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Abstract

This study investigates the impact of the MyData service on the investment performance
of individual investors using proprietary client-level data from a major Korean brokerage.
The MyData initiative extends data portability beyond banks, enhancing individual control
over financial assets across the entire sector. By focusing on the behavior of investors who
adopted MyData services, we show that the adopters achieve significantly higher returns due
to better market timing ability—characterized by buying at lower prices and benefiting from
subsequent price increases. This advantage stems from enhanced access to curated investment
information and the seamless integration of external financial accounts that enables effective
cash deployment. Our results highlight the importance of the integrated digital financial
services in improving investment decisions by delivering timely information and facilitating
overall portfolio management for individual investors.
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1 Introduction

In an era when smartphones often know more about investors’ finances than their traditional
advisors do, fintech is exerting growing influence across multiple segments of financial markets.
Prior research has established that fintech development supports financial sector expansion by
enhancing both access and depth in financial services (Muganyi et al., 2022), with further studies
examining its broader implications across various segments, including the credit market. He et al.
(2023) theoretically investigate how the introduction of Open Banking, which allows fintechs to
access customer transaction data from banks, improves fintechs’ ability to screen borrowers and
reshapes the competitive dynamics between incumbent banks and fintech entrants. Their model
highlights that such data sharing can either promote or hinder lending market competition,
depending on whether it levels the informational playing field or disproportionately benefits
fintech firms. This theoretical insight is supported by recent empirical evidence from Ghosh et
al. (2025), who analyze loan application and performance data from an Indian fintech lender
and small business borrowers, showing that access to transaction-level data enhances borrower
screening and improves lending efficiency.

Whereas previous studies have predominantly examined the effects of fintech adoption from
the macroeconomic perspectives of policymakers and financial institutions, to the best of our
knowledge, relatively few have investigated its implications from the standpoint of individual
users. In particular, empirical evidence on how fintech adoption influences the behavior of in-
dividual investors in the stock market remains limited. Despite this gap, fintech services have
clearly empowered individual investors by granting broader access to financial data such as real-
time market signals, stock-specific intelligence, and portfolio information from outside providers,
thereby reallocating the informational edge from traditional institutions to retail participants.
Given that fintech platforms are designed to enhance consumer empowerment and participation
in financial markets, these developments are likely to have a significant influence on investor
behavior and performance. This underscores the need for empirical research on how and to what

extent such effects manifest in actual investment decisions.



Building on this motivation, our study examines the impact of the MyData service, which
was rolled out and scaled across nearly all financial institutions in South Korea under a govern-
ment mandate starting in October 2022[T] Beyond the earlier Open Banking framework, which
primarily enables account inquiries and transfers at other banks, MyData represents a significant
expansion in both scope and functionality. Specifically, it facilitates comprehensive data sharing
not only across banks but also among other financial service providers, including securities, credit
card, insurance companies, as well as fintech firms. Furthermore, the coverage extends beyond
traditional financial data to include public sector information, such as tax records, pension con-
tributions, and other relevant records. Additionally, the MyData service provides highly tailored,
investor-oriented features. These include personalized analytics on individual stock performance
and market trends, as well as Al-driven investment recommendations based on users’ histori-
cal transaction data. Leveraging this context, we empirically examine how the introduction of
this service, integrated into the mobile trading platforms of brokerage firms, affects both the
investment behavior and performance of individual investors.

Under the Financial Services Commission (FSC)’s directive, financial institutions were re-
quired to introduce the MyData service to their customers | Following its launch, some investors
adopted the service while others did not, generating cross-sectional variation in MyData usage.
This institutional setting enables a difference-in-differences (DiD) analysis that compares changes
in investment performance before and after the introduction of MyData between adopters and
non-adopters. Our analysis reveals that adopters experience significantly higher returns than
non-adopters during the post-adoption period. A closer examination of trading behavior shows
that adopters achieve more profitable and optimal trading timing. Specifically, adopters tend
to execute buy trades near local price troughs and sell trades near local price peaks, relative to

non-adopters. This pattern suggests that enhanced access to market insights and stock-specific

'Financial Services Commission (2022, October 20) Scope of Data Categories for Financial MyData Service to
be Ezpanded. Financial Services Commission. Available at: https://fsc.go.kr/eng/pr010101/78794 (accessed
13 January 2026).

2Financial Services Commission (2022, June 28) ENFORCEMENT DECREE OF THE CREDIT INFORMA-
TION USE AND PROTECTION ACT. Ministry of Government Legislation. Available at: https://www.law.go.
kr/LSW/eng/englsSc.do?menuld=2&query=CREDIT+INFORMATION+USE+AND+PROTECTION+ACT (accessed 13 January
2026).
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news, as well as Al-driven investment advice generated through the analysis of customers’ his-
torical transaction data, enables adopters to make better-informed and more deliberate trading
decisions. Additionally, by enrolling in the MyData service, adopters are automatically linked
to the Open Banking service, which facilitates seamless management of external assets. This
feature enables them to efficiently transfer liquidity from external financial accounts to their
brokerage accounts during temporary declines in equity prices, thereby enhancing their ability
to strategically deploy additional cash inflows in anticipation of subsequent market rebounds.
These results are robust to subsample analyses and are further supported by evidence from the
synthetic control method.

This study makes three key contributions to the literature, practice, and empirical research
on individual investor behavior in data-driven financial markets. First, while prior research on
fintech—particularly in the context of Open Banking—has primarily focused on theoretical im-
plications and macro-level outcomes for financial institutions and credit markets, this paper shifts
the lens toward individual investors. Leveraging actual transaction-level data, it provides direct
empirical evidence of how data-enabled fintech services, such as the MyData and its supplemen-
tary features, enhance the investment decision-making and performance of individual investors.
Second, the findings generate practical insights for a broad range of decision-makers and market
participants. For policymakers and financial regulators, the findings provide empirical validation
that data rights regulations—designed to empower consumers by improving their access to and
control over personal data—lead to tangible improvements in the financial outcomes of retail
investors. Meanwhile, for retail financial service providers, the findings underscore the strate-
gic value of investing in personalized, data-driven services that empower clients to make better
investment decisions. This, in turn, offers a competitive advantage in attracting and retaining
customers in an increasingly data-driven financial landscape. From the perspective of individual
investors, the findings provide both reassurance about the substantive benefits of engaging with
financial services and a practical guide on how to optimize their use of these services to improve
trading efficiency and enhance investment returns. Lastly, this research makes a unique data-

driven contribution by utilizing a highly granular and proprietary dataset obtained from one of
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Korea’s largest brokerage firms. The exclusivity and richness of this dataset—accessible only
through the brokerage firm’s secured internal networks—allow for a detailed and robust analysis
of investor behavior at a level of precision rarely available in existing studies.

The remainder of this paper is organized as follows. Section 2 outlines the institutional
background, including the global regulatory landscape of data portability mandates and Korea’s
MyData system. Section 3 develops the theoretical framework and hypotheses. Section 4 outlines
the data and empirical methodology. Section 5 presents the main results, Section 6 reports

robustness checks, and Section 7 concludes.

2 Institutional Background

Recent advances in financial technology have heightened the importance of data accessibility
and portability in shaping digital financial services. Traditionally, consumer financial data were
siloed within financial institutions, and access to these data was primarily mediated by incumbent
institutions rather than directly controlled by consumers. As digital platforms have come to play
a more central role in financial decision-making, this institutional arrangement has attracted
growing attention. In the mid-to-late 2010s, regulatory initiatives across countries began to
promote secure and standardized frameworks for financial data sharing, enabling consumers to
authorize third-party service providers to access their financial data. These initiatives reflected a
growing emphasis on data portability and user control as central elements of the evolving digital
financial infrastructure.

The institutional setting of this study is shaped by Korea’s recent regulatory reforms in data
portability and financial information sharing. In October 2022, the Financial Services Commis-
sion (FSC) officially implemented the nationwide rollout of the MyData initiative, which was
designed to expand and build upon the earlier Open Banking framework. These reforms marked
a significant shift in the financial services landscape, as they enabled individual consumers to ac-
cess, consolidate, and utilize their personal financial data across a broad spectrum of institutions

for the first time.



Open Banking, first introduced in Korea in 2019, primarily allowed consumers to view and
transfer funds across accounts held at different banks through a single platform. While this
system facilitated more efficient liquidity management, its functional scope remained limited
to basic account information and interbank transactions. MyData extended this framework
considerably, both in breadth and depth. Under the FSC mandate, banks, securities firms,
credit card companies, insurers, and fintech firms are now required to provide customers with
the option to share their data across institutions. Importantly, the MyData service integrates
financial data with selected public records, such as tax filings and pension contributions, thereby
offering users a comprehensive and centralized view of their financial status.

The policy was structured around two critical principles. First, participation by financial
institutions was mandatory, ensuring wide-scale coverage across nearly all segments of the fi-
nancial sector. Second, adoption by individuals was voluntary, conditional on customer consent
for data sharing. This combination created an environment in which millions of retail investors
were simultaneously exposed to the new service, but actual usage varied according to individual
preferences and willingness to adopt digital innovations. Such a setting is well suited for empiri-
cal analysis, as it allows researchers to compare outcomes between early adopters and non-users
while controlling for broader market conditions.

In practice, the launch of MyData and its integration into mobile trading applications im-
mediately attracted a large base of brokerage clients and retail banking customers. For many
investors, the service provided real-time access to stock-specific news, personalized portfolio an-
alytics, and algorithm-based investment insights derived from historical transaction patterns.
In addition, MyData adoption automatically linked customers to Open Banking, which further
enabled them to consolidate liquidity from external accounts and deploy cash more efficiently in
response to market fluctuations. These features significantly lowered the information and trans-
action frictions that individual investors had previously faced, and they enhanced the ability of
retail clients to make timely and informed investment decisions.

Taken together, the MyData and Open Banking reforms represent a distinctive regulatory

framework that not only broadened consumer data rights but also directly affected how retail



investors accessed and utilized financial information. The mandatory institutional rollout cou-
pled with voluntary individual participation provides a unique natural experiment for examining
whether, and to what extent, these innovations translated into measurable improvements in

trading behavior and investment performance.
[ Insert Figure [1] about here ]

[ Insert Figure 2| about here |

3 Foundations and Hypothesis Development

The rapid development of financial technology has been accompanied by regulatory efforts to
enhance consumer data rights, among which Open Banking and its extensions play a central role.
The foundational logic behind these reforms is that access to comprehensive, real-time financial
data reduces information frictions, allowing individual consumers to make more informed financial
decisions. Early studies highlight that Open Banking adoption is not confined to particular
demographic segments—such as age, income, or gender—but instead exhibits broad applicability
across diverse consumer groups (Chan et al., 2022). This inclusiveness underscores the potential
for widespread behavioral impact once such services are introduced.

The infrastructure of Open Banking facilitates real-time data sharing across financial in-
stitutions, enabling users to aggregate fragmented financial information into a single interface
(Mansfield-Devine, 2016). This consolidation reduces search and coordination costs for con-
sumers, while simultaneously allowing for more precise monitoring of financial positions. Beyond
mere aggregation, Open Banking has been shown to reshape consumer financial behavior by
shifting informational advantages traditionally held by financial intermediaries toward individual
users (Borgogno and Colangelo, 2020; Brodsky and Oakes, 2017). Recent empirical evidence fur-
ther confirms that consumers utilize Open Banking not only for basic transactional convenience
but also for more sophisticated financial activities, such as credit acquisition and investment

advice. For instance, Babina et al. (2025) document that U.K. consumers employ Open Banking



for both borrowing and financial guidance, while small and medium-sized enterprises establish
new lending relationships with non-bank providers through the same framework. These findings
indicate that Open Banking universally enhances welfare by broadening market participation,
improving product design, and expanding advisory functions.

Korea’s MyData initiative extends this foundation substantially. By mandating participation
from nearly all financial institutions and integrating data from banks, brokerages, credit card
issuers, insurers, and even public agencies, MyData creates a uniquely comprehensive dataset for
individual users. This environment equips retail investors with resources that were previously
fragmented and difficult to access, including real-time market signals, stock-specific intelligence,
and Al-driven analytics tailored to historical trading patterns. From the perspective of investor
decision-making, these features can reduce information asymmetries, improve monitoring of port-
folio risks, and facilitate more deliberate responses to market fluctuations.

Taken together, the theoretical and empirical literature suggests that access to consolidated,
real-time financial information through Open Banking and MyData is likely to enhance individual
investors’ performance. By lowering informational frictions and improving liquidity management,
adopters of these services are expected to achieve superior investment outcomes relative to non-

users. This leads to our first hypothesis:

Hi1: Users of MyData and Open Banking services will achieve higher investment returns than

non-adopters in the post-launch period.

Beyond overall performance, the mechanisms underlying these improvements are also of inter-
est. Prior studies emphasize that the chief advantage of real-time data and advisory platforms lies
in their ability to support better timing of financial decisions (Mansfield-Devine, 2016; Babina
et al., 2025). For investors, this translates into the capacity to identify favorable entry and exit
points in the market with greater accuracy. In the context of Korea’s MyData system, the provi-
sion of stock-specific news, personalized analytics, and automated investment recommendations

directly addresses the challenge of timing trades under uncertainty. Furthermore, integration



with Open Banking allows investors to reallocate liquidity swiftly, ensuring that resources are
available to capitalize on temporary market declines. These features collectively suggest that
the outperformance of adopters is not random but driven by systematic improvements in trading

execution.

H2: The outperformance of MyData and Open Banking users is attributable to their ability to

achieve more optimal trading timing by utilizing the services.

4 Data and Empirical Strategy

This section provides an overview of the dataset and describes the sampling process. It also
defines the key variables used in the analysis in detail and presents descriptive statistics, offering

a preliminary sense of the differences between adopters and non-adopters of the MyData service.

4.1 Data Description and Sample Construction

This study utilizes proprietary client-level data obtained from Shinhan Securities, one of the
five largest brokerage firms in South Korea, based on market share, asset size, and customer
population. Since early 2022, as the firm has prepared to integrate the MyData system into
its mobile trading platform, we have gained secure access—via the firm’s internal network— to
exclusive and high-resolution transaction data and granular records of user actions within the
app. The entire dataset comprises multiple interconnected sources containing comprehensive
investment-related information. We extract the following variables from five primary data com-
ponents: First, the demographics module captures investor characteristics, including gender, age,
and investment experience. Second, daily portfolio records offer end-of-day stock-level holdings,
detailing share quantities and overall asset composition. Third, trade execution data provides a
complete history of transactions, including exact timestamps, security identifiers, trade volume,

and execution prices. Fourth, mobile app usage log tracks user interactions with the trading



application, documenting login times and in-app navigation patterns. By tracking the activities,
we can identify which features of the MyData service each client accesses and utilizes. Fifth,
the MyData service adoption data contain information on adoption status and registration date,
as well as user acquisition channels and participation in promotional campaigns. Additionally,
we incorporate external data sources, including stock prices and market-level variables from the
Korea Exchange (KRX), as well as macro-financial indicators from the Bank of Korea’s Economic
Statistics System (ECOS). These data enable detailed empirical analysis of individual investors’
responses to the rollout of the MyData feature within the trading appE|

We analyze data spanning from January 1, 2022, to October 31, 2023, with a focus on
the period surrounding the introduction of the MyData service to the firm’s mobile brokerage
platform in October 2022. As of the end of 2023, approximately 1.5 million clients were registered
with the firm, of whom roughly 240,000 had opted into the MyData serviceﬁ To construct the
treatment group, we selected a subset of these adopters who met the following criteria, ensuring
that their data allow us to identify both the presence and behavioral patterns of potential MyData
effects. First, to allow for a sufficiently long post-treatment window—and motivated in part by
concerns raised in Nyborg and Woschitz (2025) regarding the term structure of treatment—we
classify individuals who enrolled in the MyData service in October, November, or December 2022
as potential members of the adopter group. This guarantees that we observe at least 10 months
of post-adoption trading behavior for each individual. Second, we retain only active investors
with a minimum level of portfolio value and exclude users with extremely low or high trading
volume, to reliably capture potential treatment effects over timeﬂ Finally, because analyzing
in-app feature usage is a key component of this study, we retain only customers for whom mobile

trading app log data are available and who conducted at least one transaction through the mobile

3The daily portfolio and trade execution data are recorded at the account level. For individuals holding multiple

accounts, we aggregate these records to the individual level by linking accounts to their respective owners via account
identifiers.

4Shinhan Securities Co., Ltd. (2024, July 10) 2023 SHINHAN SECURITIES SUSTAINABILITY REPORT.
Shinhan Securities Co., Ltd. Available at: https://file.shinhansec.com/filedoc/mtscon/fy2023esg.pdf (ac-
cessed 13 January 2026). Note: This report is written in Korean. Relevant information cited is on p.45.

5We retain users with an average portfolio value above USD 300 and exclude those in the top 1% of trading
volume or transaction count over the sample period (Bauer et al., 2009).
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trading platform. Applying these criteria yields a final sample of 20,248 MyData adopters.
Next, we construct a non-adopter group, which serves as the control group in our analysis. We
begin with the pool of customers who, as of November 2023, had never enrolled in the MyData
service. From this group, we select matched individuals using the propensity score matching
(PSM) approach to align them with adopters based on various investment characteristics. To
minimize selection bias associated with the voluntary adoption of the MyData service and en-
sure comparability between adopters and non-adopters, we identify the non-adopter group by
matching investors whose characteristics most closely resemble those of adopters, with particular
emphasis on measures calculated prior to the adoption of the service. At this stage, we can clearly
distinguish between the pre- and post-adoption periods for the adopter group using the observed
adoption date as a reference point, now that the group is already defined and each member has
an actual enrollment date for the MyData service. In contrast, non-adopters never enrolled in
the service, and thus lack an observable adoption date that can serve this purpose. To address
this, we iteratively designate each adopter and assign their actual adoption date as a proxy
reference point to all candidate non-adopters, thereby defining a pre-adoption period for them.
Investment characteristics—such as return, portfolio value, and trading frequency—calculated
over the inferred pre-adoption period are then used as propensity score covariates to match a
non-adopter corresponding to each adopter. In addition, to tightly control for demographic het-
erogeneity during the above iteration process, we treat age and gender as categorical variables
and stratify the sample by exact demographic profiles before conducting PSM. Age and gender
are well-documented investor characteristics that significantly influence investment performance,
as shown by Korniotis and Kumar (2011) and Barber and Odean (2001). Aligning these categor-
ical variables exactly across matched pairs effectively mitigates potential bias from demographic
confounding factors. Thus, for each adopter, we first identify potential non-adopters who share
the same age and gender as the adopter, and then perform nearest-neighbor matching within

those demographic strataﬁ As a result, the 20,248 non-adopters selected through this proce-

6Given the large population of approximately 1.5 million users—far exceeding the adopter group size of around
20,000—we were able to perform PSM within sufficiently large subsamples even after reducing the matching pool
based on age and gender.
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dure are precisely matched to their adopter pairs in terms of age and gender, and exhibit highly
similar values in pre-adoption investment performance and other characteristics that are closely
associated with post-adoption returns. The sampling procedure based on PSM closely mirrors
that of Liu et al. (2025), who employ PSM using variables related to individuals’ demographics
and financial status, such as age, gender, trading experience, and the average market value of se-
curities, among others. This methodological similarity lends indirect support to the validity and
appropriateness of our research design. In addition, our matching procedure helps mitigate con-
cerns about endogenous selection into MyData adoption by constructing a non-adopter sample
that closely resembles adopters on observable investor characteristics. Moreover, prior evidence
indicates that demographic factors, such as age, income, and gender, do not play a significant
role in fintech adoption (Chan et al., 2022). Therefore, our sample construction is unlikely to
capture effects driven by a narrowly selected group of investors and instead reflects behavioral

responses that are broadly relevant across individual investors.

4.2 Variable Definitions and Summary Statistics

Our study employs a set of variables that capture investment performance, user activities,
and personal demographic attributes. Alongside this, we focus on a window of approximately
10 months before and after the MyData rollout to concentrate the analysis on a compact period
where treatment effects are expected to emerge most clearly. In this context, the key outcome
variable—investment return—is constructed at the daily level to capture relatively short-term
dynamics with sufficient granularity. Following the commercialization of MyData and Open
Banking services, which facilitate the comprehensive management of financial holdings, adopters,
in particular, are likely to experience a notable increase in the inflow of external assets into their
brokerage accounts. This influx of assets is also likely to result in higher cash balances that
are not actively invested in risky assets. Accordingly, calculating returns as profits over total
portfolio value—including idle cash—could underestimate the actual investment performance of

adopters. To address this concern, we define the daily return on deployed capital as daily profit
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divided by the total amount of capital actively allocated to traded positions, excluding uninvested
cash holdings. This return measure serves as our primary outcome variable.

Propensity score covariates are constructed solely based on the Pre-MyData period to ensure
that matched non-adopters closely resemble adopters prior to adoption. For each individual, we
compute a representative value for each covariate by aggregating their daily-level data during
the pre-adoption window, using either the mean or the sum, depending on the nature of the
variable. First, given the methodological consistency with regression-based approaches and rela-
tively short-term focus of our return analysis, we compute the Pre-MyData return variable as the
arithmetic mean over the relevant period. The same approach is applied to define Pre-MyData
portfolio value, using the time-series mean of the end-of-day portfolio value. For user activity
variables—including trading volume, trading frequency, deposit count, and event participation
count—we aggregate each variable by taking its total value or count over the pre-adoption pe-
riod, as appropriate. Trading volume refers to the total value of executed trades, while trading
frequency captures the number of transactions. Deposit count measures the number of times an
investor transfers assets from external financial institutions into their brokerage account. Event
participation count represents the number of times a user engaged with platform-wide promo-
tional events via the mobile trading platform and serves as a proxy for engagement with other
app features. Lastly, we define investment experience as the number of days elapsed from the
investor’s initial account opening date through October 31, 2023.

Based on the set of covariates defined above, we implement matching and evaluate the ade-
quacy of this procedure by drawing on established principles and diagnostic approaches from the
matching literature. Matching methods have been extensively studied in the statistical literature,
particularly concerning how covariate balance can be adequately evaluated to determine the qual-
ity of the match (Stuart, 2010). Some prior studies have suggested that statistical significance
testing, which incorporates information on the sample size, may not be an appropriate measure
of covariate balance, as it often reflects changes in statistical power and assumes inference be-
yond the matched sample (Austin, 2007; Imai, King, and Stuart, 2008). Instead, others have

argued that focusing on the magnitude of differences between comparison groups offers a more
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suitable approach for assessing covariate balance, a concept that has been discussed over several
decades (Rosenbaum and Rubin, 1985; Andrade, 2020). Following these recommended practices,
we assess balance using the mean difference and standardized mean difference (SMD). SMD is a
commonly used diagnostic that compares mean differences relative to the pooled standard devia-
tion. This approach provides a scale-invariant and sample-size-robust measure of balance, widely
recommended in the applied matching literature.

Table [1| reports summary statistics, including covariate balance between the adopter and non-
adopter groups. Panels A and B display key descriptive statistics and distributions for the two
matched samples, each comprising 20,248 individual investors. Panel C evaluates the adequacy
of the matching by comparing the groups on each covariate using mean differences, which are
calculated as the mean for adopters minus the mean for non-adopters, and absolute SMDs. It is
worth noting that Post-MyData return—the primary outcome variable—displays a pronounced
difference between the two groups, while all matching covariates, such as Pre-MyData return,
exhibit only modest differences. Importantly, although Pre-MyData return and Post-MyData
return are constructed using the same return metric and differ only in the measurement period,
Pre-MyData return displays a much smaller difference. This pattern suggests that the two groups
did not differ substantially in investment performance prior to the adoption of the MyData ser-
vice, and that adopters have improved their performance distinctly relative to non-adopters after
benefiting from the service’s investment-support features. Furthermore, all covariates used in
the propensity score matching exhibit absolute SMDs below the conventional threshold of 0.2,
indicating excellent covariate balance and mitigating concerns of selection bias (Andrade, 2020).
Collectively, these results support group comparability and mitigate concerns that observed dif-
ferences in outcomes across groups may be attributable to pre-existing differences in investor

characteristics.

[ Insert Table [1] about here ]
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5 Results

This section presents the main empirical findings on how the adoption of the MyData and
Open Banking services influences individual investors’ behavior. We begin by examining differ-
ences in investment returns, followed by analyses of trading timing, decision effort, and cross-
institutional asset management. Together, these results provide a comprehensive view of the

channels through which data-driven fintech services impact investor outcomes.

5.1 Investment Performance

To evaluate whether the MyData service delivers tangible benefits to individual investors, we
first examine its impact on investment returns—the primary objective for retail investors and a
practical measure of financial performance. Recognizing that investors are likely to engage most
actively with newly adopted financial services shortly after enrollment, we focus on a compact
analysis window of approximately ten months before and after adoption to capture potential
performance effects. We employ a difference-in-differences (DiD) approach, which has been widely
used in prior studies, such as Bartram et al. (2022) and Babina et al. (2025), to identify the
causal effects of policy changes and the introduction of new financial services. Given that the
adoption date varies across individuals in our sample, we implement a staggered DiD framework

and specify our main estimation equation as follows:

Investment Return;, = o+ 1 - Adopter; + 7y, - Post-MyData, , + X ,0

+ - (Adopter; x PostMyDatai’t) + €iy (1)

where subscripts ¢ and ¢ denote individual investors and trading days, respectively. The main
dependent variable, Investment Return;,, is measured by the daily return on deployed capital.
Adopter; is an indicator variable equal to 1 if individual 7 belongs to the adopter group, and 0
otherwise. Post-MyData,, equals 1 if day ¢ falls after the adoption date for individual 4, and 0
otherwise. The coefficient on the interaction term, 3, captures the average differential change in

investment returns for adopters relative to their matched non-adopters following adoption and

15



serves as the main coefficient of interest in our analysis. X, denotes a vector of control vari-
ables that capture observable differences across investors and reflect time-varying macroeconomic
conditions, and 6 is the corresponding coefficient vector. ¢;, is the error term.

Table [2| presents the DiD estimation results under various model specifications, controlling
for individual and time fixed effects. Across all specifications, the DiD coefficient (Adopter; x
Post-MyData, ;) remains positive and statistically significant, indicating that adopters experi-
enced greater improvements in investment returns relative to non-adopters after adopting the
MyData service. The estimated coefficients range from 0.595 to 0.776, and given the pooled
standard deviation of daily returns is 1.188, these effect sizes correspond to approximately 0.5
standard deviations of the dependent variable. Following Cohen’s (1988) guidelines, this suggests
a medium-sized and economically meaningful effect. These results also remain robust across var-
ious robustness checks and alternative empirical approaches presented in subsequent analyses.
Overall, the findings indicate that MyData adoption delivers statistically and economically sig-

nificant improvements in investment performance for individual investors.
[ Insert Table [2 about here ]

Figure 3| plots the average daily returns of the two groups over the sample period, with red
and blue points representing Adopter and Non-Adopter groups, respectively. To enhance visual
interpretability—given the pronounced day-to-day volatility and frequent alternations in return
signs—we apply a smoothed line that highlights the underlying trend[] The x-axis represents
trading days spanning the sample period, and the shaded area indicates the enrollment period
of adopters into the MyData service. A clear upward shift in the smoothed returns is observed
for adopters following enrollment, while non-adopters show only a modest increase over the
same period. This visual evidence is consistent with the difference-in-differences estimates and
corroborates the presence of performance improvements among MyData users.

[ Insert Figure [3| about here |

"We employ a LOWESS (locally weighted scatterplot smoothing) procedure, a nonparametric method that
flexibly approximates underlying trends without assuming any global parametric form. This method is particularly
advantageous for data exhibiting rapid sign reversals and high-frequency noise, as it preserves the integrity of original
observations while highlighting persistent patterns.
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5.2 Optimal Trading Timing

We next investigate the drivers of the superior investment performance observed among
adopters. Prior studies identify trading volume, trading frequency, and portfolio value as key
determinants of investment returns (Barber, Lee, Liu, and Odean, 2009; Jones, Shi, Zhang, and
Zhang, 2025). In our setting, however, these factors are controlled for through propensity score
matching, which ensures that the adopter and non-adopter groups are balanced on such invest-
ment characteristics. Consequently, the observed return differential must stem from other factors.
Given that the two groups are comparable in terms of trade magnitude and portfolio size, the
observed performance differences are plausibly driven by market timing ability, specifically by
differences in the timing of trade execution. We therefore explore the characteristics of trade ex-
ecution timing associated with superior returns and compare the two groups to determine which
achieved trading patterns more closely align with the optimal timing.

Figure 4] provides an illustrative example that supports the interpretation of the subsequent
empirical analysis. Panel (a) highlights profitable trading opportunities that arise from fluctu-
ations in stock prices. The plotted series represents the actual daily closing prices of Samsung
Electronics (005930.KS), the largest company by market capitalization in the South Korean
stock market, from January 2022 to October 2023. During this sample window, stock prices
exhibit pronounced and recurring short-term swings, creating multiple profitable trading oppor-
tunities. When illustrated schematically, red squares indicate favorable buying points, whereas
blue squares mark advantageous selling opportunities along the observed price path. Among
these fluctuations, trades executed at local minima and maxima are particularly advantageous.
As an illustrative case, the red asterisk marks September 28, 2022—a local minimum representing
a favorable buying opportunity—while the blue asterisk identifies November 11, 2022, as a local
maximum and an advantageous selling point. Panel (b) further illustrates the price dynamics
around these two representative event days. Each event day is designated as day 0, and the
vertical axis plots percentage changes in closing prices relative to the day-0 price over a +10

trading-day window. The red line shows the trajectory following a purchase on September 28,
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2022, while the blue line reflects the path after a sale on November 11, 2022. Consistent with the
definition of these event points, the local minimum generates a U-shaped pattern in the short-run

return profile, whereas the local maximum produces an inverted U-shaped pattern.
[ Insert Figure |4 about here |

Returning to the empirical analysis using the actual investor sample, figure [5| compares
whether trades executed by adopters are closer to optimal trading timing relative to those ex-
ecuted by non-adopters. Because multiple investors conduct numerous trades over the sample
period, we treat each transaction as an event, defining an event window of [-10, +10] trading
days around the transaction date. For each window, we calculate the ratio of the closing price to
the execution price, weighting observations by trade size to account for differences in transaction
volume. The x-axis plots the 10 trading days before and after the transaction date, and the
y-axis shows the percentage-point difference between adopters and non-adopters in the weighted
ratio of closing to execution prices. The difference is defined as the adopter group’s value minus
that of the non-adopter group. The red and blue lines correspond to buy and sell transactions,
respectively, and thus capture the relative price trends around these two types of trades.

Focusing first on buy transactions, the relative price movements surrounding purchases lie
predominantly above the x-axis, indicating that adopters execute trades at more favorable—i.e.,
more optimally timed—buying points compared with non-adopters. In the two trading days
preceding the purchase (from t = -2 to t = 0), prices decline sharply, suggesting that adopters
tend to buy near local short-term minima. Following the purchase, prices subsequently rebound,
implying that adopters’ transactions are followed by stronger post-trade gains and, thus, higher
ex-post profitability. Meanwhile, the observed increase in the graph between t = —10 and t = -2
is consistent with the interpretation that adopters monitor stocks exhibiting relatively stronger
upward trends over the prior two weeks and enter positions following short-term pullbacks. This
pattern suggests that adopters strategically time their entries to capture temporary dips within
broader upward movements.

Regarding sell transactions, the relative price movements before the sale lie predominantly
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below the x-axis, indicating that adopters tend to sell stocks that exhibited stronger price run-
ups in the pre-sale period compared with those held by non-adopters. Between t = —10 and t
= —4, the graph exhibits an upward trend, followed by a short-term decline from t = —4 to t =
—1. This pattern suggests that adopters typically hold stocks with strong upward momentum
and tend to execute their sales after a brief price correction when the stock price subsequently
rebounds to a higher local peak. Consistent with the analysis of buy transactions, this implies
that adopters appear to monitor upward-trending stocks for roughly two weeks before execution,
waiting through short-term pullbacks before executing their trades. After the sale date, the
graph remains slightly above the x-axis, indicating that the prices of stocks sold by adopters
continue to rise somewhat more modestly in the post-sale period. While this is not the ideal
pattern associated with perfectly timed sales at local maxima, it likely reflects adopters’ better
selection of stocks with stronger overall momentum. Post-sale price movements do not materially
affect investors’ realized returns, so these residual trends are relatively less important when
evaluating investment performance as well. Taken together, the results indicate that adopters
exhibit superior market-timing ability and execute trades more efficiently than non-adopters,

both when entering and exiting positions.
[ Insert Figure |5 about here ]

Table |3 presents the univariate regression results based on individual transactions, confirming
that the superior market-timing ability of adopters persists even at the transaction level, beyond
the aggregated group-level analysis. For each transaction, the dependent variable is defined as
the ratio of the closing price to the execution price, where the closing price corresponds to the
trading day specified in each column. The explanatory variable, Adopter, is an indicator variable
that equals one if the investor executing the transaction belongs to the adopter group, and zero
otherwise. Panel A reports the results for buy transactions. The estimated coefficients are
generally positive and statistically Signiﬁcant.ﬁ From the pre-purchase coefficients, we observe

that adopters tend to buy at times when the stock price has recently experienced a relatively larger

8At day 0, the coefficient is naturally insignificant by definition, since the dependent variable captures the return
between the execution price and the same day’s closing price, which reflects only a few hours of intraday fluctuation.
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short-term decline compared with non-adopters. The positive coefficients in the post-purchase
period indicate that these stocks subsequently exhibit stronger price rebounds. Moreover, the
magnitudes of the coefficients increase monotonically as the event date moves further away from
day 0, implying that adopters’ trades exhibit the characteristic U-shaped pattern associated
with optimal buy timing around local minima. Panel B shows the corresponding results for sell
transactions. The coefficients for the pre-sale period are negative and statistically significant,
suggesting that adopters tend to sell stocks that have experienced stronger prior appreciation
relative to those sold by non-adopters. Overall, the results suggest that adopters tend to initiate
purchases around short-term price troughs, and the stocks they buy subsequently experience
more substantial post-purchase returns. In addition, they are more likely to sell stocks that have
appreciated more in the pre-sale period, resulting in superior investment performance relative to

non-adopters.

[ Insert Table [3] about here ]

5.3 Pre-Trading Information Search and Decision Effort

Having established that adopters exhibit superior market-timing ability and outperform non-
adopters, we turn to examining which features of the MyData service facilitate these improved
investment behaviors. Figure [6] illustrates several screens from the MyData service tab within
the mobile trading system interface as viewed by investors using the service. This tab consol-
idates information on investors’ current holdings and self-selected watchlist stocks, providing
real-time smart news on firm-specific events as well as tailored analyst reports that offer detailed
assessments of investment timing and outlooks. These updates are delivered in real time through
push notifications, allowing investors to promptly recognize changes and key events related to
the stocks they hold or actively monitor. By filtering and curating information relevant to an
investor’s portfolio and interests, the MyData service allows users to focus on a narrow set of
securities and acquire dense, high-quality information more efficiently amid an otherwise over-

whelming information environment. Such information advantages and access to expert recom-
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mendations have been widely documented in the literature as mechanisms that enhance trading

decisions and improve investment performance (e.g., Dvordk, 2005; Azevedo and Miiller, 2024).
[ Insert Figure [6 about here |

To assess the depth of investor deliberation before trade execution, we construct a novel
measure, Pre-Trade Deliberation Intensity (PTDI), which captures the extent to which investors
acquire pre-trade information and engage in analytical deliberation during the decision-making
process. The measure is constructed using transaction-level usage logs from the mobile trading
platform. For each executed trade, we quantify the extent of pre-trade information acquisition
by counting how frequently an investor searched for stock-specific news related to the traded
security and examined its price charts in the period leading up to execution. These activities re-
flect investors’ deliberate efforts to process both fundamental information and technical analysis
when evaluating trade timing. When constructing this measure, we exclude information ser-
vices that are available exclusively to adopters through the MyData tab to ensure comparability
across investor groups. Including such usage would mechanically inflate deliberation intensity
for adopters’ trading transactions in the Post-MyData period by construction, as non-adopters
do not have access to these services. Our measure shares a conceptual similarity with the in-
vestor attention proxy proposed by Da, Engelberg, and Gao (2011) in that both are based on
search activity related to a specific stock. However, while Da et al. (2011) use aggregate search
frequency to capture aggregate investor attention toward a stock at a given point in time, our
measure operates at the transaction level, capturing the intensity of deliberation exerted by the
specific investor who ultimately executes the trade. By focusing on realized trading decisions
rather than aggregate market-wide interest, our approach isolates the attention of investors who
ultimately execute trades in the stock, rather than that of investors who merely search without
trading. This distinction yields a more granular and meaningful measure of pre-trade information
processing, as it captures deliberation that is directly linked to actual investment decisions.

Table[d]reports DiD estimates using PTDI as the dependent variable, comparing changes in in-

vestors’ pre-trade information processing before and after the MyData adoption window between
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adopters and non-adopters. The coefficient on the interaction term, Adopter x Post-MyData,
is positive and statistically significant, indicating that adopters exhibit a larger increase in pre-
trade analytical engagement than non-adopters following the adoption window. Notably, this
effect emerges even though information services exclusively available to adopters through the
MyData tab are intentionally excluded from the construction of PTDI. This pattern suggests
that MyData adoption influences investors’ broader decision-making routines: by receiving more
informational push notifications and being exposed to services that encourage reflection—such
as expert reports, disclosure alerts, and investment diagnostic tools—adopters appear to engage
more actively in pre-trade information acquisition and deliberation. This interpretation aligns
with evidence that the adoption of financial technologies is associated with greater investor en-
gagement, as reflected in more frequent online account logins following the use of robo-advising
tools (D’Acunto, Prabhala, and Rossi, 2019). In this sense, MyData adoption not only provides
direct informational inputs but also heightens investors’ emphasis on analytical decision-making.
If MyData-exclusive service usage were included in the measure, the estimated difference in de-
liberation intensity would be even larger.ﬂ Thus, the documented effect should be interpreted as
a conservative estimate, implying that the true impact of MyData adoption on pre-trade decision
effort is at least as strong as reported.

Taken together with the earlier results, the finding that investors who engage more exten-
sively in pre-trade information processing also achieve superior market timing and higher returns
may appear, at first glance, to contrast with prior studies showing that attention-driven trading
often leads to poor performance (e.g., Barber and Odean, 2008; Yuan, 2015; Barber et al., 2022).
However, the notion of attention in these studies typically refers to trading in stocks that attract
widespread market attention—such as those experiencing extreme returns or abnormally high
trading volume—where trades are often triggered by salient events and executed impulsively.
In contrast, the attention captured by PTDI reflects an individual investor’s sustained effort to

gather, evaluate, and interpret stock-specific information before trading. From this perspective,

9This exclusion is imposed solely to maintain a fair comparison between adopters and non-adopters, as access to
these services is asymmetric. From a conceptual perspective, however, such usage also reflects pre-trade information
processing and would naturally be included when measuring the intensity of investors’ deliberation.
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impulsive trades in attention-grabbing stocks would correspond to lower levels of deliberation
intensity as defined in this study. Accordingly, the adverse performance effects documented in
the prior literature are more closely associated with inattentive and impulsive trading behavior
driven by behavioral biases. In contrast, our results demonstrate that careful, information-based
decision-making can enhance trading outcomes. This distinction highlights an essential mecha-
nism through which digital financial services can improve investment performance by promoting
more deliberate and informed trading behavior, constituting an additional contribution of this

study.

[ Insert Table {4 about here ]

5.4 Integrated Accounts and Downside Buying

In addition to the informational advantages and enhanced decision effort, improved investment
outcomes also depend on investors’ ability to act on their decisions in a timely manner. In this
regard, the role of Open Banking services—automatically enabled upon MyData adoption—may
constitute an additional channel through which adopters exhibit superior investment behavior.
With the introduction of MyData, Open Banking functionalities were integrated into a unified
service environment, allowing investors to seamlessly consolidate and manage financial assets held
across multiple institutions, including external banks and brokerage accounts. This integration
substantially reduces the frictions associated with transferring cash from external accounts into
the trading account by eliminating the need to search for dispersed cash balances and repeatedly
logging in and authenticating across multiple financial institutions. Thus, investors can identify
available funds and execute immediate transfers within the brokerage interface, facilitating more
timely capital deployment in response to investment opportunities. Figure [7] illustrates the
Open Banking-based account linkage and fund transfer interface embedded within the MyData-
enabled mobile trading platform. Through this functionality, investors can link external bank
accounts and initiate inbound cash transfers directly within the application, eliminating the need

to access separate external platforms. By centralizing account management and streamlining cash
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movement, this integrated interface not only enhances overall asset management convenience but
also enables investors to mobilize liquidity more flexibly at the moment investment decisions are

made.
[ Insert Figure [7| about here |

Building on the integrated account management enabled by the MyData service, we next
consider when and how investors may strategically leverage this functionality in their investment
decisions. Periods of short-term price declines following a stock purchase are moments when cash
becomes relatively more valuable than the underlying security, creating opportunities for investors
to deploy additional capital at more favorable prices. By injecting fresh capital and repurchasing
the same asset at lower prices, investors can reduce their average acquisition cost—a strategy
commonly referred to in the finance literature as averaging down. Lowering the average cost basis
allows even modest price rebounds to translate more quickly into gains, thereby enhancing the
likelihood of recovery from prior losses. In addition, such purchases are associated with improved
buy-side timing when executed near price troughs. The Open Banking functionality embedded
in the MyData service substantially reduces the procedural burden associated with this strategy
by enabling investors to transfer external cash balances into their brokerage accounts seamlessly.
As a result, adopters are better positioned to mobilize liquidity precisely when prices decline,
making averaging down purchases operationally easier and potentially more frequent.

Table 5| provides empirical evidence on this mechanism by examining investors’ responses
to post-purchase price declines before and after the adoption of the MyData service. Focus-
ing on transactions in which stock prices fall below the purchase price within five trading days,
we estimate DiD models comparing adopters and non-adopters. In Panel A, the dependent
variable is an indicator for whether an external cash deposit occurs on a given post-purchase
day. Panel B further restricts the outcome to cases in which a deposit is accompanied by an
additional purchase of the same stock, thereby capturing averaging-down behavior. The inter-
action term, Adopter x Post-MyData, is positive and statistically significant across both panels.

These estimates indicate that, following service adoption, investors in the adopter group exhibit
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a larger increase in both the likelihood of transferring external funds and the likelihood of using
those funds to engage in averaging down purchases when stock prices decline, compared to non-
adopters. In other words, MyData adopters display a heightened propensity to deploy additional
capital to reduce their average cost per share during short-term market downturns, indicating
that they leverage the service to identify and exploit more optimal buying opportunities. Be-
cause the dependent variables represent bounded action probabilities, we assess the economic
magnitude of the estimates relative to the baseline frequencies. The estimated coefficients on
Adopter x Post-MyData correspond to increases of approximately 10% to 20% relative to the
sample means of the dependent variables, indicating economically meaningful effects. These
magnitudes suggest a non-trivial increase in investors’ responsiveness to price declines through
additional capital deployment. Taken together, these findings demonstrate that the MyData
service—through its integration of Open Banking functionality—extends beyond informational
benefits and has a material impact on investors’ execution-stage behavior. By facilitating timely
access to external liquidity, the service enables adopters to respond more effectively to market

downturns, thereby improving buy-side timing and capital allocation decisions in practice.

[ Insert Table [5] about here ]

6 Robustness Check

To assess the credibility of our empirical findings, we conduct a series of robustness checks ex-
amining the sensitivity of the main results to alternative sample constructions and counterfactual
benchmarks. In particular, we assess whether the estimated effects persist when the analysis is
conducted on more restrictive subsamples that mitigate selection bias inherent in observational
data and when observed investment paths are benchmarked against synthetic counterfactual
paths.

First, a key identification challenge in this setting is that MyData adoption is not perfectly
randomly assigned but is self-selected by investors. Although our baseline empirical design ap-

proximates an experimental benchmark through propensity-score matching on a rich set of Pre-
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MuyData investor characteristics, treatment effect estimates in quasi-experimental settings may
still be influenced by pre-existing group differences. Addressing the selection bias in observa-
tional research has long been a central concern (see Salzberg, 1999). Accordingly, to further
mitigate the possibility that unobserved factors jointly influence both adoption decisions and
subsequent investment outcomes, we reconstruct the sample to focus on adopters whose par-
ticipation in MyData is plausibly driven by exogenous or near-random triggers rather than by
latent individual traits. Specifically, among MyData adopters, we retain only those investors
who subscribed to the service on the same day they received promotional text messages or push
notifications from the mobile trading platform, encouraging them to enroll in MyData. Following
the service rollout, the brokerage firm implemented a series of promotional initiatives that offered
incentives, such as gift vouchers and transaction-fee coupons, to encourage MyData adoption.
These incentives were communicated via mobile text messages and in-app notifications. Such in-
terventions constitute digital nudges—subtle techniques used to guide individuals’ behavior and
influence decision-making in online environments—and can be interpreted as precipitating events
that significantly increase user engagement. Prior research in information systems and related
behavioral decision domains demonstrates that digital nudging plays a critical role in shaping be-
havioral intentions and system adoption. (Moghavvemi and Salleh, 2014; Weinmann et al., 2016;
Stryja and Satzger, 2019; Demir and Akbiyik, 2025). Consequently, adopters induced by these
event-driven nudges are more likely to reflect incentive-driven participation rather than adop-
tion stemming from stable, unobservable individual predispositions. The resulting subsample,
consisting of event-nudged adopters and their matched pairs, therefore substantially mitigates
confounding from unobserved characteristics and further reduces potential selection bias rela-
tive to the baseline sample. Table [f] reports the estimation results based on this event-driven
subsample. The estimated coefficients on Adopter x Post-MyData remain positive and statis-
tically significant across all model specifications, closely mirroring the baseline findings. This
evidence suggests that the documented improvement in investment performance among MyData
adopters is unlikely to be driven by residual selection bias in the original sample. Instead, the re-

sults remain robust even under a more stringent identification framework that exploits plausibly
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exogenous adoption triggers, reinforcing the causal interpretation of our main findings.
[ Insert Table [6] about here |

We next conduct an additional robustness analysis using a complementary empirical approach
that facilitates a transparent visualization of counterfactual outcome dynamics. In settings where
treatment assignment is not perfectly randomized, it is often informative to examine how out-
comes for treated units would have evolved in the absence of treatment under a counterfactual,
as tracing counterfactual outcome trajectories provides a transparent and intuitive complement
to baseline estimates. To this end, we employ the Synthetic Control Method (SCM), an in-
creasingly prominent approach for causal inference in comparative case studies across the social
sciences, as developed by Abadie, Diamond, and Hainmueller (2010, 2015), particularly when
randomized experiments are infeasible. SCM constructs a pseudo-counterfactual by optimally
weighting untreated units such that the resulting synthetic unit closely matches the treated
unit’s pre-treatment outcome trajectory and relevant characteristics. When rich longitudinal
data are available, but treatment adoption may reflect pre-existing differences, this approach
provides a transparent way to assess whether post-treatment divergences plausibly reflect treat-
ment effects rather than pre-existing differences. A key advantage of SCM in our context is
its interpretability: by explicitly matching pre-adoption return dynamics, the method allows us
to visually and intuitively evaluate whether observed post-adoption performance changes align
with a causal interpretation of the main DiD results. We thus implement SCM by constructing
synthetic counterparts using the full pool of investors from the opposite adoption status, and
present an example of the resulting actual and synthetic series for visual exposition. Figure
presents time-series comparisons between actual and synthetic counterfactual returns. In both
panels, the blue solid line represents the actual investor’s returns, while the red dashed line
illustrates the corresponding synthetic return constructed using SCM. Panel (a) illustrates the
counterfactual performance trajectory of a non-adopter had the investor adopted the MyData
service, whereas Panel (b) shows the counterfactual trajectory of an adopter had adoption not

occurred. The green outlined box indicates a window during which MyData adoption occurred.
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In both cases, the synthetic series closely tracks the actual returns during the pre-adoption pe-
riod, indicating a high-quality pre-treatment fit. Following the adoption of MyData, however,
the trajectories diverge markedly: Panel (a) indicates that non-adopters are predicted to expe-
rience improved investment performance under an adoption counterfactual, whereas Panel (b)
indicates that adopters would have exhibited weaker performance had they not adopted the ser-
vice. We also observe qualitatively similar patterns of post-adoption divergence across multiple
SCM implementations for different adopters, suggesting that idiosyncratic factors do not drive
the results. These patterns are consistent with, and provide intuitive visual support for, the

causal interpretation of our main findings.

[ Insert Figure [§] about here ]

7 Conclusion

This study examines how data-enabled fintech services affect individual investors’ perfor-
mance, using the implementation of the expanded MyData service in South Korea as a policy
change setting. The analysis demonstrates that individual investors who adopt the MyData
service achieve significantly higher investment returns compared to non-adopters, particularly
through more optimal trading timing—buying near price troughs and selling near price peaks.
These better investment outcomes stem from greater deliberation intensity—reflected in more
frequent searches for stock-specific news and analysis with price charts during the pre-trading
period—and from improved efficiency in managing cross-institutional assets through integrated
data sharing.

The findings contribute to the growing fintech literature by shifting the analytical lens from
macro-level institutional dynamics to micro-level investor behavior. While prior research has
primarily focused on the theoretical implications and competitive impacts of Open Banking and
data portability, our study offers empirical evidence of how these frameworks materially improve
financial outcomes for individual investors. Beyond academic contributions, the results offer

policy-relevant insights, affirming that data rights regulations meaningfully empower consumers.
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For financial service providers, the evidence highlights the strategic importance of delivering
personalized tools powered by cross-institutional data sharing, which enables better client en-
gagement, informed decision-making, and long-term loyalty. A key strength of this research lies
in the utilization of a highly granular, proprietary dataset from one of Korea’s largest brokerage
firms—a level of access that enables robust behavioral analysis, which is rarely feasible in prior
studies.

Future research could extend this analysis beyond the South Korean market to explore how
different regulatory frameworks—such as those in Europe, Australia, and other Pacific Asian
economies—shape the relationship between data portability and investor outcomes. In addi-
tion, while this study focuses on stock market trading behavior, similar analyses could be ap-
plied to other financial domains, including credit and insurance markets, where comprehensive
data-sharing systems are also increasingly transforming consumer decision-making and financial
outcomes.

In summary, this study demonstrates that integrated fintech solutions—such as MyData
and Open Banking services—deliver tangible benefits to individual investors by enhancing both
investment decisions and performance. As digitally interconnected financial systems continue to
evolve globally, understanding their impact at the individual level will remain an essential area

for both academic research and policy development.
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Financial Account Integration
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Figure 1: Unified Financial Data Access through the MyData Service in Korea

Figure [] presents screenshots from the actual mobile trading platform implementing the MyData service. The

service enables investors to integrate accounts across multiple financial institutions, providing a consolidated

portfolio view that combines dispersed assets into a single interface. This integration facilitates comprehensive

asset management beyond traditional open banking frameworks.
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Profiling Investor Behavior Momentum-Chaser

via Behavioral Biases =

Disposition Effect

Herding Status These investors often chase stocks

with sharp price gains and high
volatility, frequently restructuring
their portfolios to follow market
trends.

Quo

Without understanding the underlying
drivers, such momentum-driven
behavior can lead to short-term
losses.

A focus on fundamentals and a
broader market context helps support
Endowment Effect Overconfidence more stable, informed decisions.

Figure 2: Personalized Investment Insights Based on Behavioral Bias Profiling in MyData Platforms
Figure [2] presents an example of MyData-enabled behavioral analytics that profiles investors based on their
trading histories in the same mobile trading platform. The service identifies behavioral biases and categorizes

investors into distinct behavioral types, offering tailored insights and recommendations to foster more informed

and stable investment decisions.
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Figure 3: Visualizing Performance Dynamics: Adopter vs. Non-Adopter Average Returns

Figureplots the average daily returns of Adopter (red point) and Non-Adopter (blue point) groups throughout
the sample period. The lines represent smoothed trends that reduce daily fluctuations and emphasize longer-
term movements. The horizontal axis corresponds to trading days spanning the entire observation window. The

shaded region highlights the enrollment period into the MyData service for adopters.
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(a) Profitable Trading Opportunities During Price Fluctuations (b) Price Dynamics Around Optimal Trading Timing

Figure 4: Illustrative Example of Profitable Trading Opportunities and Price Dynamics Around

Optimal Trading Timing
Figure [4] consists of two explanatory illustrations concerning price dynamics in the context of optimal trading
timing. Panel (a) illustrates profitable trading opportunities during periods of price fluctuations. The depicted
stock prices are based on the daily closing prices of Samsung Electronics (005930.KS), covering the period
from January 2022 to October 2023. Red squares highlight profitable buying opportunities, while blue squares
denote profitable selling opportunities identified during the observed price movements. The red asterisk marks
September 28, 2022, as an illustrative example of a favorable buying opportunity corresponding to a local
minimum in the stock price. The blue asterisk indicates November 11, 2022, as a representative selling point,
corresponding to a local maximum. Panel (b) visualizes the price dynamics surrounding trades executed on
these two dates. The red line shows the price change over the event window when a purchase was made on
September 28, 2022, while the blue line depicts the case of a sale on November 11, 2022. For each scenario, the
event window spans +10 trading days, and the y-axis reflects the price change relative to the closing price on

Day 0, calculated using a cumulative return approach.
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Figure 5: Comparison of Price Change Relative to Execution Prices Around Transaction Dates in

Two Groups

Figure[5] compares the ability of the Adopter group to select optimal trading timings relative to the Non-Adopter

group. The x-axis displays the 10 trading days before and after the transaction date (Day 0), while the y-axis

represents the difference in percentage between the ratio of closing price to execution price for the two groups.

The difference is calculated in percentage points by subtracting the Non-Adopter group’s value from the Adopter

group’s. The red and blue lines represent buy and sell transactions, respectively.
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Figure 6: Personalized Market Insights and Investment Information via the MyData Service

Figure [0] illustrates selected screens from the MyData service tab within the mobile trading system. The system
provides market insights, stock-specific updates, and analyst research related to investors’ holdings and self-
selected watchlists. All information is customized at the individual investor level and delivered in real time

through push notifications.
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Figure 7: Facilitating Seamless Fund Transfers via the Open Banking Function of the MyData
Service

Figure[7] highlights the account-linking and transfer feature within the MyData-enabled mobile trading platform.
Through this function, investors can connect external financial accounts and execute inbound transfers directly
within the application, without accessing the external platforms. This functionality simplifies cash movement

and enhances overall asset management convenience.
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Figure [§f Robustness Check Using Synthetic Counterfactual Returns

Figure [§| presents time-series comparisons between actual returns and their synthetic counterfactual counterparts
constructed using the synthetic control method. Panel (a) displays the actual non-adopter’s return trajectory
(blue solid line) alongside the synthetic adopter’s return trajectory (red dashed line). Panel (b) shows the actual
adopter’s return trajectory (blue solid line) alongside the synthetic non-adopter’s return trajectory (red dashed
line). The green outlined box highlights the MyData adoption period. The x-axis represents time, and the y-axis
reports returns.
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Table 1: Summary Statistics

Panel A: Adopter Group (N=20,248)

Min P25 Median Mean P75 Max SD
Post-MyData Return (%) -1.986 0.828 0.891 0.837 0.935 1.916 1.179
Pre-MyData Return (%) -6.833 -2.304 -1.381 -1.355 -0.539 9.267 1.957
Pre-MyData Portfolio Value ($) 322.987 1514.908 4740.941 12354.889  13075.193  137743.116  21443.505
Pre-MyData Total Trading Volume ($)  1.107 x10% 9.250 x10® 4.862 x10* 4.584 x10° 2.443 x10° 9.589 x10° 1.342 x10°
Pre-MyData Trading Frequency 1.000 18.000 55.000 191.089 178.000 2720.000 417.549
Pre-MyData Deposit Count 1.000 6.000 18.000 30.034 39.000 254.000 43.785
Pre-MyData Event Participation Count 1.000 3.000 9.000 31.015 27.000 1056.000 68.951
Investment Experience (days) 690.000 1103.000 1849.500 3305.445 5252.750  12457.000  2943.633
Age 20.000 38.000 47.000 46.392 54.000 89.000 11.202
Male 0.000 0.000 1.000 0.615 1.000 1.000 0.486

Panel B: Non-Adopter Group (N=20,248)

Min P25 Median Mean P75 Max SD
Post-MyData Return (%) -1.371 -0.081 -0.012 -0.058 0.034 0.612 0.544
Pre-MyData Return (%) -6.820 -2.482 -1.526 -1.517 -0.663 8.170 1.268
Pre-MyData Portfolio Value ($) 331.109 1525.087 4472290  11228.756  11730.750 127629.017  19537.434
Pre-MyData Total Trading Volume ($)  1.095 x10% 7.910 x10® 3.990 x10* 3.735 x10° 1.967 x10° 8.291 x10°® 1.122 x10°
Pre-MyData Trading Frequency 1.000 12.000 45.000 167.878 149.000 1959.000 304.637
Pre-MyData Deposit Count 1.000 5.000 16.000 27.936 31.000 195.000 33.073
Pre-MyData Event Participation Count 1.000 2.000 6.000 26.996 21.000 834.000 54.738
Investment Experience (days) 690.000 1128.000 2065.000 3416.433 5567.750 12392.000  2888.958
Age 20.000 38.000 47.000 46.392 54.000 89.000 11.202
Male 0.000 0.000 1.000 0.615 1.000 1.000 0.486

Panel C: Covariate Balance Between Adopter and Non-Adopter Groups

Mean Difference (Adopter - Non-Adopter)

Absolute Standardized Mean Difference (J]SMDJ)

Post-MyData Return (%)

Pre-MyData Return (%)

Pre-MyData Portfolio Value ($)
Pre-MyData Total Trading Volume ($)
Pre-MyData Trading Frequency
Pre-MyData Deposit Count
Pre-MyData Event Participation Count
Investment Experience (days)

Age

Male

0.895
0.162
1126.133
8.490 x10*
23.211
2.098
4.019
-110.988
0.000

0.000

0.975
0.098
0.055
0.069
0.064
0.054
0.065
0.038
0.000

0.000

Table [1| reports summary statistics for the Adopter (Panel A) and Non-Adopter (Panel B) groups. Panel C
presents covariate balance between the two groups using mean differences and absolute SMDs. Post-MyData
Return is not a covariate, but is included here for comparative purposes. Most variables are measured during the
pre-adoption period, except post-period return and time-invariant demographic characteristics. All continuous
variables are winsorized at the 1st and 99th percentiles. The low SMD values for all propensity score covariates
(all < 0.2) indicate strong covariate balance following matching.
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Table 2: Effect of MyData Service Adoption on Daily Returns (DiD Estimates)

0 @) (3) (4) (5)
Adopter 0.206 0.185%* 0.192
(1.622) (1.745) (1.584)
Post-MyData 1.503** 0.929%#* 0.771%F*
(5.684) (4.682) (5.302)
Adopter x Post-MyData 0.633*+* 0.6547%+* 0.595%F* 0. 776%**  0.621***
(5.155) (5.182) (5.341) (6.214) (5.607)
Male 3.209%**
(9.943)
Investment Experience (days) -3.691 x107°
(-0.974)
Portfolio Value 3.084 x 10~ oH**
(5.207)
Market Index 0.030%***
(10.767)
Risk-Free Rate (%) 0.950%*%*
(9.390)
Constant -1.6217%F%* -9.647HF*
(-12.030) (-16.256)
Observations 14243117 14243117 14,243,117 14,243,117 14,243,117
Adjusted R-squared 0.003 0.042 0.0009 0.0015 0.0003
Control Variables NO YES NO NO NO
Individual FE NO NO YES NO YES
Time FE (daily) NO NO NO YES YES

Robust t-statistics in parentheses
¥k p<0.01, ** p<0.05, * p<0.1

Table [2] presents DiD estimation results analyzing the impact of MyData service adoption on daily investment
returns. The dependent variable is the daily return on deployed capital. Adopter takes the value of 1 if an
individual is classified into the adopter group based on whether they have adopted the MyData service and meet
specific eligibility requirements; 0 otherwise. Post-MyData equals 1 for dates after the individual’s adoption date,
and 0 otherwise. The interaction term (Adopterx Post-MyData) captures the differential change in outcomes for
adopters relative to non-adopters as the observation period moves from Pre-MyData to Post-MyData. Standard
errors are two-way clustered at the individual and date levels.
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Table 3: Univariate Regression Results on Relative Stock Price to Execution Price Surrounding
Transaction Dates

Panel A: Relative Price Movements Around Buy Transactions

(Day -5) (Day-4) (Day-3) (Day-2) (Day-1) (Day0) (Day+1) (Day +2) (Day +3) (Day +4) (Day +5)
Adopter 0.221* 0.210** 0.182** 0.160** 0.122%* 0.011 0.021 0.028 0.044* 0.059** 0.070%*

(1.950)  (2.011)  (1.970)  (2.023)  (2.014)  (0.812)  (1.206)  (1.394)  (1.910)  (2.316)  (2.478)
Constant 0.658%**  (0.602%**  0.544%*F*F  0.497FFF  0.474%**  _0.221%FF  _0.362*¥*FF  -0.478FFF  _0.560*%*F*F  -0.631FF*F  _(.726***

(7436)  (7.436)  (7.607)  (8.194)  (10.257) (-12.079) (-13.548) (-14.341) (-14.818) (-16.053) (-16.309)
Observations 3,733,314 3,733,314 3,733,314 3,733,314 3,733,314 3,733,314 3,733,314 3,733,314 3,733,314 3,733,314 3,733,314

Panel B: Relative Price Movements Around Sell Transactions

(Day -5) (Day -4) (Day-3) (Day-2) (Day-1) (Day0) (Day+1) (Day +2) (Day +3) (Day +4) (Day +5)
Adopter -0.326%%*  -0.340%F*F  _0.318%*F*F  _(0.303*** -0.291%** -0.009 -0.003 0.007 0.015 0.023 0.031

(-2.800)  (-3.262)  (-3.363)  (-3.609)  (-4.504)  (-0.674)  (-0.153)  (0.302)  (0.610)  (0.807)  (0.981)
Constant -3.159%¥* L2 9ETHRRK D 73HFHRK D JTAFFE 1. T66FFF -0.240%FFF  -0.362%FFF  -0.493FFF  _0.595%FF (. 719%F*F  _().844%**

(-8.900)  (-9.3904)  (-10.069) (-10.202)  (-8.664)  (-6.235)  (-7.861)  (-8.118)  (-8.569)  (-9.593)  (-10.695)
Observations 1,998,463 1,998,463 1,998,463 1,998,463 1,998,463 1,998,463 1,998,463 1,998,463 1,998,463 1,998,463 1,998,463

Robust t-statistics in parentheses
K p<0.01, ** p<0.05, * p<0.1

Table [3] reports univariate regression results of the relative closing price to the execution price over a +5-day
window surrounding the transaction dates. Each column represents a separate regression for a given day. The
dependent variable is defined as the ratio of the closing price on the specified dates to the execution price,
expressed as a percentage. The only independent variable is Adopter, which equals 1 if an individual is classified
into the adopter group based on whether they have adopted the MyData service and meet specific eligibility
requirements; 0 otherwise. Standard errors are two-way clustered at the individual and date levels.
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Table 4: Impact of MyData Service Adoption on Pre-Trade Deliberation Intensity

(1) (2) (3) (4) ()

Adopter 0.103* 0.095* 0.089
(1.914) (1.782) (1.621)
Post-MyData 0.078%* 0.064** 0.058%*
(2.431) (2.286) (2.192)
Adopter x Post-MyData 0.3944* 0.382%#* 0.367FFF  0.376%**  0.366***
(7.082) (6.548) (6.397)  (5.629)  (6.195)

Male 0.186%**

(8.384)
Investment Experience (days) -0.0001#**

(-10.844)
Portfolio Value 8.146 x1076%**

(6.596)
Market Index 0.014*

(1.689)
Risk-Free Rate (%) 0.143

(1.205)
Constant 1.388%** 1.604%%*

(13.839) (11.752)

Observations 5,731,777 0,731,777 0,731,777 5,731,777 5,731,777
Adjusted R-squared 0.003 0.018 0.002 0.002 0.001
Control Variables NO YES NO NO NO
Individual FE NO NO YES NO YES
Time FE (daily) NO NO NO YES YES

Robust t-statistics in parentheses
K p<0.01, ** p<0.05, * p<0.1

Table [] presents DiD estimation results examining the impact of MyData service adoption on pre-trade de-
liberation intensity. The dependent variable is Pre-Trade Deliberation Intensity (PTDI), which measures the
frequency of stock-specific news searches and price chart consultations conducted by an investor before executing
a transaction on the trading platform. Adopter takes the value of 1 if the investor executing the transaction
belongs to the adopter group based on MyData service adoption and eligibility criteria; 0 otherwise. Post-
MyData equals 1 if the transaction occurs after the investor’s adoption date, and 0 otherwise. The interaction
term (Adopter x Post-MyData) captures the differential change in PTDI for adopters relative to non-adopters
as the observation period moves from Pre-MyData to Post-MyData. Standard errors are two-way clustered at
the individual and date levels.
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Table 5: Investor Behavior Following Stock Price Declines in the Post-Purchase Window

Panel A: Deposit Indicator Across Post-Purchase Days
(Day+1) (Day+2) (Day+3) (Day+4) (Day+b5)

Adopter x Post-MyData ~ 0.007#%*  0.007%¥  0.009%%* 0.008%**  0.009%**
(5.298)  (5.526)  (7.746)  (5.897)  (7.316)

Observations 2,029,006 2,069,806 2,095,729 2,100,906 2,109,734
Adjusted R-squared 0.011 0.011 0.011 0.010 0.010
Dependent Variable Mean 0.061 0.057 0.052 0.051 0.047
Individual FE YES YES YES YES YES
Time FE (daily) YES YES YES YES YES

Panel B: Deposit & Averaging Down Purchase Indicator Across Post-Purchase Days
(Day+1) (Day+2) (Day+3) (Day+4) (Day+5)

Adopter x Post-MyData ~ 0.003¥**  0.002%%*  0.003%%% 0.002%¥*%*  0.003%**
(4.019)  (3.788)  (5.540)  (3.015)  (5.080)

Observations 2,029,006 2,069,806 2,095,729 2,100,906 2,109,734
Adjusted R-squared 0.003 0.003 0.003 0.002 0.002
Dependent Variable Mean 0.023 0.020 0.021 0.017 0.015
Individual FE YES YES YES YES YES
Time FE (daily) YES YES YES YES YES

Robust t-statistics in parentheses
K p<0.01, ** p<0.05, * p<0.1

Table [5] reports the likelihood of deposits and averaging down purchases following stock price declines over
post-purchase days. Post-purchase days represent the number of days after stock purchases, focusing on the
first five trading days. In Panel A, the dependent variable is the deposit indicator; in Panel B, it is the deposit
& averaging down purchase indicator. These variables respectively indicate the likelihood of deposits and
averaging down purchases accompanied by deposits. Adopter takes the value of 1 if an individual is classified
into the adopter group based on whether they have adopted the MyData service and meet specific eligibility
requirements; 0 otherwise. Post-MyData equals 1 for dates after the individual’s adoption date, and 0 otherwise.
The interaction term (Adopterx Post-MyData) captures the differential change in outcomes for adopters relative
to non-adopters as the observation period moves from Pre-MyData to Post-MyData. Standard errors are two-
way clustered at the individual and date levels.
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Table 6: Robustness Check Using Event-Participant and Propensity-Matched Subsamples

(1)

(2)

(3) (4) ()

Adopter 0.201 0.197* 0.185
(1.626) (1.704) (1.518)
Post-MyData 1.318%** 0.875%** 0.710%**
(5.867) (4.425) (4.809)
Adopter x Post-MyData 0.597*** 0.611%** 0.543***%  (0.704*%**  (0.507***
(3.661) (3.746) (3.541)  (4.399)  (3.677)
Male 3.193%**
(8.013)
Investment Experience (days) -0.0001%**
(-2.220)
Portfolio Value 2.948 x 10 2%k*
(3.810)
Market Index 0.030***
(10.220)
Risk-Free Rate (%) 0.850%+%*
(9.510)
Constant -1.619%** -0.537H**
(-11.864) (-12.732)
Observations 9,602,616 9,602,616 9,602,616 9,602,616 9,602,616
Adjusted R-squared 0.002 0.041 0.0007 0.0012 0.0001
Control Variables NO YES NO NO NO
Individual FE NO NO YES NO YES
Time FE (daily) NO NO NO YES YES

Robust t-statistics in parentheses
K p<0.01, ** p<0.05, * p<0.1

Table [6] presents DiD estimation results analyzing the impact of MyData service adoption on daily investment
returns. For this table, the estimation sample is restricted to adopters whose MyData enrollment was triggered
by time-specific promotional messages or in-app notifications on the adoption date, along with their matched
non-adopters based on propensity scores, thereby mitigating potential selection bias. The dependent variable is
the daily return on deployed capital. Adopter takes the value of 1 if an individual is classified into the adopter
group based on whether they have adopted the MyData service and meet specific eligibility requirements; 0
otherwise. Post-MyData equals 1 for dates after the individual’s adoption date, and 0 otherwise. The interaction
term (Adopterx Post-MyData) captures the differential change in outcomes for adopters relative to non-adopters
as the observation period moves from Pre-MyData to Post-MyData. Standard errors are two-way clustered at
the individual and date levels. 48
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