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Abstract: The number of investors holding risky assets in Japan is much lower than that in western countries even
though it is an effective way for building investor assets. Although Japanese investment companies offer a service to
invest in points through coalition loyalty programs instead of actual currency to address this situation, the problem still
persists. One reason for this is that novice investors do not know in which stocks to invest. One possible solution is
recommending stocks; however, we still face the cold-start problem because there is no transaction history for novice
investors. In this study, we propose a novel content-based recommendation approach that utilizes touchpoint informa-
tion, e.g., payment and app usage data, on smartphones in daily life. This approach employs user-weighted recency,
frequency, and monetary, called UW-RFM and a complementary module to comply with Japanese guidelines that pro-
hibit presenting only a small number of companies and establishing a minimum number of companies to be presented.
We conduct an online evaluation to validate the effectiveness of the proposed approach in an actual investment service.
The evaluation results show that the proposed approach motivates users to invest more, i.e., 0.352 more clicks on the
recommendation area and 3,016 points (yen), than the baseline method that does not consider touchpoint information.
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1. Introduction

In Japan, holding risky assets such as stocks and investment
trusts is much less common than in the United States and the euro
area [34]. According to a report by the Bank of Japan [34], risky
assets account for 13% of household financial assets in Japan,
which is lower than the 44.8% for investors in the United States
and 25.9% in the euro area.

Investing in risky assets can be an effective way for individual
investors to build their assets in the long run [7]. This is because
stock prices are thought to follow a random walk with positive
drift, and risky assets are thought to have a higher expected re-
turn rate than savings in long-term investments [7]. Japanese Fi-
nancial Authorities encourage Japanese people to use iDeco *1 ,*2,
which is a private-pension plan governed by the Defined Contri-
bution Pension Act, in order to generate long-term assets. Thus,
investing in risky assets can be an effective means of long-term
asset building for individual investors, although it does not always
guarantee the principal. On the other hand, it is important for in-
dividual investors to invest in the stocks of companies because it
leads to growth in the economy as a whole [15]. If individual in-
vestors increase their investment in stocks and the supply of funds
to corporations expands, this will lead to economic growth on the
whole [15].

Japanese companies provide investment services that allow
users to invest using reward points earned through coalition
loyalty programs (CLPs) to encourage them to hold risky as-
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sets [6] *3 ,*4 ,*5. According to a survey [32], 25.4% of corporate
employees would begin investing if there were a function that al-
lowed them to invest their pocket change or reward points. This
survey suggests that investment using reward points may urge in-
dividuals to invest. However, the survey also shows that 20.1%
of respondents opened accounts but did not trade because they
did not know which stocks to buy [32]. This survey indicates
that it is difficult for individual investors to select which stocks
to buy. Therefore, investors need support in terms of investment
participation and in selecting stocks. One possible solution is
recommending stocks. However, we still face the cold-start prob-
lem [1], [38] because there is no transaction history for them.

To address the cold-start problem, we focus on the fact that ex-
isting studies have shown that individual investors tend to invest
in stocks with which they are familiar [5], [14], [17], [24], [33].
Considering this characteristic, it is possible to promote user in-
vestment behavior by presenting companies with which they are
familiar. Although the existing studies [5], [14], [17], [24] have
analyzed this tendency using their transaction history, the effec-
tiveness for recommendation, especially for the cold-start prob-
lem, has not been revealed. In addition, Prast et al. [33] has
shown that presenting companies that appear in advertisements
in women magazines, which women are likely to be familiar with
through questionnaires, promotes the decision-making process of

*1 https://www.ideco-koushiki.jp/english/
*2 https://www.fsa.go.jp/singi/singi kinyu/market wg/siryou/20190412/02.

pdf
*3 https://froggy.smbcnikko.co.jp/promo/lp account/
*4 https://www.rakuten-sec.co.jp/web/lp/point investment/02/
*5 https://www.sbineomobile.co.jp/lp/point01/
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Fig. 1 Overview of content-based recommendation approach.

women. However, the degree of familiarity of users with com-
panies may differ from user to user, and the effectiveness of pre-
senting stocks based on the degree of familiarity of each user with
companies has not been clarified. We consider a novel approach
that identifies and presents user-familiar companies on their use
of those company products or services in their daily lives in order
to understand the degree of familiarity with companies that dif-
fers from user to user. Here, we define the companies that they
use in their daily lives as companies with a touchpoint (CTs). To
actualize the idea of presenting stocks based on their CTs, we
need to know those companies.

A simple method for understanding individual investor CTs is
to use a questionnaire survey; however, there are three challenges
facing these methods. First, the number of choices is excessively
large, and the response process is burdensome when users are
asked to select their CTs in a questionnaire survey. Since there
are approximately 4,000 companies listed on the Tokyo Stock Ex-
change, searching for CTs from the entire list of listed companies
is burdensome. This leads to users withdrawing from the sur-
vey. Second, the apparent dissociation between listed company
names and the brand names that users are familiar with usually
results in missing answers. For example, the company that oper-
ates the apparel brand UNIQLO is listed as FAST RETAILING
CO., LTD., and users maybe unaware of the correspondence be-
tween the listed company and the brand name product.

Moreover, when we present stocks to users through an invest-
ment service, we need to adhere to the “Guidelines Concerning
Advertising, etc.” [25]. According to these guidelines, in the case
of presenting stocks selected by the service on its website, the
service is required to avoid excessive sales of a small number of
stocks to an unspecified number of investors. This is because
the formation of fair prices may be impaired by large-scale pur-
chases of the presented stocks. Although there is no clear stan-
dard for the guideline, it is necessary to consider stock bias as
much as possible. We define this problem as the mass recommen-
dation sales problem. In addition, these guidelines state that ser-
vice providers of investment services should display five or more
stocks with the basis for selecting those stocks when displaying

them on their websites [25]. Therefore, we should generate N

(N ≥ 5) stocks with a recommender system for an investment
service based on the current guidelines in Japan. We define the
problem as a display problem.

In this study, we propose a novel content-based stock recom-
mendation approach that utilizes payment data and app usage data
obtained on users’ smartphones in daily life, which we define as
touchpoint information. Figure 1 shows an overview of the pro-
posed content-based recommendation approach. This approach
consists of two modules: user-weighted recency, frequency, and
monetary (UW-RFM) calculating the degree of investor familiar-
ity, which we define as the familiarity score, and a complementary
module that compensates for the lack of stocks for users who do
not have the predetermined number of stocks.

This approach deals with the above challenges in the following
manner. (1) This approach addresses the cold-start problem using
touchpoint information obtained from investors’ smartphones in
daily life. (2) Compared to a questionnaire, this approach does
not require investors to list explicitly the CTs because touchpoint
information is automatically accumulated in their daily lives.
(3) This approach enables the identification of listed companies
whose brand name products and listed companies are dissociated
and listed companies producing the products users use without
being aware. We achieve this identification by using a mapping
table that maps CTs to listed companies. This results in no omis-
sions because CTs are automatically estimated from touchpoint
information. (4) This approach enables expansion of the recom-
mendation set and considers reducing stock bias using multiple
input data. (5) Any user can secure a predetermined number of
stocks.

We evaluate the performance of the proposed approach using
real-world datasets collected from an investment service. We con-
duct an observational study using propensity score matching to
verify the effectiveness of the proposed approach. The results
show that the proposed approach promotes user investment be-
havior.

The contributions of the paper are given below.
• We propose a novel content-based stock recommendation
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approach that utilizes touchpoint information obtained from
users’ smartphones in daily life.

• We implement a novel stock recommender system employ-
ing UW-RFM and a complementary module in an invest-
ment service and we verify the effectiveness of the pro-
posed approach. Specifically, we conduct an observational
study using propensity score matching and find that the num-
ber of monthly clicks to the recommendation area increases
by 0.352 times and the number of monthly stock purchase
points increases by 3,016 with the collected data on the in-
vestment service.

2. Preliminaries

Our goal is to identify the top N companies that individual in-
vestors are more familiar with among the CTs from their smart-
phones. To generate company stock recommendations, we use
payment data, such as credit card and reward point data, and app
usage data from users’ smartphones. These types of data relate
to product purchases or services and app usage data, and enable
us to understand investor CTs. Here, we regard this problem as
identifying the top N companies for each user based on the famil-
iarity score using his/her touchpoint information and relevance
calculated using the touchpoint information of the other compa-
nies.

We formally define the problem below:
Definition 1 (Payment Data and App Usage Data) Each

payment data, pay, has user u, timestamp t, service s that is the
store where the user make a payment, settlement amount p, and
service provider c. Since service s represents a payment store,
if service s consists of two stores, such as a restaurant in a com-
mercial facility, two records are generated where u, t, s, and p

are the same and c is different. App usage data app consists
of user u, timestamp t, package name s representing the appli-
cation used, app usage time a, and application provider c. In
other words, these are represented as pay = (u, t, s, p, c) and
app = (u, t, s, a, c), respectively.

Definition 2 (Payment Sequence and App Usage Sequence)
We define payment sequence xpay as a series of payment data
pay arranged in ascending order in a time series, and app us-
age sequence xapp as a series of app usage data app arranged
in ascending order in a time series. In other words, these
are represented as xpay = {payt0 , payt1 , · · · , paytl } and xapp =

{appt0 , appt1 , · · · , apptm }, respectively.
Definition 3 (Problem Identifying the Top N Companies)

Given payment sequence xpay and app usage sequence xapp, the
goal is to identify the top N companies for each user based on
his/her familiarity score and relevance calculated using the other
sequences of xpay and xapp. Specifically, we aim to find a function
that calculates a score that expresses the familiarity score with
provider company c and generates N companies. If the number
of companies is less than N, we aim to find a function that calcu-
lates the relevance between user u and company c, and generates
N companies. This process allows us to identify the top N com-
panies for each user.

3. Proposed Approach

In this section, we describe the proposed content-based stock
recommendation approach in detail. This approach comprises
UW-RFM to deal with the mass recommendation sales problem
and a complementary module to deal with the display problem.
We describe UW-RFM in detail after we explain naive RFM and
explain the complementary module. Figure 2 shows a flowchart
for the stock recommender approach.

In this paper, we define each element of RFM as given here-
after. Recency (R) represents the value for the period from the
last usage date to the time R is calculated for the usage cycle of
the target company for each user. R is calculated as

R =
usage inteval

((total days + 1) − usage interval) / total usage num
(1)

where usage interval is the number of days from the last usage
date to a certain date, total days is the total number of days in
the aggregation period, and total usage num is the number of
times a user used the company during the aggregation period
(total usage num ≥ 1). User R for a company with no usage
at all is set to a large value. The lower the R value, the more
recently the user has used the target company. Frequency (F) rep-
resents the number of times the user used the company within a
certain period. F is calculated as

F = total usage num (2)

The higher the F value, the more often the user used the company
product or service. Monetary (M) represents the average payment
to the target company of each user within a certain period. M is
calculated as

M =
total amount

total usage num
(3)

where total amount is the usage amount of the user, which repre-
sents the usage amount in the case of payment data or the usage

Fig. 2 Flowchart for proposed stock recommendation approach.
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time in the case of app usage data. The higher the M value, the
more the user pays to the target company. For the app usage data,
we use the usage time, which we define as the average usage time
to the target company of each user within a certain period.

3.1 Naive RFM
RFM scoring is a standard scoring method that employs us-

age tendencies of users [9], [30]. The most common scoring
method is to sort users in descending order (best to worst) [30].
Specifically, this method divides users into q groups by order-
ing them in terms of the R, F, and M variables and assigns a
q − i + 1 (i = 1, 2, · · · , q) score to the user group with the
highest rank and a score of 1 to the user group with the lowest
rank [9], [30]. Thus, the familiarity score of each user with a
company in this method is calculated as

f amiliarity scoreu,c

=
∑

d∈D
(R scoreu,c,d + F scoreu,c,d + M scoreu,c,d) (4)

where f amiliarity scoreu,c is the familiarity score of user u with
company c, D is a set of data sources, d is each dataset such as
payment data and app usage data, R scoreu,c,d is the R property
score (1 ≤ R scoreu,c,d ≤ q), F scoreu,c,d is the F property score
(1 ≤ F scoreu,c,d ≤ q), and M scoreu,c,d is the M property score
(1 ≤ M scoreu,c,d ≤ q). Hereafter, we define this method as naive
RFM.

3.2 UW-RFM
If we adopt naive RFM for stock recommendation in this paper,

we still face the mass recommendation sales problem. Specif-
ically, if a company is used by many users and the familiarity
scores of most users with that company is high, the recommenda-
tion approach based on using naive RFM will include that com-
pany in the recommendation list of most users.

In addition, even if a user does not use a certain company, a
minimum score of one is assigned to the user score for that com-
pany. This may lead to the recommendation of stocks of compa-
nies that the user does not use at all.

In order to address the mass recommendation sales problem,
we propose UW-RFM, which assigns a higher score to compa-
nies with fewer users by utilizing the number of users per com-
pany. The basic idea behind UW-RFM is to consider the ratio
of users using the target company to the total number of users in
calculating R, F, and M values. This method assigns companies
with a small number of users a relatively higher score than that of
companies with many users. This assignment makes it easier for
companies with a small number of users to be selected as recom-
mendation candidates. In addition, we assign a score of zero to
the companies that users do not use at all.

Specifically, we perform scoring as indicated hereafter. First,
for each company, we assign a zero score to a company that users
do not use at all. Second, we sort the users based on Z (Z can be
one of R, F, or M). The users are sorted in ascending order of the
R value and in descending order of the F and M values. Third,
we divide users into q groups among all users except those with
no usage at all, which are referred to as corporate users. When

the ratio of corporate users to all users is rZ , we assign a score of
(q − i + 1)/rZ (i = 1, 2, · · · , q) to the users belonging to the i-th
group from the top group. We calculate the scores for each of R,
F, and M using the above procedure and then sum the calculated
scores for the three elements as the final score. After these pro-
cesses, the familiarity score of each user with a company in this
method is calculated as

f amiliarity scoreu,c

=
∑

d∈D
(R scoreu,c,d/rR + F scoreu,c,d/rF + M scoreu,c,d/rM)

(5)

As a result, by dividing by rZ , the companies with a small num-
ber of users are assigned relatively higher scores than those of the
companies of many users. This allows companies that are less fre-
quently used by all users to be added to the user recommendation
list, which mitigates the mass recommendation sales problem.

3.3 Complementary Module
If the number of companies generated using UW-RFM is less

than N, we use the complementary module to address the dis-
play problem. We utilize the following methods as the comple-
mentary module. We use association rule mining with an apriori

algorithm [3] to select companies with high relevance as recom-
mendations based on the user CTs. The process of generating
companies using association rule mining is described below [2].
Let C = {c1, c2, · · · , cm} be a set of companies, and D be a set of
transactions, where each transaction T is a set of companies for
each user such that T ⊆ C. An association rule is an implication
of the form X ⇒ Y , where X ⊂ C, Y ⊂ C and X ∩ Y = ∅. Given
a set of transactions D, we generate all association rules that are
greater than the user-specified minimum support referred to as
minsup and minimum confidence referred to as mincon f . Here,
minsup is the lower bound on the threshold for the fraction of
transactions in D that contains X ⇒ Y and mincon f is the lower
bound on the threshold for the fraction of transactions in D that
contains X also contains Y .

After we use association rule mining, we select companies to
recommend to the users whose number of companies is less than
N. We select companies using the two methods below depending
on the user attribute information. (1) We select companies with
the highest number of unique users based on whole users or gen-
der and age or region of residence, which we refer to as the most
popular recommendation. (2) We select companies with the high-
est rate of increase in the number of unique users based on whole
users or gender and age or region of residence, which we refer to
as the trend recommendation. The rate of increase in the number
of unique users for a company represents the difference between
the number of unique users at t and the number of unique users
at t − 1 divided by the number of unique users at t − 1. We use a
combination of these methods to generate stocks.

4. Experiments

In this section, we describe experiments using a real-world
dataset collected using an investment service to evaluate the ef-
fectiveness of the proposed UW-RFM. This service allows users
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Fig. 3 Example screen presented to user.

to invest small amounts of money using reward points. We imple-
mented the proposed approach as a recommender system, and we
conducted evaluation experiments from three perspectives: (1)
We evaluated whether the stocks generated using UW-RFM were
less biased toward a few specific stocks than the stocks generated
by the baseline naive RFM in order to evaluate whether the pro-
posed UW-RFM reduced the mass recommendation sales prob-
lem. (2) We evaluated whether or not the proposed UW-RFM
promoted user investments. (3) We evaluated how investment be-
havior changed when the number of a user’s own CTs that were
included in the recommendation list was changed.

4.1 Dataset
Figure 3 shows an example of the screen presented to the user.

We recorded the number of clicks on the service and the point
data used to purchase stocks in the service between August 21,
2020, and September 30, 2020.

We used cashless payment data and reward point data collected
between April 1, 2020, and June 30, 2020, and app usage data
collected from May 1, 2020, to July 31, 2020, as input for the
recommender system. Furthermore, we used a mapping table
made by hand that maps CTs to listed companies. As a result,
we secured 753 companies as candidates for the recommendation
system. These represented approximately one-fifth of the com-
panies listed on the Tokyo Stock Exchange. These data included
14,248 users, who agreed to use the data when they started using
the service.

4.2 Parameter Setting
We describe parameters for the stock recommender approach

implemented on the investment service. We set the number of
candidate stocks for each user, N, to 10 because we retained five
stocks to address the display problem even if there were com-
panies that have gone bankrupt or been delisted. When the user
views the investment service display screen as shown in Fig. 3,
or the user refreshes the screen, five randomly selected stocks are
presented from 10 stocks. In this setting, we used the same list of
candidate stocks for each user from August 21, 2020, to Septem-
ber 30, 2020.

We set parameters of the proposed approach as indicated here-
after. We divided users into five groups of 20 percentile for
each of R, F, and M in UW-RFM. That is q = 5. In the as-
sociation rule mining of the complementary module, the lengths

Table 1 Catalog coverage and Gini coefficient for evaluating stock bias.

Method Catalogue Coverage Gini Coefficient

Naive RFM 0.811 0.868
UW-RFM 0.862 0.772

of X and Y were one, minsup was 0.1, mincon f was 0.2. We
used the collected dataset to check the available attribute infor-
mation of users and found that there were two groups of users:
those who had all of the information on gender, age, and region
of residence and those who were missing all of the information
on gender, age, and region of residence. Thus, we generated 10
stocks to complement shortage and supplemented the user short-
age with the list of stocks in order from top to bottom according
to user attribute information. The following is a list of stocks for
the former user group: {cmost,ga, cmost,re, cmost,ga, cmost,re, ctrend,ga,

ctrend,re, cmost,ga, cmost,re, cmost,ga, cmost,re}. Here, cmost,ga is the stock
generated by the most popular recommendation by gender and
age, cmost,re is the stock generated by the most popular recom-
mendation by region of residence, ctrend,ga is the stock generated
by the trend recommendation by gender and age, and ctrend,re is
the stock generated by the trend recommendation by region of
residence. The following is a list of stocks for the latter user
group: {cmost,all, cmost,all, cmost,all, cmost,all, ctrend,all, ctrend,all, cmost,all,

cmost,all, cmost,all, cmost,all}. Here, cmost,all is the stock generated by
the most popular recommendation by all, and ctrend,all is the stock
generated by the trend recommendation by all.

4.3 Evaluation of Bias in Recommendations
We evaluated whether or not UW-RFM mitigated the mass rec-

ommendation sales problem with a real-world dataset collected
using an investment service. Specifically, we evaluated how many
stocks UW-RFM recommended out of all the stocks that were rec-
ommended from the data, and evaluated the bias in the frequency
of stocks presented to the entire user population.

We used catalog coverage [22] and the Gini coefficient [20] as
metrics in this evaluation. Catalog coverage is the percentage of
stocks that can be recommended to users out of all the stocks rec-
ommended from the data. The higher the catalog coverage value,
the more stocks can be recommended. The Gini coefficient is a
metric for distributional inequity and represents the bias in the
frequency of stocks presented to all users. The lower the Gini
coefficient value, the less biased the recommendation candidates
are among the stocks.

We compared our UW-RFM to naive RFM as a baseline
method. Naive RFM was performed in the following manner.
First, we divided users into five 20 percentile groups for R, F,
and M. Second, we assigned a score of 6 − i (i = 1, 2, · · · , 5) to
the users belonging to the i-th group from the top group. Third,
we calculated the scores for each of R, F, and M using the above
procedure and then sum the calculated scores of the three ele-
ments as the final score. We used a complementary module such
as association rule mining, the most popular recommendation,
and trend recommendation for UW-RFM and naive RFM because
there were users who did not have 10 CTs.

Table 1 gives the results of the catalog coverage and Gini coef-
ficient for evaluating stock bias. As shown in Table 1, UW-RFM
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Table 2 Catalogue coverage, and Gini coefficient for UW-RFM as q is var-
ied by 2, 5, 8.

q Catalogue Coverage Gini Coefficient

2 0.862 0.770
5 0.862 0.772
8 0.862 0.772

achieved 0.051 higher catalog coverage and 0.096 lower Gini co-
efficient than naive RFM. These results show that UW-RFM re-
duces the bias of stocks better than naive RFM and mitigates the
mass recommendation sales problem.

In order to validate that the recommendation lists do not change
significantly as q is varied, we checked recommendation lists for
a user when q was varied by 2, 5, and 8. As a result, all the
recommendation lists were the same. Therefore, we qualitatively
confirmed that the recommendation list for a user does not change
significantly as q is varied from a few examples.

To quantitatively confirm that if the recommendation lists
change significantly across all users, we calculated the catalogue
coverage and Gini coefficient for UW-RFM as q is varied. Ta-
ble 2 shows the catalogue coverage, and Gini coefficient for our
proposed approach as q is varied by 2, 5, 8. As shown in Ta-
ble 2, there is almost no change in the catalogue coverage, while
the Gini coefficient tends to increase as q increases but does not
change significantly. This result shows that the change in q does
not considerably change the recommendation list. Since the op-
timal q for promoting a user’s investment behavior was not clear,
we set q to five based on Miglautsch [30] in the subsequent ex-
periments.

4.4 Effect on User Investment Behavior
We evaluated whether or not presenting stocks of CTs inferred

from data on users’ smartphones promoted user investment be-
havior. In order to evaluate this effect, a Randomized Controlled
Trial (RCT) is desirable because it can remove selection bias
by randomly assigning users to a treatment group and control
group [18]. In this study, an RCT means randomly assigning
users of an investment service presented with stocks of CTs and
with stocks of randomly selected companies. However, the stocks
must be presented with the rationale for the stock selection when
it is displayed in order to deal with the display problem, and it
is not possible to present the stocks of randomly selected compa-
nies, making it difficult to conduct the RCT.

In order to address this challenge, we adopted a framework
of quasi-experimental design [40] to evaluate causality based on
observational data. As shown in Fig. 2, we generated N stocks
using UW-RFM and a complementary module. In the process of
generating N stocks, two groups of users are formed: those who
generate N stocks using only UW-RFM and those who generate
N stocks using only the complementary module. This means that
we have two user groups: one group presented only with stocks
of their own CTs, and the other group presented only with stocks
complemented by other user data of CTs. In the context of this
situation, we considered presenting only the user’s own CTs for
treatment. Here, we define the former user group as the treat-
ment group and the latter user group as the control group. We

Table 3 Balancing statistics on covariates after matching between two
groups.

Variable SMD

NA 0
Male 0.048

Female −0.048
Age 20s or younger 0.089

Age 30s −0.158
Age 40s 0.066
Age 50s 0.045
Age 60s 0.002

Age 70s or older 0.011
Account usage period −0.078
Service usage period −0.162

Point balance −0.020

Median absolute SMD 0.048
Maximum absolute SMD 0.162

compared the treatment group with the control group in order to
estimate the effect of the treatment. The number of users in the
treatment group and that in the control group were 4,658 and 490,
respectively.

In order to reduce the difference between the treatment group
and the control group, we adopted propensity score match-
ing [16], [37] *6. We adopted the logistic regression as done in
previous studies [4], [26], [31]. We performed nearest neigh-
bor matching to extract pairs from the treatment group and the
control group. Moreover, in this study, since the number of
users in the control group was small compared to the number
of users in the treatment group, we adopted matching with re-
placement [42], which means that control units that look similar
to many treatment units can be used multiple times. Since control
units were selected as a match using matching with replacement,
we weighted the units of the control group selected for multiple
matching by the inverse of the matching frequency when we ana-
lyzed the effect of user investment behavior [42].

In this study, we used the covariates listed in Table 3 to calcu-
late the propensity score. Specifically, we used the following two
categories of covariates for each user: demographic information
(age and gender) and investment-related behavior (period since
account was opened, period using point investment function, and
point balance) *7. We used the point balance on August 20, 2020,
the day before the presentation to the user, as a covariate.

Table 3 gives balancing statistics on covariates, which are in-
puts to the logistic regression after matching. In order to evalu-
ate whether or not the treatment group is indistinguishable from
the control group, we calculated the standardized mean difference
(SMD) [42]. SMD is defined as the difference between the mean
of the treatment group and that for the control group divided by
the standard deviation within the treatment group. All covariates
with an absolute SMD lower than 0.25 means that the two groups
are indistinguishable or balanced [4], [26], [42]. As shown in Ta-
ble 3, the absolute SMD for all covariates were well balanced
within 0.162, which is less than 0.25, and half of the covariates
were within 0.048. Therefore, we adequately eliminate the selec-
tion bias caused by potential differences between the treatment

*6 In this study, we use the MatchIt package in R (version 4.1.0) [23].
*7 We controlled for NA because previous studies have recommended ex-

plicitly [4], [42].
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Table 4 Estimation of effect of treatment on numbers of monthly clicks on recommendation area and
monthly purchase points for stocks.

Outcome Estimate (95% CI) p-value

Number of monthly clicks on recommendation area 0.352 (0.118–0.586) p < 0.01
Number of monthly purchase points for stocks 3,016 (1,049–6,549) p < 0.001

Fig. 4 (a) Average number of monthly clicks on recommendation area and
(b) average number of monthly purchase points of stocks when the
number of the user’s own CTs are included in the recommendation
list.

group and the control group in using the data after matching.
Table 4 gives an estimation of the effect of treatment on the

numbers of monthly clicks on the recommendation area and
monthly purchase points for stocks. After adjustment using
propensity score matching to ensure the validity of between-
group comparisons, the results showed a significant increase of
0.352 monthly clicks on the recommendation area (t-test for re-
gression coefficient: p < 0.01) and 3,016 monthly purchase
points for stocks on average (t-test regression coefficient: p <

0.001). These results indicate that presenting CTs based on data
collected from user smartphones, such as payment data and app
usage data, can promote user investment behavior.

If unobserved covariates cause a selection bias of treatment ef-
fects between two groups, these results may not be valid. Since
we controlled for many significant covariates, it is unlikely that
there are unobserved covariates that would cause a sharp change
in the treatment assignment. A sensitivity analysis [36] of the
results showed that the difference between the two groups was
statistically significant (Wilcoxon signed-rank test at p = 0.05)
even when the observed covariates differed in the odds of treat-
ment for two identical matched users by up to 1.442 times for the
number of monthly clicks and up to 2.476 times for the number
of monthly purchase points for stocks. These results indicate that
the revealed treatment effects are robust compared to the level
shown in a previous study [4].

4.5 Effect of Changes in the Number of CTs in the Recom-
mendation List

We evaluated how the investment behavior changed when
the number of the user’s own CTs in the recommendation list
changed. Figure 4 shows the average numbers of monthly clicks
on the recommendation area and monthly purchase points when
the number of the user’s own CTs included in the recommen-
dation list changed. As shown in Fig. 4, the average numbers
of monthly clicks on the recommendation area and monthly pur-
chase points increased as the number of CTs in the recommenda-
tion list increased.

However, the results in Fig. 4 can be subject to selection bias.
Users who have more reward points at the time of treatment have

Table 5 Balancing statistics on covariates after weighting between each
group. SMD of each variable is calculated for each combination,
and the maximum value is shown.

Variable SMD

NA 0.087
Male 0.030

Female 0.021
Age 20s or younger 0.020

Age 30s 0.042
Age 40s 0.013
Age 50s 0.035
Age 60s 0.015

Age 70s or older 0.001
Account usage period 0.023
Service usage period 0.035

Point balance 0.024

Median absolute SMD 0.024
Maximum absolute SMD 0.087

possibly more stock purchase points and clicks that lead to pur-
chases than users who have fewer. Users with more CTs tend to
have more reward points than those with fewer, since they use
more services and can collect more reward points easily. As a
result, the causal effect of how the investment behavior changed
can be overestimated by simply comparing the average area clicks
and average points for each number of CTs. To mitigate the ef-
fect of this selection bias and to identify the causal effect, we
applied a causal inference using propensity score, which can re-
duce the difference in user groups and compare the average clicks
and average purchase points. Specifically, we adopted propen-
sity score weighting for multiple treatments using generalized
boosted models (GBMs) [28], [29] *8. When n is the number of
CTs for each user, we divided users into three groups: low fa-
miliarity group, i.e., users with 0 ≤ n ≤ 3, medium familiarity
group, i.e., users with 4 ≤ n ≤ 6; and high familiarity group,
i.e., users with 7 ≤ n ≤ 10. The number of users in the low fa-
miliarity group, medium familiarity group, and high familiarity
group were 2,448, 2,245, and 9,550, respectively. We estimated
the effect of changes in the number of CTs with three groups.

We checked the effects on the three treatment groups by com-
paring each combination of low familiarity group versus medium
familiarity group, medium familiarity group versus high familiar-
ity group, and low familiarity group versus high familiarity group.
Since the purpose of the evaluation is to analyze how the invest-
ment behavior of users changes according to the number of CTs
presented in the recommendation list, we analyze the effect on the
medium familiarity group and high familiarity group based on the
low familiarity group.

Table 5 gives balancing statistics on covariates, which are in-
puts to the GBMs after weighting between each group. As shown
in Table 5, the absolute SMD for all covariates was well balanced
within 0.087, which is less than 0.25, and half of the covariates

*8 In this study we use the twag package in R (version 1.6) [10], [35].
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Fig. 5 Estimated ATE for medium and high familiarity group based on low
familiarity group in terms of (a) number of monthly clicks on the
recommendation area and (b) number of monthly purchase points of
stocks.

were within 0.024. Therefore, we adequately eliminate the selec-
tion bias caused by potential differences among groups using the
data after weighting.

Figure 5 shows the results of estimated average treatment ef-
fect (ATE) for the medium and high familiarity group on num-
bers of monthly clicks on the recommendation area and monthly
purchase points of stocks based on the low familiarity group. The
ATE of the medium familiarity group on the low familiarity group
was a significant increase of 0.156 monthly clicks on the recom-
mendation area (t-test for regression coefficient; p < 0.1). On
the other hand, there was no effect in the ATE of the medium
familiarity group on the low familiarity group in terms of the
number of monthly purchase points. In addition, the ATE of the
high familiarity group on the low familiarity group was a sig-
nificant increase of 0.339 monthly clicks on the recommenda-
tion area (t-test for regression coefficient; p < 0.001) and 1,811
monthly purchase points of stocks (t-test for regression coeffi-
cient: p < 0.001). These results indicate that users in the user
groups with a higher number of CTs in the recommendation list
are more likely to exhibit positive investment behavior such as
more clicks and purchase stock points. Based on these results,
we see that the user investment behavior is promoted as the num-
ber of their own CTs included in the recommendation list is in-
creased.

5. Discussion and Limitation

Table 4 shows that presenting CTs to users based on data col-
lected from their smartphones, such as payment data and app us-
age data, can promote their investment behavior. This result has
important implications for the long-term asset formation of in-
dividual investors. The monthly increase in investment of 3,016
points (yen) results in an increase of 1,466,699 yen over 30 years
of operation at a yield of 1.92%. This result is calculated using
a simulator provided by the Financial Services Agency *9 and we
adapt the weighted average yield of companies listed on the First
Section of the Tokyo Stock Exchange as of March 2021 *10. This
amount corresponds to 1,466,699÷27,090 � 54.142, which is al-
most 54 months based on the monthly household income shortfall
of 27,090 yen for an elderly single-person household *11. There-
fore, the proposed approach has a great impact on the problem of
insufficient funds for retirement by promoting the asset formation

*9 https://www.fsa.go.jp/policy/nisa2/moneyplan sim/index.html
*10 https://www.jpx.co.jp/english/markets/statistics-equities/monthly/

b5b4pj0000043saq-att/05 yield2103.pdf
*11 https://www.stat.go.jp/data/kakei/2019np/gaikyo/pdf/gk02.pdf

of individual investors.
Moreover, we can see that the proposed approach, which ad-

dresses the cold-start problem and can be applied to users with
no stock trading data, promotes investment behavior. Since the
number of CLP users in Japan is very high (72% of the total pop-
ulation, or 90.3 million people *12 ,*13), the proposed approach can
be applied to a large number of people.

This study has several limitations and future directions. Firstly,
we estimate the companies familiar to the users from the com-
pany touchpoint information on their smartphones. However, this
approach cannot present the stocks of the companies that do not
provide opportunities for cashless payments, and the companies
that do not offer apps. This limitation could be addressed using
a hybrid approach that combines the proposed approach using
touchpoint information and collaborative filtering [43] using user
stock trading data.

Next, this approach aims to encourage user investment behav-
ior and does not take into account the returns and risks of stocks
presented to a user. Promoting user investment behavior will be
the first step for users to achieve long-term asset formation be-
cause users will pay attention to news and economic trends re-
lated to the companies they invest in by starting to invest, which
will lead to the acquisition of financial literacy necessary for long-
term assets building. In addition, because the proposed approach
can be used in conjunction with existing methods that support in-
vestor decision making by predicting stock prices and trade tim-
ing [11], [12], [27], [46], this hybrid approach has the potential to
promote long-term asset building for a user while taking losses
into account.

Additionally, this approach is based on a batch process that
learns from the records of a certain period. Therefore, we need
to retrain the model when we acquire new records. If we shorten
the update interval of the model, we can recommend the stocks
of CTs a user used yesterday. In our paper, since the main focus
of our proposal was to show the effectiveness of recommending
stocks based on payment data and app usage data, we experi-
mented with a single period of data to train the model. However,
the approach based on real-time processing may further promote
a user’s investment behavior.

Moreover, to deal with the different implications of RFM
among the companies, we make the values of R score, F score,
and M score of service provider and application provider c for
each dataset d in Eq. (5) fall within the range of 1 to q. As a result,
we confirmed the effect of clicks and purchase points. However,
the above procedure alone does not fully eliminate the differences
in the meaning of RFM analysis for each type of business. There-
fore, we believe that examining the weights for each type of busi-
ness is a future issue.

Finally, the estimation of effects based on observational studies
has limitations. Propensity score matching approximates RCTs
by controlling for observed covariates; however, there may be
unobserved covariates that affect the treatment probability. Stud-
ies using causal inference always have this limitation [26]. Al-
though the display problem prevents us from conducting an RCT

*12 https://www.stat.go.jp/english/data/jinsui/tsuki/index.html
*13 https://www.jftc.go.jp/houdou/pressrelease/2020/jun/200612 4.pdf
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immediately, we would like to design an RCT so that it can be
conducted in compliance with the guidelines [25].

6. Related Work

In this section, we relate this study to research on the rela-
tionship between investment behavior and familiarity, research
on stock recommender systems, and research on scoring loyalty
using RFM analysis, and explain the position of this study.

6.1 Relationship Between Investment Behavior and Famil-
iarity

Several studies have reported that individual investors tend to
prefer to invest in companies with which they are familiar from
various perspectives. Specifically, some studies have reported
that individual investors tend to select stocks of companies to in-
vest in based on geographic proximity [14], [24]. Other studies
have reported that individual investors have a preference for in-
vesting in the stock of their employer company and for owning
stock of companies in the industry in which they work [5], [17].
Although the existing studies [5], [14], [17], [24] have analyzed
the tendency to invest in companies with which they are familiar
using their trading history, the effectiveness for recommendation,
especially for the cold-start problem addressed in this paper, has
not been revealed. In addition, Prast et al. [33] has shown that
presenting companies that appear in advertisements in women
magazines, which women are likely to be familiar with through
questionnaires, promotes the decision-making process of women.
However, the degree of familiarity of users with companies may
differ from user to user, and the effectiveness of presenting stocks
based on the degree of familiarity of each user with companies
has not been clarified. This study is different in that it evaluates
the effect of presenting stocks selected individually for each user
based on their familiarity with companies using data automati-
cally accumulated in their daily lives, such as payment data and
app usage data.

6.2 Stock Recommender Systems
Many previous studies have attempted to assist users in mak-

ing decisions regarding the purchase and sale of stocks. Previous
studies have constructed trading strategies that contribute to in-
dividual investor decision support by predicting stock prices and
trading timing based on trading data [11], [12], [27], [46], news
analysis [21], [39], and sentiment analysis [19], [44]. Taghavi et
al. [45] also proposed a technique to recommend the most prof-
itable stocks according to investor preferences regarding invest-
ment style such as emphasizing long-term returns or aggressive
risk taking.

This study differs from these previous studies in that it aims to
promote investment behavior by presenting users with stocks of
companies whose products and services they usually use and fos-
tering interest in the stocks of those companies themselves. Previ-
ous studies and this study can be used in combination to promote
investment behavior because these studies can recommend stocks
from different perspectives.

6.3 Scoring Loyalty Based on RFM Analysis
Many previous studies have proposed methods for quantify-

ing and utilizing customer loyalty based on RFM analysis. RFM
analysis is a method that aggregates the purchasing behavior of
customers based on R, F, and M [8]. In direct marketing targeting
specific customers, RFM analysis identifies the customers to be
contacted [13], [41].

In this study, we calculate a company-familiarity score that is
generated based on user usage of company services, and use this
score as the familiarity with the company stock. This study dif-
fers from previous studies because it relates familiarity with a
company stock to familiarity with its service.

7. Conclusion

In this paper, we proposed a novel content-based stock recom-
mendation approach that utilizes touchpoint information obtained
from users’ smartphones in daily life. We implemented a novel
stock recommender system using UW-RFM and a complemen-
tary module in an investment service and we verified the effec-
tiveness of the proposed approach. Specifically, we conducted
an observational study using propensity score matching. The re-
sults showed that the average numbers of monthly clicks on the
recommendation area and monthly purchase points significantly
increased by 0.352 times and 3,016 points, respectively, by pre-
senting the stock of their CTs. In addition, we evaluated how the
investment behavior changed when the number of the user’s own
CTs in the recommendation list changed. The evaluation results
showed that the ATE of the medium familiarity group and the
high familiarity group on the low familiarity group was positive
in terms of the numbers of monthly clicks on the recommendation
area and monthly purchase points of stocks. From these results,
we conclude that estimating the CTs that users use in their daily
lives, which can be obtained from their smartphones, and present-
ing the company stocks promotes their investment behavior.
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