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FMLens: Towards Better Scaffolding the Process
of Fund Manager Selection in Fund Investments

Longfei Chen , Chen Cheng , He Wang , Xiyuan Wang , Yun Tian ,
Xuanwu Yue , Wong Kam-Kwai , Haipeng Zhang , Suting Hong , and Quan Li

Abstract—The fund investment industry heavily relies on the expertise of fund managers, who bear the responsibility of managing
portfolios on behalf of clients. With their investment knowledge and professional skills, fund managers gain a competitive advantage
over the average investor in the market. Consequently, investors prefer entrusting their investments to fund managers rather than
directly investing in funds. For these investors, the primary concern is selecting a suitable fund manager. While previous studies have
employed quantitative or qualitative methods to analyze various aspects of fund managers, such as performance metrics, personal
characteristics, and performance persistence, they often face challenges when dealing with a large candidate space. Moreover,
distinguishing whether a fund manager’s performance stems from skill or luck poses a challenge, making it difficult to align with
investors’ preferences in the selection process. To address these challenges, this study characterizes the requirements of investors in
selecting suitable fund managers and proposes an interactive visual analytics system called FMLens. This system streamlines the fund
manager selection process, allowing investors to efficiently assess and deconstruct fund managers’ investment styles and abilities
across multiple dimensions. Additionally, the system empowers investors to scrutinize and compare fund managers’ performances. The
effectiveness of the approach is demonstrated through two case studies and a qualitative user study. Feedback from domain experts
indicates that the system excels in analyzing fund managers from diverse perspectives, enhancing the efficiency of fund manager
evaluation and selection.

Index Terms—Financial Data, Fund Manager Selection, Visual Analytics.
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1 INTRODUCTION

W ITH the expansion of financial markets, funds have
emerged as a popular investment avenue. The per-

formance of these funds is intricately tied to their overseers,
known as fund managers, who bear the responsibility of
handling investment portfolios on behalf of both individual
and institutional clients. Possessing specialized investment
knowledge and professional skills, fund managers enjoy a
distinct advantage over general investors, often resulting in
superior returns. As the fund market continues to grow,
the significance of fund managers becomes increasingly
evident, prompting more investors to prefer investing in
fund managers rather than directly in funds [1]. This shift
can be elucidated through three key factors: (I) Consistent
performance. Selecting fund managers with a proven track
record allows investors to anticipate a replication of past
successes in managing other funds, leading to sustained
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performance improvement over time, even in cases of new
funds or those with shorter track record [2], [3]. (II) Consis-
tency of investment philosophy. A fund manager’s investment
philosophy, which typically includes their approach to risk
management, research, and decision-making, significantly
influences a fund’s performance [4]. Investors who aligns
with the fund manager’s philosophy may prioritize the
manager over the fund. (III) Reducing the impact of short-term
fluctuations. Emphasizing the fund manager over the fund
mitigates the impact of short-term fluctuations, enabling
investors to rely on the fund manager’s expertise in nav-
igating volatile markets and making strategic adjustments
over time.

Conventional approaches to assessing and selecting fund
managers typically involve performance measurement [5],
[6], persistence analysis [3], [7], and manager characteris-
tics [4], [8]. While these approaches have exhibited prelimi-
nary effectiveness in evaluating fund managers in previous
studies, they encounter various challenges that impede their
capacity to support a comprehensive decision-making pro-
cess for fund manager selection. First, the challenge arises
from a large pool of candidates characterized by diverse
and heterogeneous attributes. Specific fund managers pos-
sess a range of attributes, including personal background
details, industry investment ratios, and performance met-
rics. Ideally, selecting fund managers from such a diverse
pool should integrate various relevant data to provide
investors with comprehensive information. However, the
process of gathering, analyzing, and comparing informa-
tion about each fund manager can be time-consuming and
laborious. Moreover, biased propaganda from institutions

https://orcid.org/0009-0002-4596-8093
https://orcid.org/0009-0001-0425-1785
https://orcid.org/0009-0003-2550-6139
https://orcid.org/0009-0008-1839-2010
https://orcid.org/0000-0001-6989-7993
https://orcid.org/0000-0002-9714-6545
https://orcid.org/0000-0002-2813-1972
https://orcid.org/0000-0001-5741-2311
https://orcid.org/0000-0001-6329-6265
https://orcid.org/0000-0003-2249-0728


IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS 2

can sway investors’ judgment, emphasizing the importance
of grasping available information to avoid improper fund
manager selection and potential jeopardy to future profits.
Second, the difficulty lies in distinguishing between luck
from skill in a fund manager’s performance. Given the
uncertainty of financial markets, a fund manager’s perfor-
mance over time often results from a combination of skill
and luck [9]. Although extreme returns of many funds may
be fortuitous, they are significant enough to impact their
managers’ overall performance. In essence, some fund man-
agers may outperform over a period of time, but this does
not guarantee the same level of performance in the future.
Thus, it becomes essential to differentiate between skill and
luck when evaluating fund managers. Third, the opacity
of fund managers’ actions poses a challenge. Despite
extensive disclosure requirements, mutual fund investors
cannot observe all actions of fund managers [10]. When a
fund manager’s investment strategy and decision-making
process lack transparency, investors find it challenging to
assess the fund’s risk level, influencing their choice and
judgment of the fund manager. Last, the diversification
of selection preferences adds complexity. Investors have
specific preferences in selecting fund managers, such as
a preference for high-tech industries or consideration of
annualized returns. These preferences are highly individ-
ualized, necessitating an interactive mechanism to aid in
constructing a diverse selection process. Overall, selecting
fund managers involves navigating multiple factors and
balancing their relevance and importance to make informed
decisions aligned with investors’ preferences and objectives.

In the current market, tools for analyzing fund managers
generally fall into three main categories: financial data ter-
minals like Wind and Bloomberg, online trading platforms
such as Alipay and Tiantian Fund, and rating agency web-
sites like Morningstar. While these tools are designed to
provide investors with extensive data on fund managers for
comprehensive analysis, they primarily offer information
at an individual level. This limitation poses a challenge in
conducting cross-sectional comparisons between fund man-
agers, thereby impeding the selection process. To address
these challenges and better support investors in selecting
fund managers, we propose a systematic approach. We
initiate the process by outlining the essential requirements
of investors during fund manager selection. Subsequently,
we introduce a visual analytics system, named FMLens,
designed to enhance the selection process for investors.
Specifically, we encode information about fund managers
as feature vectors and transform the candidate space into
the feature space. We then deconstruct the fund manager’s
investment style from multiple dimensions, including in-
vestment diversification and performance metrics. Mean-
while, we also use financial data to simulate the opaque
actions of fund managers. By providing various observa-
tion perspectives, investors can more effectively distinguish
between skill and luck, understand fund managers’ invest-
ment strategies and decision-making processes, and more
accurately assess their true investment abilities. Finally, we
develop an interactive selection workflow that takes into
account investors’ personal preferences, offering a compre-
hensive and personalized approach to the fund manager
selection process. The major contributions of our study can

be summarized as follows.
• We highlight limitations in current market tools for

analyzing fund managers, emphasizing their tendency
to provide information at an individual level and the
resultant challenge in conducting cross-sectional com-
parisons between fund managers.

• We introduce the FMLens visual analytics system as a
solution to the identified challenges, which integrates
multidimensional information to support investors in
selecting fund managers.

• We demonstrate the efficacy of our approach through
two case studies, expert interviews, and a qualitative
user study.

2 RELATED WORK

2.1 Fund Manager Performance Analysis

In recent times, substantial attention has been directed to-
wards scrutinizing the performance of fund managers by
both scholars and practitioners. To assess fund manager
performance, widely adopted quantitative approaches in-
clude the Sharpe ratio [11], Jensen’s alpha [12], and the
Sortino ratio [13]. Additionally, researchers have explored
qualitative characteristics, such as the fund manager’s ex-
perience, education, gender, and investment philosophy,
to understand their impact on performance [4], [8], [14].
William F. Sharpe’s style analysis [6] has been utilized to
identify fund managers with consistent investment styles
and strategies. Introducing the concept of “Active Share”,
Cremers et al. [15] found that mutual funds with higher “Ac-
tive Share” tend to outperform benchmarks, suggesting that
increased active management correlates with superior per-
formance. A similar conclusion was reached by Kacperczyk
et al. [10], who investigated fund managers’ unobserved
actions. Furthermore, Fama et al. [9] examined the impact
of both luck and skill on fund manager performance and
highlighted the challenges associated with differentiating
between the two.

Numerous studies have delved into exploring the per-
sistence of fund managers’ performance. For instance, in
a cross-sectional regression analysis covering a sample of
2086 funds from 1992 to 1999, Klaas P. Baks [2] calculated
Jensen’s alpha for each period, concluding that there is
persistence in fund manager performance. Similarly, Berk
et al. [3] introduced a novel measure of fund performance
and found that cross-sectional differences persisted over the
subsequent ten years, indicating the presence of long-term
persistence in fund manager performance.

Informed by previous research, our system design in-
tegrates various factors influencing fund manager perfor-
mance, such as investment preferences, performance met-
rics, and personal characteristics. Furthermore, we provide
investors with the capability to track shifts in fund man-
agers’ performance metrics over time, facilitating a retro-
spective analysis of their historical fund management activ-
ities to assess the consistency of their performance.

2.2 Financial Data Visualization

The realm of financial data visualization has gained signif-
icant attention, as evidenced by various studies [16], [17],
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[18], [19], [20]. Visualization methods, including line graphs,
icons, and tree diagrams, play a crucial role in applications
such as stock trading and quantitative investment analysis.
For instance, Schaefer et al. [21] proposed a line graph vi-
sualization method that efficiently displays a large amount
of non-overlapping data and line graphs by utilizing back-
ground colors based on a specific code. Ziegler et al. [22]
employed pixel bar charts to provide real-time comparisons
of stock, industry sector, and country/region returns and
volatilities. These studies commonly leverage line charts
to extract additional information. Sorenson et al. [23] cre-
atively combined continuous line graphs with icon-based
event representations to present financial data effectively.
Treemaps [24] and dendrograms [25] are utilized for dis-
playing stock holdings. In the realm of quantitative trading,
sPortfolio [26] classifies and integrates investment strate-
gies based on their characteristics, offering an interactive
design for strategy selection and verification within large-
scale investment strategies. Another work, iQUANT [27],
employs an embedded glyph design to assist stock traders
in selecting promising investment portfolios. Building on
this, RankFIRST [28] enhances iQUANT by introducing
interpretable factor calculation models and displaying factor
rankings through a hierarchical slope graph design.

When it comes to fund visualization, FundExplorer [25]
introduces a distorted tree diagram to visualize a fund’s
portfolio composition and remaining stocks, facilitating the
identification of additional funds for portfolio diversifica-
tion. Dwyer [29] proposed a 2.5-D graph to illustrate the
results of fund clustering based on stock holdings. No-
tably, existing research in visual analytics has predomi-
nantly focused on representing stock data or quantitative
trading, leaving fund manager data comparatively under-
studied. Recognizing this gap, we propose a novel ap-
proach grounded in interactive visualization techniques to
empower investors in efficiently evaluating, comparing, and
ultimately selecting fund managers.

2.3 Multivariate Time-Series Data Visualization
Fund manager data encompass time-series with various at-
tributes, including, but not limited to, manager background
details, industry investment ratios, and income-related in-
formation over time. Numerous studies have delved into
the analysis of time-series data [30], [31], [32]. For instance,
Lei et al. [33] introduced the concept of ”visual signature”
for financial time-series data, aiding professional analysts in
promptly extracting valuable visual insights. Sorenson et al.
[23] devised a scalable visual representation to describe nu-
merous discrete timestamped events, catering to the needs
of hundreds of thousands of financial market professionals.

Conversely, other notable visualization methods cen-
ter on analyzing time-series data with multiple attribute
changes, primarily focusing on designing efficient visual-
izations for detecting trends and patterns [34], [35], [36],
[37], [38]. In our study, we integrate innovative visualization
glyphs with a timeline design to portray multivariate at-
tributes, illustrating the evolution of various characteristics
of fund managers. Moreover, we provide target users with
interactive features to compare fund managers across dif-
ferent time periods or events, facilitating a comprehensive
examination of their performance.

3 OBSERVATIONAL STUDY

3.1 Needfinding Interview
In order to gain practical insights into the needs of fund
investors, we collaborated with eight experts possessing a
minimum of five years of experience in the field of fund
investment. These experts were sourced from two channels:
(1) the financial technology and investment program at a
partner university, and (2) a collaborating financial institu-
tion. Prior to the interviews, we secured informed consent
from the domain experts, allowing us to disclose their
detailed information, including age, gender, occupation,
and years of experience (Yrs Exp), as outlined in Table 1.
The interviews, lasting approximately one hour each, were
carried out through Zoom, an online conferencing platform.
The entire interview process was audio-recorded with the
explicit consent of the participants.

TABLE 1: The demographic characteristics of the eight do-
main experts (identified as E1 through E8) who participated
in the needfinding interview were collected and analyzed.

ID Gender Age Occupation Yrs Exp

E1 Male 45 Senior Investment Manager 17
E2 Female 38 Investment Major, Professor 11
E3 Male 33 FinTech Major, Professor 10
E4 Male 36 Financial Analyst 9
E5 Male 34 Fund Risk Analyst 7
E6 Female 28 Financial Analyst 6
E7 Female 25 FinTech Major, PhD 5
E8 Male 27 Investment Major, PhD 5

In the interview sessions, our initial inquiry sought
validation of the experts’ recognition of the significance of
selecting fund managers within their real investment proce-
dures. Upon affirmation, we proceeded to inquire about the
prevalent methods they employ to choose fund managers
from the market. Following this, we prompted the experts to
elucidate their individual analytical approaches to the fund
manager selection process. In the third phase, we delved
into the analytical tools regularly utilized by the experts
in their daily activities, aiming to uncover any associated
drawbacks or inconveniences. Collaborating with the ex-
perts, we engaged in a brainstorming session to pinpoint
reasonable enhancements for the identified issues. Finally,
we meticulously organized the gathered data and initiated
an iterative coding process [39] for a comprehensive analy-
sis. Based on the needfinding interviews, several qualitative
findings pertaining to fund investors were identified.

F.1 Fund managers play a crucial role in investments.
Experts consistently emphasize the crucial role fund man-
agers play in investment decisions. E2 articulated this by
stating, “the fund manager drives the performance, so I pay
more attention to their track record and investment philosophy
than the fund itself ”. Moreover, several experts provided in-
stances where choosing the right fund manager significantly
contributed to superior investment outcomes. For instance,
E4 recounted an experience of selecting a relatively obscure
fund based on trust in the fund manager’s expertise, leading
to outstanding fund performance over time.

F.2 Challenges in navigating a diverse pool of fund
managers: Experts highlighted the complexities associated
with efficiently accessing and consolidating information
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about a broad spectrum of fund manager candidates. They
pointed out the limitations of existing tools in offering a
comprehensive snapshot of the candidate space, resulting
in a substantial time investment during the initial research
phase. E1 expressed, “existing tools don’t provide a compre-
hensive overview,” and E6 proposed that “a more streamlined
approach would save time and enable us to focus on what really
matters—the analysis.”

F.3 Diverse approaches in assessing fund managers.
Investors employ a varied approach to evaluate fund man-
agers, with different individuals prioritizing specific factors
during the screening process. E5, for example, places a
premium on the fund manager’s risk control ability, while
E7 embraces a “high risk, high return” investment strategy.
Despite these differences, most experts endorse a compre-
hensive assessment that considers multiple factors such as
performance, investment philosophy, and risk management.
This ensures a thorough understanding of fund managers’
strengths and weaknesses, as underscored by E4.

F.4 Existing tools lack the flexibility to tailor selection
strategies to individual preferences. Experts consistentlly
emphasized the crucial alignment between an investor’s
philosophy and a fund manager’s approach. The need for
tools allowing customization of selection strategies to pri-
oritize personally significant factors for selecting fund man-
agers was a recurring theme. E6 expressed, I feel more secure
in my investments and achieve better returns when my investment
objectives align with the fund manager’s approach.” Despite this
importance, experts observed a lack of flexibility in existing
tools for tailoring selection strategies. E8 suggested, “an ideal
system would enable me to rank fund managers based on my
investment preferences, allowing me to focus on the factors that
matter most to me.”

F.5 Evaluation of fund managers should go beyond
metrics. Experts underscored the limitations of metrics in
evaluating fund managers. The need to go beyond aggregate
metrics was emphasized, particularly for fund managers
overseeing multiple funds simultaneously. E3 highlighted
the significance of scrutinizing claims of high annualized
returns, stating, “It is crucial to investigate if such returns are
achieved across all managed funds or if they are limited to only
one fund, thereby concealing poor performance in other funds.”

F.6 Understanding “Unobserved Actions” for insight-
ful evaluation: The term “unobserved actions” includes
confidential decisions, strategies, or behaviors employed
by managers to adjust fund positions1 [10]. Despite their
potential impact on fund performance, limited data or lack
of disclosure often hinder a comprehensive assessment of
these actions. Current tools inadequately shed light on these
“unobserved actions”, resulting in an incomplete under-
standing for investors. E1 emphasized that these actions
reflect a fund manager’s responsiveness to market events,
underscoring the necessity for improved tools to assess such
actions effectively.

F.7 Necessity of Comparative Analysis for Fund Man-
agers: E4 and E6 highlighted the importance of conducting
comparisons during the evaluation of fund managers. They
emphasized that existing tools lack adequate support for

1. Fund position refers to the proportion of equity assets held by the
fund as a percentage of the fund’s total assets.

this type of analysis. E6 specifically mentioned that current
tools only integrate fund manager data without providing
sufficient support for effective comparisons. This limitation
impedes their work and creates challenges in making well-
informed decisions.

3.2 Requirement Characterization
After several rounds of discussion and ideation, the sub-
sequent requirements (R.1–R.6) were deduced from the
needfinding survey.

R.1 Provide an overview of the fund manager candi-
date pool. The first requirement addresses the necessity for
an effective way to present investors with an overview of the
existing fund manager candidate pool (F.2). The overview
should include details about the investment style and per-
formance of the fund managers. The objective is to reduce
the information collection effort and empower investors to
promptly and efficiently assess the fund manager landscape.
A clear and concise visualization of this information can
assist investors in identifying managers who meet their
investment criteria.

R.2 Assess a fund manager’s investment expertise
across various dimensions. The second requirement in-
volves the need to assess a fund manager’s investment
skills across multiple dimensions, including risk manage-
ment, asset allocation, and market timing. To support this
evaluation, detailed metrics should be provided, empower-
ing investors to make well-informed investment decisions
aligned with their individual preferences and risk tolerance,
as highlighted by the finding of F.3.

R.3 Customize ranking strategies according to investor
preferences. Every investor possesses unique goals and
preferences, and these factors should be taken into account
when ranking fund managers (F.4). Investors should be en-
abled to assign weights to their specific preferences, such as
risk tolerance and returns. This customization enables gen-
erating personalized rankings that prioritize fund managers
aligning with the investor’s preferences. This approach en-
sures a more precise match between the investor and the
selected fund manager.

R.4 Provide a comprehensive historical review of
management records. The fourth requirement underscores
the need for a thorough historical review of management
records of fund managers, extending beyond the consid-
eration of performance metrics alone (F.5). In cases where
an individual oversees multiple funds, relying solely on
performance metrics may not provide a complete picture of
their abilities. To address this, we should provide investors
with access to detailed historical management records, em-
powering them to conduct a more holistic analysis of the
fund manager’s abilities.

R.5 Simulate fund managers’ position adjustment ac-
tions. As highlighted by E1, unobserved actions, i.e., po-
sition adjustment actions, reflect the fund manager’s in-
vestment ability and style, playing a pivotal role in the
investors’ decision-making process (F.6). Consequently, we
should incorporate a simulation feature for fund position
changes. This functionality allows investors to delve into
the fund manager’s investment style, market judgment, and
timing, providing insights that contribute to well-informed
investment decisions.
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Fig. 1: The architecture of FMLens is composed of a back-end engine and a front-end visualization. Within the back-end
engine, a data processing module converts the attributes of fund managers into performance metrics, and a simulation
module employs regression techniques to predict adjustments made by fund managers in their positions. On the front-end
visualization side, four distinct views have been carefully crafted for analysis.

R.6 Facilitate performance comparisons among fund
managers. In line with the insights from experts (F.7), a
crucial requirement is to enable comprehensive comparisons
between fund managers, extending beyond a mere multi-
level performance summary. Experts emphasize the signifi-
cance of comparing the performance of products managed
by fund managers over the same time frame. As articulated
by E2, “it is not uncommon for fund managers to yield similar
high returns, yet for different reasons.” Therefore, the ability to
identify and understand these distinctions aids investors in
making more informed decisions.

4 APPROACH OVERVIEW

We propose FMLens, an interactive visual analytics sys-
tem that scaffolds the process of fund manager selection
for investors. Figure 1 shows the architecture of FMLens,
which consists of two primary components: a back-end
engine and a front-end visualization. In the back-end en-
gine, relevant attributes indicative of the fund managers’
investment capabilities are initially quantified, and high-
dimensional performance metrics are derived from raw
data utilizing the data processing module. Subsequently, the
simulation module employs regression techniques focused
on the fund’s net value to model the positional adjustments
made by fund managers. In terms of front-end visualization,
we have meticulously designed four distinct views aimed
at providing comprehensive insights and facilitating inter-
active exploration of data. During the design process, we
focused on user experience, undergoing multiple iterations
of improvement to ensure that investors of varying financial
and analytical expertise can utilize the system effectively.

5 BACK-END ENGINE

5.1 Data Description and Processing

This study draws upon data obtained from a publicly acces-
sible investment website2. As shown in Table 2, we filtered
out equity fund managers from this dataset, resulting in
a total of 2047 fund managers. Each entry in this dataset

2. http://fund.eastmoney.com

corresponds to a distinct fund manager and includes es-
sential information such as the fund manager’s code, name,
employment duration, and fund management records. The latter
encompasses the manager’s historical fund management
experience, providing details such as the fund’s code, name,
management start time, and end time.

TABLE 2: Two datasets used in our study.

Dataset Capacity Characteristics Dimensions

Fund Manager 2047 Code, Name, Fund Management Records

Fund 5439
Code, Name, Size,
Industry Allocation, Daily Net Value,
Turnover Ratio, Top 10 Positions

To accurately calculate fund manager performance met-
rics, we obtained additional information about the fund
through the fund code using a publicly available data API3.
Addressing the potential issue of duplicate queries arising
from a fund being managed by multiple fund managers
at different times, we first aggregated all funds appearing
in the management records. Subsequently, we queried and
stored data from all 5439 funds. Each entry in this resultant
dataset corresponds to a unique fund and encompasses
various informative variables, including Daily net value, Size,
Industry Allocation, Turnover Ratio, and Top 10 Positions. It’s
noteworthy that the daily net value data is time-series in
nature, updated at the conclusion of each trading day, while
the other data points are discrete and disclosed quarterly in
the fund’s financial reports.

5.2 Performance Metrics Computation

Drawing from both relevant literature [3], [40] and expert
recommendations, we have identified six key performance
metrics for evaluating the investment style and abilities of
fund managers:

• Return: Also known as financial return, this metric de-
notes the net profit or loss generated by an investment
within a specified time frame.

3. https://www.ricequant.com/doc/rqdata/python/fund-
mod.html
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• Volatility: A statistical measure reflecting the extent of
variation in returns of a given security or market index.

• Sharpe Ratio: This metric compares the return of an
investment with its risk level, using a mathematical
expression that considers the potential impact of excess
returns over time, signaling greater volatility and risk
than investment skill.

• Maximum Drawdown: The maximum observed loss
from the peak to the trough of a portfolio before a new
peak is reached, serving as an indicator of downside
risk over a given period.

• Turnover Ratio: Representing the proportion of hold-
ings within a mutual fund or other portfolios that are
replaced within a given time period.

• Top 10 Positions: Pertaining to the top ten stocks held
within the fund’s position, expressed as a percentage of
net value.

It is important to note that the evaluation of a fund
manager’s performance evaluation is exclusively tied to
the funds under their management. This implies that the
previously mentioned metrics are computed on a per-fund
basis [3], [12], [40]. For instance, consider a scenario where
a fund manager oversees two funds, A and B. In the past
three months, fund A has yielded a return of 20%, while
fund B has produced a return of 40%. In this case, the fund
manager’s overall return is the average (30%) of the returns
from both funds, irrespective of their size.

As suggested by experts, the presentation of the fund
manager’s performance metrics adopts a time-series per-
spective. Based on the characteristics of the data source
behind the performance metrics, we categorize them into
two types: “arbitrary interval” metrics and “fixed interval”
metrics. The “arbitrary interval” metrics (including Return,
Volatility, and Sharpe Ratio) are calculated based on the
fund’s net value of for each trading day, which is publicly
available information. Therefore, we can specify any time
interval to calculate the values of the three metrics as fol-
lows.

Return =

n∑
k=1

wk ×
P

(j)
k − P

(i)
k

P
(i)
k

, (1)

where n represents the number of funds managed by the
fund manager in the interval, P (i)

k denotes the net value of
the kth fund at the beginning of the interval, P (j)

k denotes
the net value of the kth fund at the end of the interval,
and wk represents the weighting, which is dependent on
the averaging method;

Volatility =

n∑
k=1

wk × σk, (2)

where σk represents the standard deviation of the daily net
value of the kth fund within the interval; and

Sharpe Ratio =

n∑
k=1

wk ×
R

(k)
p −R

(k)
f

σ
(k)
p

, (3)

where R
(k)
p denotes the return of the kth fund within the

interval, R(k)
f denotes the risk-free rate of return of the kth

fund, and σ
(k)
p denotes the standard deviation of the excess

return of the kth fund.

Unlike the “arbitrary interval” metrics, the “fixed inter-
val” metrics (including Maximum Drawdown, Turnover Ratio,
and Top 10 Positions) cannot be calculated using publicly
available data; they must be directly obtained from the
fund’s quarterly reports. Since these reports are disclosed
every three months, it limits these metrics to only reflecting
the situation within fixed time intervals.

5.3 Fund Manager Ranking
Upon computing the performance metrics, we employ a
TOPSIS [41]-based multi-attribute ranking approach. This
approach considers the six aforementioned performance
metrics as distinct attributes, aligning with expert recom-
mendations. The ranking process unfolds through the fol-
lowing steps:

1) Determining the Decision Matrix: Each candidate
manager is represented as a decision matrix D, where
Dij denotes the jth attribute value of the ith candidate.

2) Standardizing the Decision Matrix: Normalize the
decision matrix D to yield the standardized decision
matrix R.

3) Determining Attribute Weights and Constructing the
Weighted Matrix: Utilize vector W to denote attribute
weights set by the user, where wj signifies the weight of
the jth attribute. Subsequently, construct the weighted
standardized matrix V , with Vij = wj ×Rij .

4) Determining the Best and Worst Solutions: Calculate
the best solution A+, where A+

j = maxi Vij , and the
worst solution A−, where A−

j = mini Vij .
5) Computing the L2 Distance between Each Can-

didate and the Best/Worst Solutions: Calculate the
distance S+

i =
√∑6

j=1(Vij −A+
j )

2 from each can-
didate to the best solution and the distance S−

i =√∑6
j=1(Vij −A−

j )
2 from each candidate to the worst

solution using Euclidean distance.
6) Ranking the Candidates: Rank the candidates based on

the similarity indices ci =
S−
i

S+
i +S−

i

, where 0 ≤ ci ≤ 1.
The condition ci = 1 holds if and only if the candidate
is the best solution, and ci = 0 holds if and only
if the candidate is the worst one. In essence, higher
indices correspond to higher rankings, signifying su-
perior choices.

5.4 Position Adjustment Simulation
As discussed in subsection 3.2 (R.5), simulating fund po-
sitions provides investors with a valuable exploration into
the fund manager’s investment style, market judgment, and
timing. This exploration yields insights crucial for making
well-informed investment decisions.

Generally, simulations of adjustments in fund positions
fall into two primary categories: regression-based [42],
[43], [44] approaches and Deep Learning (DL)-based ap-
proaches [45], [46]. Despite the robust capabilities of DL-
based methods, they require extensive training data and
often face computational efficiency challenges, limiting their
real-time interaction. Consequently, we have chosen an
index-based regression approach to model daily changes
in fund positions—a method supported by various stud-
ies [42], [47], [48]. This methodology involves regression,
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with the daily returns of the fund as the dependent variable
and the daily returns of primary industry indices4 as inde-
pendent variables. The problem can be formulated using the
following regression equation:

Rf,t =

n∑
i=1

γi,tIi,t + εt (4)

In this equation, Rf,t represents the daily returns of fund
f on the t-th day, Ii,t represents the daily returns of the ith

industry index on the tth day, γi,t is the regression coeffi-
cient to be fitted, and εt is the residual term. We interpret
γi,t as the percentage of the fund’s investment in stocks
belonging to the ith industry on the tth day. Consequently,∑

i γi,t represents the percentage of all assets held by the
fund in equity assets, reflecting the fund position for the tth

day. The daily change in fund position is then measured by∑
i(γi,t+1 − γi,t)

2.
To improve the fidelity of our simulations, we conducted

a series of experiments to identify the optimal regression
strategy and time window length that closely mimic real-
world scenarios.

Regression Strategy: We initially employed three com-
monly utilized regression methods – Principal Component
Regression (PCR) [49], Ridge Regression [50], and Lasso
Regression [51]. These strategies were applied to estimate
positions for 90 equity funds from the end of the third
quarter of 2020 to the end of the third quarter of 2021,
encompassing five quarter-end cross-sections. To simulate
a fund’s position on trading day T , we utilized daily re-
turn data for the fund and 28 primary industry indices
over a span of 30 trading days, ranging from T -14 to
T+15. Subsequently, we computed the Mean Absolute Error
(MAE) [52] between the simulated and actual positions of
the 90 funds on each quarterly reporting date. The results,
presented in Table 3, indicate that Lasso Regression exhibits
superior accuracy, Principal Component Regression demon-
strates slightly weaker performance, and Ridge Regression
consistently shows systematic overestimation.

TABLE 3: The obtained experimental results involve the
application of three distinct regression strategies to simulate
positions. For each regression method, we calculate the
Mean Absolute Error (MAE) between the simulated and
actual positions for 90 funds on each quarterly reporting
date spanning from October 1, 2020, to December 31, 2021.

Reporting Date PCR Ridge Lasso

2020/12/31 4.48% 3.54% 2.00%
2021/03/31 4.63% 4.15% 0.93%
2021/06/30 5.69% 9.94% 1.22%
2021/09/30 7.65% 12.98% 2.46%
2021/12/31 0.47% 13.39% 3.12%

Time window length. We further evaluate the sensitivity
of the three regression methods to varying time window
lengths, focusing on three cross-sections at the conclusion

4. A financial index produces a numeric score based on inputs such
as a variety of asset prices. It can be used to track the performance of
a group of assets in a standardized way. Indices typically measure the
performance of a basket of securities intended to replicate a certain area
of the market.

of the fourth quarter of 2020, the first quarter of 2021,
and the second quarter of 2021, while varying window
lengths from 15 to 59 days (Figure 2). Our observations
reveal that, in most instances, the mean prediction error of
each method stabilizes after the window length surpasses
40 days, signifying the convergence of solutions. No distinct
pattern is discernible for window lengths less than 40 days.
It is advisable to avoid excessively long window lengths,
generally not exceeding one quarter (about 60 trading days),
as the regression coefficients depict the average fund posi-
tion in the past window period, and this value is employed
to predict the fund position at the present time. An overly
extended window length may result in lagging predictions.
Based on our assessment, we opt for Lasso regression with
a 30-day time window for our simulation module to align
with the intensity and frequency of changes in fund posi-
tions.

Fig. 2: The present chart displays the variation in the average
mean of the length of the time window across three quarters,
spanning a range of 15 to 59 days. Notably, the performance
of Lasso regression stands out as the best, reaching its nadir
at approximately 30 days.

6 FRONT-END VISUALIZATION

The fundamental design principle guiding FMLens aims to
leverage and enhance familiar visual metaphors, allowing
investors to focus on analysis. Illustrated in Figure 3, we
have developed four primary visualizations to assist in-
vestors in the efficient evaluation and selection of potential
fund managers: the FM Overview (Figure 3 (A)), summariz-
ing the fund manager candidate space (R.1); the Ranking
View (Figure 3 (B)), displaying the evolution of various
performance metrics over time and facilitating fund man-
ager ranking based on investor preferences (R.2-R.3); the
Historical Management View (Figure 3 (C)), integrating past
fund management records and simulating their positions to
provide insights into the investment styles and abilities of
fund managers (R.4-R.5); and the Comparison View (Figure 3
(D)), enabling investors to conduct a detailed comparison of
the performance of different fund managers (R.6).

6.1 FM Overview
The FM Overview (Figure 3 (A)) serves as a summary of
the candidate space, aiding in the identification of potential
similarities and outliers among fund managers. Common
dimensionality reduction techniques, including t-SNE, PCA,
and MDS, are widely employed to create low-dimensional
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Fig. 3: The front-end visualizations of FMLens consists of four views: (A) The FM Overview serves as a summary of the
fund manager candidate space. (B) The Ranking View facilitates the examination of fund managers’ performance evolution
and supports interactive ranking. (C) The Historical Management View provides a comprehensive review of fund managers’
management records. (D) The Comparison View is crafted to facilitate the comparison of fund performance among one of
more fund managers.

representations that preserve local similarities, revealing
neighborhood structures [53], [54]. Adhering to conven-
tional practices, we project all fund managers into a 2D
space to explore potential clusters and outliers. Following
discussions with domain experts, we utilize the amount
of money invested by fund managers in each industry
sector as feature dimensions to assess their investment styles
at the industry level. Specifically, we quantify each fund
manager’s cumulative investment amount in the 19 primary
industry sectors defined by the China Securities Regula-
tory Commission (CSRS) as the feature vector. We applied
three dimensionality reduction methods—PCA, MDS, and
t-SNE—to scrutinize the data. The results indicated that
PCA and MDS methods yielded suboptimal performance,
while the t-SNE method consistently generated projection
results aligned along a curve. In consultation with experts,
it was proposed that this tendency could be attributed to
the nature of high-dimensional data, potentially reflecting
correlations or inter-industry relationships influencing the
fund manager’s investment decisions and manifesting as
a curve in the low-dimensional space. Subsequently, we
utilized t-SNE to project these high-dimensional vectors into
a 2D space. As illustrated in Figure 3 (A.1), each point in
the projection space represents a fund manager, with color
indicating cumulative returns.

Users can lasso any of the points and click the “Select”
button to display the specific industry allocation of the
lassoed fund managers in the summary chart below. Due
to space constraints, our system supports selecting at most

two groups, which will be displayed on the left and right
sides of the summary chart. Users can also clear all selected
points by clicking the “Clear” button. In Figure 3 (A.2), the
summary chart consists of 19 rows corresponding to the 19
primary industry sectors mentioned earlier, with letters (A–
S) on the left representing the industry codes defined by
the CSRS. For a lassoed fund manager, each row features
a point representing the person’s investment percentage in
that industry, with the color of the point corresponding to
the person’s return in that industry, maintaining consistency
with the projection space. Users can brush a region in any
row, prompting the system to select all fund managers
in that region as a group and draw a box plot in each
row, illustrating the distribution of the group’s investment
percentage in each industry.

6.2 Ranking View
The Ranking View (Figure 3 (B)) streamlines the examination
of the evolution and overall distribution of fund managers’
performance metrics over time, offering the capability to
assign weights to these metrics for ranking purposes. This
view is composed of three subviews: the metrics table
(Figure 3 (B.1)), the semicircular radar chart (Figure 3 (B.2)),
and the ranking control panel (Figure 3 (B.3)).

Metrics Table. Traditional financial software commonly
uses line graphs to illustrate the dynamic changes in metrics
over time. However, the goal of this study is to enable
a more efficient comparison of dynamic metric changes
among various fund managers within a confined space.
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Fig. 4: Details of the Historical Management View: (1) The rectangular glyph is present below each reporting date. Within
the glyph, each dot corresponds to a stock, representing the Top 10 Positions. The dots are arranged vertically based on the
percentage of holdings, with lower dots indicating higher percentages. (2) The square marker is linked to a stock appearing
for the first time for easy differentiation. Users can access more details by hovering over the marker. (3) The connection line
connects the same stocks across reporting dates. (4) The radius of circular diagram corresponds to the fund’s total capital
size, with the blue section representing the sum of the Top 10 Positions’ size as a percentage of the total capital size.

Therefore, following discussions with experts, we chose to
use a table + horizon charts [55] design. As illustrated in Fig-
ure 3 (B.1), each row in the table represents a fund manager,
and each column corresponds to one of the six performance
metrics (Return, Volatility, Sharpe Ratio, Maximum Drawdown,
Turnover Ratio, and Top 10 Positions). Above the table, a
control panel is provided to empower users to customize
the time range, time interval, and averaging method. The
time range determines the horizontal axis range for all
horizon charts in the table. The time interval governs the
calculation units for the three “arbitrary interval” metrics
(Return, Volatility and Sharpe Ratio) discussed in subsec-
tion 5.2. The averaging method adjusts the weights wk used
in computing the composite score of each fund manager, as
detailed in subsection 5.2.

Semicircular Radar Chart and Ranking Control Panel.
The semicircular radar chart (Figure 3 (B.2)) within the
Ranking View features six concentric circular axes, each rep-
resenting a fund manager’s average performance metrics
over the user-defined time range. The points, symbolizing
the average of each metric for a fund manager, are connected
by lines to create a polygon, where the distance from the
center signifies the magnitude of the metric value. Users
can engage with this chart by clicking on a row in the Met-
rics Table to highlight the corresponding fund manager’s
polygon. Furthermore, the ranking control panel (Figure 3
(B.3)) empowers users to assign weights to each metric,
thereby influencing the rankings of fund managers in the
metrics table. The order of rankings can be adjusted, either
in ascending or descending order, by modifying the weights
of the metrics. For instance, returns are typically ranked in
ascending order, signifying that higher returns correspond
to higher rankings.

Design Alternatives. Multiple design alternatives were
considered for representing performance metrics over time,
illustrated in Figure 5. The initial design employed a
straightforward area chart, as shown in Figure 5 (a), where
positive and negative values were differentiated by their
directions, and these charts were assigned to cells in a table.

To conserve space, a mirrored area chart was suggested in
Figure 5 (b). However, aligning the vertical axis scales across
different charts became essential when displaying perfor-
mance metrics for multiple fund managers. This alignment
aimed to prevent visual misinterpretation, ensuring that
changes in one fund manager’s performance were not vi-
sually misleading when compared with other managers’
performance on the same scale. To address this challenge,
a mirrored horizon graph was proposed in Figure 5 (c).
This design segmented the mirrored area chart into non-
overlapping bands of equal size along the vertical axis and
stacked all other bands on top of the band closest to the
horizontal axis. While this design resolved the issue of uni-
form vertical axis scales, it resulted in a flipped slope for the
negative part, which was not preferred during discussions
with experts. Consequently, the chosen design was an offset
horizon graph, as depicted in Figure 5 (d), utilizing an offset
approach rather than mirroring.

Fig. 5: Various design alternatives were explored for visual-
izing performance metrics over time. Initial considerations
included a simple area chart (a) and a mirrored version for
space efficiency (b). However, aligning vertical axis scales
across different charts became crucial to prevent misin-
terpretation when comparing multiple fund managers. A
mirrored horizon graph (c) addressed this, but its flipped
slope for the negative part was not favored. Ultimately,
an offset horizon graph (d) was selected, using an offset
approach for a more suitable representation.



IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS 10

6.3 Historical Management View

The Historical Management View (Figure 3 (C)) provides
a comprehensive review of fund managers’ management
records, aiding users in understanding performance metrics
through fund data. When users select a fund manager in the
metrics table within the Ranking View, all funds managed by
that individual are automatically included in this view. The
organized funds can be navigated vertically, and tabs at the
top allow easy switching between multiple managers. Each
fund is identified by its name and unique code in the upper
left corner. A abbreviated timeline on the right provides a
summarized view of the fund’s operational history, with
the red portion indicating the manager’s oversight dura-
tion. Users can modify the time range on the main chart’s
horizontal axis (Figure 3 (C.1) & (C.2)) by brushing the
abbreviated timeline.

The main chart in this view can be segmented into upper
and lower subplots, both sharing a common timeline. The
upper subplot (Figure 3 (C.1)) displays the fund’s daily net
value dynamics over time. As shown in Figure 3 (C.1), the
green line signifies the fund’s daily net value, and the yellow
ripple area indicates the day’s simulated position change
compared to the previous day, with larger areas denoting
more significant changes.

The lower subplot (Figure 3 (C.2)) showcases informa-
tion disclosed in quarterly report. In Figure 4 (1), a rectan-
gular glyph is present below each reporting date. Within
the glyph, each dot corresponds to a stock, representing
the Top 10 Positions discussed in subsection 5.2. The dots
are arranged vertically based on the percentage of holdings,
with lower dots indicating higher percentages. For a stock,
if it becomes a member of this fund’s Top 10 Positions for the
first time, a square marker (Figure 4 (2)) will be linked to
the stock’s corresponding dot for easy differentiation. Users
can access more details about the stock by hovering over
the marker. Additionally, to depict the long-term holding
relationship, we connect the same stocks across different
reporting dates using lines (Figure 4 (3)). This feature aids
users in understanding the fund’s investment dynamics in
a specific stock over time.

Furthermore, a circular diagram above the rectangular
glyph (Figure 4 (4)) is included. The circle’s radius corre-
sponds to the fund’s total capital size, with the blue section
representing the sum of the Top 10 Positions’ size as a
percentage of the total capital size.

Design Alternatives. Figure 6 illustrates three iterations
of the design aimed at presenting information in the lower
subplot. In the initial version (1) depicted in Figure 6, a tree
glyph design was employed. The height of the brown bar
(trunk) represented the fund’s size, and each circle (leaf)
attached to the bar corresponded to one of the fund’s Top
10 Positions. The relative location of connected circles on
the bars was proportional to the percentage of holdings.
However, this design did not account for the daily linkage of
quarterly reports, making it challenging to track changes in
the fund’s holdings of specific stocks over time. To address
this limitation, a second version inspired by the Sankey
diagram was proposed (2) in Figure 6. Square markers
below each reporting date represented the Top 10 Posi-
tions, with their vertical axis location corresponding to the

percentage of holdings. Connections were drawn between
the same stocks on different reporting days to facilitate
tracking the dynamics of the fund’s holdings. While this
design addressed the initial version’s problem, it faced
potential visual clutter, especially when two stocks had very
close investment percentages, leading to overlapping square
markers. In the final design (3) (Figure 6), we opted not to
use the square markers’ location to encode the percentage
of holdings. Instead, a layout algorithm was employed to
prevent overlapping, and connections were established back
to the dots in the rectangular glyphs to represent the actual
percentage of holdings.

Fig. 6: Three designs were developed to present the infor-
mation disclosed in quarterly reports: (1) The first version
features a design where the height of the brown bar (trunk)
represents the fund’s size. Each circle (leaf) attached to the
bar corresponds to one of the fund’s Top 10 Positions. (2) The
second version draws inspiration from the Sankey diagram,
utilizing square markers to represent stocks. The design con-
nects the same stocks on different reporting days, providing
an effective visualization of the fund’s holdings dynamics.
(3) The final design combines the strengths of the first and
second versions while addressing their limitations, resulting
in an optimized and comprehensive representation.

6.4 Comparison View

The Comparison View is crafted to facilitate the comparison
of fund performance among one or more fund managers, as
depicted in Figure 3 (D). This view integrates a table and a
line chart, and users can include funds in the Comparison
View by selecting them within the Historical Management
View. In the table, fundamental details about the chosen
funds are presented, encompassing the fund code, manager,
start management time, and end management time.

Simultaneously, the line chart visually represents the
daily net value of each fund through distinct colored curves.
Users can hover over funds in the table to emphasize the
corresponding curves. Given that the start and end times
may differ among funds, the default time range of the line
chart spans from min(all start time) to max(all end time)
to accommodate the display of all selected funds. Users
retain control over the time range by brushing the abbre-
viated timeline below. It’s important to note that if a fund’s
[start time, end time] falls outside the brushed time range,
the fund will not be visible.
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Fig. 7: Case I: (1) Lasso two groups with large differences in returns. (2) Observe the difference in investment concentration
between the two groups. (3) Brush some managers for further analysis. (4) Set the time range, step and mean method to
calculate metrics. (5) Adjust metric weights for ranking. (6) View the performance metrics of the top fund managers. (7)
Click to check historical management records. (8) Generate findings by management records. (9) Comparison shows the
funds with a similar pattern of development after the “Qi He” takeover.

7 EVALUATION

We first showcase the efficacy of FMLens through two case
studies, pinpointed by our collaborative experts during their
system exploration. Furthermore, we conduct a user study
involving 12 participants to evaluate their interaction and
experience with our system.

7.1 Case Study

We invited the eight experts from subsection 3.1 who ac-
tively participated in the initial design process to experi-
ence FMLens. Following a brief introduction to the visual
encoding and interaction logic of FMLens, each expert was
provided with 30− 45 minutes for unrestricted exploration
of the system. The following two cases highlight some of the
insights gained by the experts during their exploration.

7.1.1 Case I: A Leader in Manufacturing Investment

The first case study describes the procedure of using FMLens
to identify a suitable fund manager for the expert E6.

Identifying return disparities. In the FM Overview, E6
initially observed a distinctive distribution pattern of down-
scaled points along a curve. Notably, she identified Group
A with a concentration of red points at one end and Group
B, almost entirely represented by blue points (Figure 7 (1)).
Intrigued by the differences in returns between these two
groups, E6 lassoed both groups for further analysis in the
summary chart below. Upon closer examination, she found
that Group A’s investments were highly concentrated in
the Manufacturing industry (industry C), while Group B
exhibited a more diversified portfolio (Figure 7 (2)). E6
speculated on the reasons behind the return disparity, stat-
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ing, “manufacturing possesses the largest market size among all
industry sectors, resulting in the highest potential returns during
an economic upswing. Fund managers in Group A may capi-
talize better on the manufacturing opportunities in an economic
upswing. Conversely, Group B managers may have a preference
for other sectors, potentially leading to their missing out on
opportunities and resulting in lower returns.”

Analyzing top-performing fund managers. E6 then
focused on fund managers in Group A with a significant
percentage of investments in manufacturing. After brushing
(Figure 7 (3)), these managers were added to the Ranking
View. In this view, E6 adjusted the time range, step, and
mean method for calculating performance metrics (Figure 7
(4)), and set weights for each metric based on her investment
preferences (Figure 7 (5)). After generating the ranking, E6
examined the performance metrics of the top fund managers
(Figure 7 (6)). She remarked, “The results are in line with my
expectations, but the performance of the top three looked very
close.” To gain deeper insights, she explored the manage-
ment records of the top three in the Historical Management
View (Figure 7 (7) & (8)).

One fund manager’s strong metrics tied to one highly
profitable fund. Starting with the third-ranked manager,
Zheng Chengran, E6 discovered that while currently oversee-
ing a substantial number of funds, only one (code: 004997)
was highly profitable. Notably, the size of this fund stood
out as significantly larger than any other managed by
Zheng Chengran during the same period (Figure 7 (8.1)).
E6 commented, “Zheng Chengran’s outstanding performance
metrics were heavily influenced by this fund, masking his poor
performance on other funds.”

Conservative approach and limited experience con-
tribute to another fund manager’s second-place ranking.
Moving on to the second-ranked Xing Junliang, E6 noted that
this manager had only overseen five funds to date, with a
track record beginning in 2021 (Figure 7 (8.2)). E6 observed
that Xing Junliang displayed a conservative investment style
with minimal position adjustments. She remarked, “Xing
Junliang’s investment style is conservative, which may explain
his second-place ranking. However, his management experience is
lacking, and we need to monitor his future performance further.”

The top-ranked manager consistently elevates new
fund values, strenghening E6’s confidence in his skills.
E6 concluded her analysis by examining the history of
the top-ranked manager, Qi He, a seasoned fund manager
with almost six years of investment experience. During this
exploration, E6 was surprised to find that whenever Qi He
assumed control of a new fund, its daily net value consis-
tently rose in a similar pattern (Figure 7 (8.3)). To validate
these findings, E6 added the four funds managed by Qi
He to the Comparison View (Figure 7 (9)). Remarkably, three
funds managed by Qi He since 2021 displayed comparable
development curves, closely mirroring the early trend of
the exceptional fund (code: 001856) he previously managed.
Ultimately, E6 asserted that Qi He exhibited stronger com-
prehensive skills and greater investment value.

7.1.2 Case II: The Present and Past Life of a Star Manager

The second case study illustrates how E4 used FMLens to
discern the investment style of a specific fund manager.

Starting with the FM Overview, E4 pinpointed key data
points represented by the deepest red color (indicating the
highest returns) (Figure 8 (1)). This analysis revealed that a
predominant preference for manufacturing existed among
most fund managers. E4’s interest shifted toward those
deviating from this mainstream trend – those with a low
percentage of manufacturing investments (Figure 8 (2)).

Uncovering one fund manager’s healthcare-focused
early investment style with specific stock choices. E4
proceeded to examine the overall performance of these
unconventional fund managers over the past eight years.
Surprisingly, this exploration led to the discovery of Ge Lan,
an outstanding fund manager entrenched in the healthcare
sector (Figure 8 (3)). Upon encountering negative news
related to Ge Lan’s past setbacks, E4 delved into Ge Lan’s
management records. A comprehensive examination of the
net values of all funds unveiled a stark contrast in Ge Lan’s
early performance. Notably, during her initial years, she
displayed a markedly different investment style, exempli-
fied by her third-heaviest position in Leeco, the addition of
Storm to her Top 10 Positions in the third quarter of 2015, and
the incorporation of her heaviest position at the year’s end
(Figure 8 (4.1)).

Ge Lan’s investment journey: soaring high, delisting
woes, and a shift to biopharmaceutical focus. Despite the
initial market enthusiasm for stocks like Storm and Leeco,
both were eventually delisted five years later. E4 pointed
out that Ge Lan exhibited a preference for investing in high-
flying companies during that period, capitalizing on valu-
ation expansion. However, liquidity issues led to a subse-
quent decline in the values of these stocks. Additionally, E4
observed Ge Lan’s tendency to frequently change positions
at the outset of her career (Figure 8 (4.1) & (4.2)), suggesting
a lack of well-defined investment style. The fund’s docu-
mentation, as illustrated in Figure 8 (4.2), corroborated this
observation, capturing Ge Lan’s style transitions. Notably, E4
discerned from the stock information in Figure 8 (4.2) that
Ge Lan eventually focused on the biopharmaceutical sector,
aligning with a “long-term holdings and concentrated posi-
tions” style characteristic of the sector’s dynamics.

Ge Lan’s steady strategy amidst growth challenges in
2021. Additionally, E4 speculated on Ge Lan’s recent set-
backs, attributing them to the imperative for fund managers
to diversify as their management scale grows. Intriguingly,
E4 noted that Ge Lan did not hastily alter her strategy in
2021 despite an increase in the size under management.
As shown in Figure 8 (4.2), the persistence of positions
(as indicated by the low frequency of occurrence of square
markers) and the high investment percentage to Top 10
Positions (as indicated by the location of the dots inside the
rectangular glyphs) emphasize the fact that Ge Lan remains
entrenched in its established investment methodology in
2021 without adopting an aggressive adjustment strategy.

7.2 User Study

In order to evaluate the effectiveness of FMLens, a user study
was conducted to compare the performance of FMLens with
a baseline system, Wind.5.

5. https://www.wind.com.cn/
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Fig. 8: Case II: (1) Select the points with the highest returns. (2) Brush fund managers with low percentage of manufacturing
investments. (3) Discover an outstanding fund manager, Ge Lan. (4) Ge Lan’s early immature investment style, preferring
to pursue star companies such as Leeco (4.1) and Storm (4.2). The historical records show shift in her investment style.

Participants. We recruited a total of 12 participants, each
possessing a minimum of two years of experience in fund
investment. None of the participants had prior exposure
to our system. Among them, five individuals {P1 (Gender:
male, Age: 26), P2 (male, 29), P3 (male, 33), P4 (male, 32),
P5 (female, 28)} were recruited from financial institutions,
where E1, E4-6 are employed, while the remaining seven
participants {P6 (male, 22), P7 (female, 25), P8 (female, 24),
P9 (male, 24), P10 (male, 23), P11 (male, 25), P12 (male,
27)} were recruited from universities where E2-3, E7-8 are
affiliated.

Tasks and Procedure. At the beginning of the study,
participants received a concise explanation of the workflows
of both FMLens and Wind. This 20-minute briefing detailed
the performance metrics incorporated in FMLens. Following
the explanation, participants were provided with two links
for online access to FMLens and Wind, respectively. They
were then granted a 20-minute exploration period to be-
come familiar with the features of both systems. After this
exploration phase, participants engaged in the completion
of four tasks, each designed to closely align with our initial
design requirements.

• T.1: Identify a fund manager with a diversified invest-
ment sector and another with a concentrated invest-
ment sector (R.1).

• T.2: Evaluate multiple fund managers with consistently
superior monthly returns throughout the 2021–2022
period (R.2, R.3).

• T.3: Examine the historical number of funds managed
by the selected fund managers in T.2 and analyze
changes in their positions (R.4, R.5).

• T.4: Conduct a comparative analysis of multiple fund
managers to discern variations in their investment
styles (R.5).

Each participant was asked to complete two experiments:
(1) using FMLens to perform T.1–T.4, and (2) using Wind
to perform T.1–T.4. To prevent earlier experiments from
influencing the results of later experiments, we randomly
assigned half of the participants to complete experiment
(1) before experiment (2), and the other half to complete
experiment (2) before experiment (1). After completing both
experiments, participants were requested to anonymously
complete a 7-point Likert questionnaire, where responses
spanned from 1 (strongly disagree) to 7 (strongly agree).
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Feedback and comments were gathered from both sets of
questionnaires. As a token of appreciation for their study
participation, participants were awarded a $15 voucher.

Results. Our questionnaire aimed to evaluate and com-
pare the performance of FMLens with the baseline, Wind,
across system effectiveness, visual design convenience, and
overall system usability. In the scoring results depicted in
Figure 9, we employed a multiple unpaired t-test to identify
significant differences between FMLens and Wind. First, the
results related to system effectiveness indicate that FMLens
surpasses Wind in providing an overview (Q1), checking
performance metrics (Q2, Q4), adjusting metrics (Q3), per-
sonalizing rankings (Q5), tracking historical management
records (Q6), understanding investment styles (Q7), and
comparing returns across funds (Q8). Significant differences
were observed in Q1 (p = 0.043) and Q3 (p = 0.025). P5
(female, 28 years old) highlighted, “Although Wind provides
a wealth of financial data related to fund managers, its system
design lacks attention to flexible presentation and customiza-
tion of information. In contrast, FMLens seems to be more
convenient and efficient.” Second, concerning visual design,
participants found FMLens more suitable for novice users
(Q9) due to its ability to provide sufficient information for
evaluating fund managers (Q10). Additionally, its design
and interaction were deemed helpful for the exploration
and screening of fund managers (Q11). P12 (male, 27 years
old) commented, “Wind presents fund manager’s performance
metrics in a spreadsheet format, which is far less flexible and
efficient compared to FMLens’ presentation, which utilizes data
visualization techniques.” Finally, in terms of system usability,
FMLens demonstrated greater effectiveness in identifying
fund managers of interest (Q12) and comprehending the
investment style and abilities of fund managers (Q13). P3
(male, 33 years old) noted, “Wind is a data terminal lacking
sufficient guidance and instructions for selecting fund managers.
While FMLens’ workflow is designed as a targeted tool that
presents valid information step by step to help users find fund
managers of interest, it is important to maintain objectivity and
avoid subjective evaluations” (Q14).

8 DISCUSSION, LIMITATION AND FUTURE WORK

We conducted one-hour semi-structured interviews with E1-
8 to gather their insights and suggestions regarding FMLens.

Contributions Over the Previous Work. This study
introduces several noteworthy contributions in comparison
to prior research. First, FMLens focuses on investing in
fund managers rather than directly in funds, presenting a
novel approach. As emphasized by E1, this strategy en-
hances the fund manager selection process, addressing a
gap in support from existing tools. Second, FMLens offers
a comprehensive evaluation of fund managers by employ-
ing a multidimensional assessment framework. Highlighted
by E4, this approach integrates performance metrics and
position adjustment simulations, shedding light on fund
managers’ typically unobservable actions. Last, the user
interface of FMLens is deliberately crafted to be simpler
and more intuitive than traditional financial data analytics
platforms such as Wind and Bloomberg. Acknowledged by
E7, this design feature renders the system user-friendly and

Fig. 9: The questionnaire results reflect the perspectives of
12 participants on aspects of system effectiveness, visual
design convenience, and overall system usability (∗ : p ≤
.05, ∗∗ : p ≤ .01, ∗ ∗ ∗ : p ≤ .001, ∗ ∗ ∗∗ : p ≤ .0001).

easily navigable, catering to users with various investment
backgrounds and experiences.

System Performance. All experts commended FMLens
for considering multidimensional features, aiding investors
in the selection of fund managers. E1 noted, “the system
is effective in specific operations, such as analyzing time-series
changes in fund manager performance, which nicely compen-
sates for the lack of existing tools.” E2 and E3 highlighted
the system’s capability to assist in tracking shifts in fund
managers’ investment styles. E3 mentioned, “It helps us make
sense of the data in the analysis.” E8 appreciated the design
of simulated position adjustment actions, noting that it
enhances understanding of the fund manager’s investment
philosophy and skills. Describing our system as a “good
retrospective analysis tool,” E7 stated, “FMLens does a good job
of integrating data about fund managers and presenting it in a
novel way.” Furthermore, experts mentioned that the system
operates smoothly, with well-organized interactive logic.

Learning Curve and Target Users. All experts unani-
mously agreed that FMLens is user-friendly. While acknowl-
edging that certain visual designs may require some train-
ing, experts found that an understanding of visual encoding
enabled a quick initiation of exploration. They noted that
the workflow, conventional yet innovative, allowed the sys-
tem to support complex analytical tasks without imposing
excessive barriers to use. However, E1 expressed concerns
about specific performance metrics that novice investors
might find challenging to comprehend. Emphasizing that
even users with limited financial knowledge could evaluate
fund managers based on basic metrics, E1 suggested that
the system’s performance could benefit from familiarity
with financial matters. For example, users with minimal
investment experience could easily assess fund managers
based on the metric of “returns”. The experts recommended
that the system’s target audience should comprise individ-
uals with some investment experience rather than complete
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novices. Novices might find it more advantageous to select
funds based on “return” rankings using existing commercial
tools or apps. However, E5 also shared reservations about
the system’s metrics and proposed that it should include
additional details about the metrics, such as calculation
methods, significance, and evaluation criteria.

Generalizablility and Scalability. During the inter-
views, we engaged the experts in a discussion about which
components of FMLens could be applied to other scenar-
ios and which one(s) would require customization. They
observed that FMLens demonstrated high versatility within
the financial sector and could be effectively utilized in any
financial product management organization, given appro-
priate pre-processing of data. E2 also suggested that there
was research value in exploring the substitution of fund
companies for fund managers in the system. Furthermore,
experts mentioned that relevant financial data, such as stock
data, could be seamlessly integrated into FMLens. Concern-
ing scalability, FMLens efficiently presents multidimensional
data on fund managers interactively. As there are currently
no more than 4,000 fund managers and 10,000 funds in the
entire market, and our workflow adheres to the visualiza-
tion mantra of “overview first, zoom and filter, then details-
on-demand” [56], there are no significant scalability issues
for the front-end. The primary bottleneck is in the real-
time calculation of performance metrics in the back-end. In
scenarios where the user selects numerous fund managers at
once or sets a small time interval, the increase in the number
of calculations may lead to slower response times.

Limitation and Future Work. This study has several
limitations. First, market regulations introduce a time lag
in updating fund information. Although the system incor-
porates much of the data disclosed in quarterly reports, this
information undergoes daily changes, and real-time access
is unavailable. Second, there is a lack of analysis on factors
influencing performance. Fund managers’ performance is
typically affected by various factors, including social as-
pects (market conditions, public sentiment, social events)
and personal attributes (education, age, gender). FMLens
does not currently support relevant attribution analysis,
but we would like to consider introducing additional in-
fluencing factors in the future. Third, the current dimen-
sionality reduction results are distributed along a curve
with no clear clustering pattern. In order to improve the
effectiveness of clustering post-dimensionality reduction,
additional attributes such as education level and years of
employment can be considered in the future to summarize
the candidate space. Fourth, users might not be attuned
to custom weights. In fund manager ranking, users are
required to customize weights for different performance
metric attributes. For some users, this may not be a familiar
ranking approach, and guidance is essential to understand
and optimize weight settings, supporting a more reliable
and contextual decision-making process. Fifth, the fund po-
sition simulation method relies solely on daily fund return
data and industry index data. In the future, we would like to
try to introduce more financial data for position simulation.
Additionally, the experiment design in this study utilizes
a small sample size (90 equity funds) to demonstrate the
methodology’s validity, which may not ensure the same
accuracy with a larger sample size. In future work, we

would like to perform experiments on larger samples to
verify the accuracy of the method. Sixth, the evaluation
focuses on qualitative feedback and lacks quantitative anal-
ysis to validate the impact of the system on improving fund
manager selection outcomes. This is because fund manager
performance is often influenced by a variety of long-term
factors. To effectively assess their performance, a compre-
hensive and long-term tracking mechanism needs to be
established, which requires sustained resource investment.

9 CONCLUSION

This study introduces a visual analytics approach designed
to enhance the efficiency of the fund manager selection
process and empower investors to assess potential fund
managers more effectively. By leveraging FMLens, investors
can perform a comparative analysis of investment styles,
abilities, and performance metrics across various fund man-
agers, dynamically ranking them based on individual pref-
erences. The efficacy of FMLens is validated through two
case studies and a qualitative user study.
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