based on the

same users.

We first apply clustering to partition users into groups with similar characteristics. Since

the features are categorical, we use K-mode clustering (Chaturvedi et al. 2001) and use

the elbow method to find the number of clusters to be two. The first group mainly consists

of users that are well-educated with stable high income, more risk aggressive, and good

at controlling family spending budget, which is defined as high socioeconomic group. The

second cluster consists of users that are less educated, with no stable or less income, more

risk averse, and usually spending over the family budget. It is defined as low socioeconomic

group. The summary statistics of the features in the two groups are included in Table 10

in the Appendix. The description of the clusters is shown in Table 4. The characteristics

of the two groups are consistent with the classic definitions of low and high socioeconomic

groups from the literature (Vyas and Kumaranayake 2006).

Table 4 K-modes Clustering on Users’ Socioeconomic statuses and Risk Preferences

Clustering Group Size Description

High Socioeconomic Group 26.7% higher income, better educated, seeking more profit, higher risk tolerance

Low Socioeconomic Group 73.3% lower income, under educated, seeking asset preservation, lower risk tolerance

We first re-evaluate the baseline performance for each cluster. Note that the baseline

model is the same as the one in Table 2 and we re-computed the R2 for each cluster. Results

show that the baseline model performance in the low socioeconomic group is much higher

than that in the high socioeconomic group, i.e., 45.23% vs. 18.72% in R2.

We then re-evaluate the method using machine learned user representations for each clus-

ter. The performance is reported in Table 5. Results show that the model for users of high
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socioeconomic group can achieve 20.11% performance lift with machine learned user repre-

sentation, while the model for users of low socioeconomic group gain a 12.54% performance

increase. Thus, the performance gap between the two clusters is reduced from approxi-

mately 26% to 18% after including machine learned user representations. One potential

reason for the performance difference in two clustered groups is users’ behavior heterogene-

ity. Users in high socioeconomic group tend to have more options when making investment

decision due to their stronger economic capabilities, while the low socioeconomic group is

more constrained. Therefore, the model performance for users in the low socioeconomic

group is generally much higher than users in the high socioeconomic group, as behaviors

of low socioeconomic group are more homogeneous and predictable. We also observe that

information extracted from consumer goods can improve the model performance more for

users in the high socioeconomic group. Since behaviors of high socioeconomic users are

more heterogeneous, user profile features are insufficient of characterizing their behavior

for investment decisions. Our findings suggest that information extracted from users’ activ-

ities in consumer goods categories can potentially capture users’ traits better than using

user profile features.

Table 5 Performance(R2) on clustered group

Clustering Group Baseline
Machine Learned

User Representation
Lift

High socioeconomic Group 18.72% 38.83% 20.11%

Low socioeconomic Group 45.23% 57.77% 12.54%

7.2. Which Information is More Valuable? - Consumer Goods versus User Profile

Financial institutes used to rely heavily on self-reported user profile to make prediction of

users’ investment decision. The user profile describes users’ characteristics including infor-

mation of education, income, and investment preference. Our analyses above, on the other

hand, have demonstrated that the knowledge extracted from users’ behavior in consumer

goods categories can also characterize users’ traits, and significantly improve the perfor-

mance of predicting users’ purchases of mutual funds. In this section, we examine which
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set of information is more valuable in predicting mutual funds purchases, self-reported user

profile or user traits learned from their shopping activities in consumer goods.

To answer the question above, we evaluate two sets of features. The first one is the

baseline features described in Section 4, which include mutual funds related features and

user profiles. The other feature set includes mutual fund related features and machine

learned user representation obtained from three consumer goods categories. We build fully

connected neural network models with these two different sets of features respectively and

report the performance in the first Column in Table 6. Results show that the model with

user representation learned from consumer goods have statistically higher prediction per-

formance than the one with user profile features. We then examine the model performance

in different user groups similar to subsection 7.1. The second and third Columns in Table 6

show the model performance with the different sets of features for users in the low socioe-

conomic group and the high socioeconomic group, respectively. Results demonstrate that

user representations learned from consumer goods can achieve better model performance

in both groups. It implies that user behavior can better signal users’ purchase intention

than fixed user profile features.

Table 6 Performance (R2) of Models Using Different Information

User Group All Users
Low Socioeconomic

Group

High Socioeconomic

Group

Mutual Funds + User Profile 53.68% 42.79% 11.38%

Mutual Funds + All Consumer Goods 62.65% 54.98% 34.75%

8. Discussion and Robustness Check

This study demonstrates the value of knowledge about users learned from consumer goods

to predictions in the financial products domain. Using proposed machine learning meth-

ods, we are able to achieve performance lift using information extracted from users’ prior

activities associated with consumer goods to predict their purchases of mutual funds. The

rationale for such performance lift is supported by literature on consumer behavior and

psychology. Below we first reflect on why the proposed methods are viable in our context

and then perform a robustness check where we reformulate the prediction problem to a

classification problem.
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8.1. Reflection on Why Representation Learning and Transfer Learning Work

Our use of machine learning techniques is based on the close connections between how

the algorithms work and the theoretical foundations on the relations between user behav-

iors across different products. The critical components in our solutions are representation

learning in the existing-user scenario and transfer learning in the new-user scenario. We

discuss their connections to the theoretical foundations.

The theoretical framework in Section 3 suggests that consumers’ behavior is a result of

their internal traits, which influence their shopping behavior in different product domains,

including consumer goods and financial products. Therefore, an important step in the

existing-user scenario is to obtain a representation of traits for each user from the consumer

goods domain, such that this information can be used in the financial products domain.

Traits can be represented by demographic features such as gender, age, etc, or manually

constructed features with actual meanings, such as search effort, search depth, etc, based

on related theories. The latter is adopted by our theory-based approach in the existing-user

scenario. In addition, traits could also be reflected by latent representations learned from

users’ browsing activities. The fundamental idea in the machine learning approach is to

view each user as represented by the items they have clicked. Then, the learning objective

for the representation learning is to reconstruct the viewed items for each user to obtain a

concise vector representation. One can think of representation learning in this context as

a method to obtain a vectorized representation for a user from the original set of clicked

items. Unlike feature engineering that directly constructs features, vectors obtained via

representation learning are completely data-driven for maximally preserving users’ clicks

information in the original data. In summary, for the existing-user scenario, users’ traits

are learned via representation learning and transferred.

While representation learning is used based on the assumption that users’ traits are

reflected by clicks, our second approach for the new-user scenario, conversion funnel

transfer, is developed based on the similarity of conversion behavior in different product

domains. The conversion funnel can be effectively represented as the mapping from the

browsing history to the purchases, which can be represented by a model processing the

input (browsing history) to get a prediction (purchases). Therefore, when there is a sim-

ilarity in the mapping (conversion funnel), as proved by the literature (De Haan et al.

2016) on some product categories, one can re-use the model to obtain a prediction from the
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input in a different product domain. This process resembles the idea of transfer learning,

which takes an existing model and continues training with new data. In other words, in

the new-user scenario, users’ conversion behavior is transferred.

In conclusion, the two machine learning techniques bear a remarkable resemblance to

theories from prior literature on consumer behavior and psychology.

8.2. Robustness Check

In order to further validate the conclusions so far, we perform a robustness check by

redefining our predictive task from regression to classification. Instead of predicting the

number of orders, the target variable becomes a binary variable, i.e. whether the user

will place orders for the mutual funds within the forecast window. We implement the

same three approaches with 5 feature combinations (including baseline features). Since

the data is unbalanced with about 21% positive predictions, we use AUC to measure the

classification performance and quantify the value of information from different products.

See Table 7. According to the results, we observe consistent performance lifts in AUC from

the classification outcomes in comparison to our previous regression task. This means,

regardless of the predictive task formulation, transferring knowledge from consumer goods

domain to the mutual funds domain is beneficial to users’ purchase intention prediction

and our methods remain effective.

Table 7 Performance (AUC) of Classification Models Using Different Transfer Approaches

Features

Existing User New User

Theory Based

User Representation

Machine Learned

User Representation

Conversion Behavior

Transfer

AUC Lift AUC Lift AUC Lift

Baseline + Shampoo 0.715 0.014 0.769 0.068 0.612 0.089

Baseline + Toothpaste 0.711 0.010 0.780 0.079 0.614 0.091

Baseline + Washer 0.714 0.013 0.752 0.051 0.606 0.083

Baseline + All Consumer Goods 0.743 0.042 0.806 0.105 0.641 0.118

Note: Baseline Performance is 0.701 for existing user and 0.523 for new user

9. Conclusion

This study demonstrates the value of exploiting knowledge learned from the consumer

goods domain to benefit customer purchase behavior predictions in a new financial product

domain. The machine learning solutions are effective in both existing-user and new-user
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scenarios. The value of the “transferred” information has also been further explored for

users with different socioeconomic statuses and risk preferences. In addition, this knowledge

learned from users’ behaviors in the consumer goods domain has also proved to be more

predictive than users’ profile features.

9.1. Theoretical and Method Contribution

The literature in finance used to study individual investors’ behavior from the angles of

individual characteristics such as gender and age (Cronqvist et al. 2011, Sicherman et al.

2016, Cronqvist and Siegel 2010), culture (Grinblatt and Keloharju 2001) and historical

investment behavior (Malmendier 2021, Barnea et al. 2010). The previous research on

purchase intention prediction for mutual funds and modeling is limited because investment

decisions depend on several external factors, such as psychological and emotional activities

(Boda 2018), which are typically immeasurable. The existing literature is also limited

regarding whether and how users’ behavior on consumer goods can be powerful predictors

for their purchases forecasting, while our study fills up this research gap. Our paper provides

a new aspect in understanding and predicting investors’ behavior. Our findings suggest

that mutual funds purchase decisions can be traced from the purchase and search behavior

in the consumer goods domain. This paper is seeking to open a new research subject where

scholars could better understand investors’ behavior from their activities in other areas

such as consumer goods purchase, patterns of leisure time spending, etc.

Our study also contributes to the literature on cross domain predictions in two aspects.

First, we show that using machine learning techniques can effectively transfer knowledge

from two seemingly unrelated product domains. While there has been extensive research

on cross-domain recommendations, they have mainly been investigating relevant domains

where they can take advantage of content-relevance or item-relevance. Our paper studies

the transfer between consumer goods and financial products, for the first time, where there

are no above relevance, and we prove that the transfer is still possible and beneficial.

Second, while most existing cross-domain recommender systems transfer users’ product

preferences or traits from the source domain, our solution to the new-user scenario proposes

to transfer users’ behavior (conversion funnels in our context) from the source domain.

Our solution is inspired by existing literature that the conversion funnel is similar on some

product categories. We extend it to a broader context, product domains. The success of

the transfer may open up interesting research opportunities for studying the similarity in

users’ browsing, searching, and shopping behavior across different product domains.
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9.2. Managerial Implication

This study has several implications for research on data valuation and product expansion.

First, user behavior data can achieve larger lifts than user profiles (e.g., age, gender,

etc.) in predicting their purchases of mutual funds. Our study suggests that the financial

industry can become more accurate in predicting users’ decisions with the help of the

information in non-financial areas, such as their transaction history in consumer goods.

In addition, the findings from our heterogeneity analyses indicate that high income and

well-educated clients tend to have higher personalized service improvement with such infor-

mation. Our findings bring valuable insights to the financial industry, especially for those

subsidiary financial companies (e.g., Ant Group, JD Digits) established from their parent

e-commerce companies (e.g., Alibaba, JD.com). There is a huge privilege for these compa-

nies that plan to expand a new financial product because they can make significant use of

users’ prior shopping information on existing categories of products.

Second, in addition to proving the value of data, our paper also proves the value of meth-

ods. The better performance of machine learned representations suggests that advanced

machine learning methods are better solutions for learning and exploiting useful informa-

tion from data than theory-based manual feature engineering. As e-commerce platforms

are gathering user data with an increasing volume and complexity, it is critical for the

platforms to adopt appropriate and power machine learning approaches for extracting

information from these data.

Finally, our findings can be generalized beyond the financial industry. Many e-commerce

companies are trying to expand their product domains in recent years. For example, Ama-

zon has introduced Amazon Pharmacy in 2020 to help customers conveniently purchase

their prescription medications (Amazon 2020). Taobao, the largest e-commerce platform in

Asia, has established Feizhu Travel that focuses on consumer and business travel products.

They face the common challenge at the early stage of their launch, of not having enough

data in the new domain to enable reliable predictions of users’ purchase decisions. Thus,

these e-commerce platforms would not be able to provide a series of online services such as

personalized advertisement, etc. Our study makes a simple yet effective proposal of using

users’ shopping data from existing domains on newly expanded product domain and our

proposed methods are generalizable to different product domains since, unlike many other

cross-domain recommender systems, our methods do not require detailed item or content

information.
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Table 8 Features Extracted from activities associated with product X, where X can represent Mutual Fund,

Shampoo, Toothpaste, or Washer.

Extracted Features
Mutual

Funds

Consumer

Goods
Description Type

X NUNIQ 4 4 Number of unique item IDs clicked

Common Features

X WEB 4 4 Total number of clicks from the Desktop site

X APP 4 4 Total number of clicks from the Mobile Site

X 0-6 4 4 Number of clicks between the time range 0:00 to 6:00

X 6-12 4 4 Number of clicks between the time range 6:00 to 12:00

X 12-18 4 4 Number of clicks between the time range 12:00 to 18:00

X 18-24 4 4 Number of clicks between the time range 18:00 to 24:00

X Risk Level 4 Number of order in risk level Z* (Z = 1, 2, 3, 4, 5)

Unique

Mutual Funds

Features

X AReturn less00 4 Number of order with average annual return rate less than 0

X AReturn less05 4 Number of order with average annual return rate within [0, 0.5)

X AReturn less10 4 Number of order with average annual return rate within [0.5, 1)

X AReturn less50 4 Number of order with average annual return rate within [1, 5)

X CReturn less00 4 Number of order with average cumulative return rate less than 0

X CReturn less50 4 Number of order with average cumulative return rate within [0,5)

X CReturn less100 4 Number of order with average cumulative return rate within [5,10)

X CReturn other 4 Number of order with average cumulative return rate over 10

X MReturn less00 4 Number of order with average cumulative return rate less than 0

X MReturn less10 4 Number of order with average cumulative return rate within [0,1)

X MReturn greater10 4 Number of order with average cumulative return rate over 1

X PR LEV Z 4 The number of orders in price level Z* (Z = 1, 2, 3, 4, 5)
Unique Consumer

Goods Features
X NUNIQ BRAND 4 The number of unique clicks by brand ID

X PR ORDER 4 The number of historical order

(*Note: We discretize the prices by 20% percentile)

Table 9 Users Profile Features

User Profiles Descriptions

Education Education Degree (i.e., High School, Community College, Bachelor, Master or higher)

Profit Seeking Prefer asset preservation / Substantial growth in assets

Risk Tolerance No risk taking at all / Willing to take risk

Income Income level (e.g., high income, stable income)

Table 10 Percentage of users corresponding with each feature in two clustered group

Feature
Low Socioeconomic

Group

High Socioeconomic

Group

Education

High School or Lower 91% 8%

Community College 3% 20%

Bachelor 2% 55%

Master or PhD 2% 15%

Profit Seeking

Appetite

Seek more profits 0.07% 77%

Secure principles 5% 16%

Asset Preservation 93% 0

Substantial growth in assets 0.8% 6%

Risk Appetite

Willing to take some risks 0.07% 77%

No care about low rate of return 5% 16%

Do not want to take any risk 93% 0

Willing to take huge risk 0.8% 6%

Income

Stable income, Family income and expenditure are

basically balanced, Have short-term debt
4% 29%

High income, Family income greater than expenditure,

No large debt
2% 37%

No stable income, borrowing from relatives 88% 0.3%

Stable income, Family income and expenditure

are balanced, Have long-term debt
3% 27%

Stable income, Family income greater than expenditure,

Have economic burden
1% 5%


