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Figure 1: QuantVisExplorer system overview. A1 Control Panel Supports global interaction functions at the market level, industry
level and asset level A2 Multiple choice tree selector helps users to view the industry structure and select a specific industry.
B Asset Relation Graph View visualizes multi-faceted asset connections in different states: overview with clustered nodes (B1),
industry-focused subgraph (B2), and asset-centric network (B3). C Risk-Return View ranks assets by performance and associated
risk levels. D Asset Dimensionality Reduction View reveals feature-based clusters and outliers. E Industry Market Value View
depicts hierarchical sector capitalization via treemap. F Backtest View simulates investment strategies and compares returns
against benchmarks. G Multi-dimensional Asset Comparison View tracks selected assets using K-line and synchronized radar

charts. H Asset Feature Contribution View illustrates feature influence on predictions using beeswarm plots.

ABSTRACT

Quantitative investment increasingly relies on complex models like
temporal graph networks for asset return prediction, yet these mod-
els often function as “black boxes”, hindering user trust and ef-
fective decision-making. Concurrently, the multi-source, dynamic
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nature of financial data poses significant analytical challenges. To
address these issues, we present QuantVisExplorer, an interac-
tive visual analytics system designed to synergize a novel Multi-
Relational Temporal Graph Fusion (MRTGF) model with a co-
ordinated multi-view interface. The multi-perspective feature of
our QuantVisExplorer enables users to conduct multi-level mar-
ket overview analysis, specifically at the market, industry, and as-
set levels, explore complex, model-inferred inter-asset correlation
networks, track multi-dimensional asset state evolution, and, cru-
cially, understand the MRTGF model’s prediction rationale through
visualizations of feature contributions and an interactive backtest-
ing module. This integration of a sophisticated predictive model
with tailored visual analytics aims to demystify model behavior and
enhance analytical capabilities. Case studies with domain experts
and a user study demonstrate that QuantVisExplorer significantly
improves insight generation, model understanding, and decision-



making efficiency in quantitative investment compared to tradi-
tional approaches. Our primary contribution is this validated vi-
sual analytics system that makes complex predictive models more
transparent and actionable for financial analysts.

Index Terms: Financial visualization, quantitative investment,
temporal graph network, visual analytics.

1 INTRODUCTION

Nowadays, increasing volatility and complexity in global finan-
cial markets, coupled with diverse data sources such as traditional
prices to news and social media, challenge traditional investment
paradigms [19]. Quantitative investment offers a data-driven alter-
native, using models and algorithms to analyze vast market data
for scientific decision-making and return prediction [46]. Its core
lies in the ability to uncover underlying market patterns and predict
future asset returns through the analysis of multidimensional data.

Within quantitative investment, the effectiveness of return pre-
diction serves as a crucial input for investment decisions and
concurrently represents a long-standing technical challenge in the
field. While various approaches, from traditional statistical models
[10, 29, 9, 5] to machine learning [3, 6, 22, 8, 20] and graph-based
techniques [41, 16, 32, 12], have been explored, they often struggle
to dynamically model complex inter-asset relationships, effectively
integrate diverse multi-source data (like news and sentiment), and
consistently ensure prediction accuracy in evolving markets.

Although quantitative models can process vast amounts of in-
formation to provide predictions, their prevalent black-box mecha-
nisms and lack of transparency hinder trust and understanding[13].
Moreover, while human analysts may outperform quantitative mod-
els in scenarios requiring accumulated professional experience[4],
they also face limitations in processing high-dimensional dynamic
information[18]. This underscores the need for explainable models
and effective human-computer collaboration tools to prevent criti-
cal errors committed solely by either humans or models. Against
this backdrop, explainable visual analytics targeting quantitative
models offers a promising avenue to bridge this gap.

To make sense of complex financial data, visual analytics (VA)
provides powerful tools for pattern discovery and decision support
[37, 26]. Yet, current platforms, exemplified by the Bloomberg Ter-
minal, primarily offer real-time data display with limited capabil-
ities for unraveling intricate asset interrelationships or interpreting
the outputs of advanced predictive models. This gap restricts deeper
understanding and trust in quantitative strategies, motivating the de-
velopment of VA systems that specifically address these challenges.

To address these challenges, we propose QuantVisExplorer, a
visual analytics system integrating (1) a novel multi-relational tem-
poral graph network (MRTGF) for asset return prediction, which
fuses multi-source heterogeneous data and (2) a coordinated multi-
view visual analytics framework for the interactive exploration and
visual presentation of model prediction results, asset correlation
structures, and internal model feature contributions. QuantVisEx-
plorer is specifically designed to tackle the insufficient modeling
of asset correlations in return prediction, to visually analyze and
present key factors driving its model’s decisions, and to mitigate
cognitive friction during analytical decision-making. The use of
this system facilitates a better understanding of market dynamics,
exploration of complex inter-asset relationships, and interpretation
of the model’s predictive logic, thereby fostering more transparent,
reliable, and efficient quantitative investment analysis and decision-
making. The contributions of this paper are as follows:

* We propose a multi-source heterogeneous data processing
method for quantitative investment, constructing a multi-
dimensional asset data processing framework.

* A novel temporal graph network, MRTGEF, that uniquely pro-
cesses and fuses multi-source heterogeneous data to capture

multi-relational asset dynamics, improving the accuracy and
robustness of quantitative investment return predictions.

¢ A multi-view, interactive visual analytics system, QuantVi-
sExplorer, designed to enhance the interpretability of the
MRTGF model and support comprehensive exploration of
quantitative investment data across market, asset correlation,
temporal evolution, and model feature dimensions.

2 RELATED WORK
2.1 Investment Return Prediction

Investment return prediction, a key objective of quantitative invest-
ment, requires deep mining and analysis of market data to forecast
future asset returns and manage risk. Early approaches to return
prediction relied on statistical models such as CAPM [10], APT
[29], time series models such as ARIMA [31], GARCH [2], and
multi-factor models [9, 5]. While interpretable, these methods of-
ten struggle with the non-linear dynamics and high dimensionality
of modern financial data. To overcome the limitations of statisti-
cal methods in handling high-dimensional, non-linear data, and to
capture data dynamics and temporal dependencies, past research
employed machine learning and deep learning methods, includ-
ing SVMs, RFs [3], and sequence models like RNNs/LSTMs [6],
Transformers [36, 8, 22], and VAEs [20], have shown promise in
capturing non-linearities. However, they can be prone to overfit-
ting, require extensive feature engineering [38], or may not explic-
itly model inter-asset relationships. More recently, research has fo-
cused on exploring the complex relational structures between assets
by employing Graph Neural Networks (GNNs), such as GCNs and
GATs. This approach involves abstracting the financial market as a
graph to uncover dynamic interaction effects among assets. These
GNNs have been applied to model asset relationships and price co-
movements [41, 32].

To address the pronounced dynamics inherent in financial data,
GNNs have been further extended into Temporal Graph Networks
(TGNs). TGNs are also widely employed in return prediction
within quantitative investment. By combining GNNs with time se-
ries modeling, TGNs can simultaneously capture both the spatial
dimension (asset correlations) and the temporal dimension (time se-
ries characteristics) features [11, 16, 12]. They analyze the tempo-
ral changes in asset prices while considering their co-movement ef-
fects with related assets. For example, Feng et al. [11] constructed
stock correlation graphs based on Pearson correlation coefficients
and combined them with decomposed time-series features, utilizing
GAT and Temporal Convolutional Networks (TCN) for stock price
prediction. Furthermore, some studies attempt to incorporate multi-
source data, such as news and social media [17], to describe market
information more comprehensively. For instance, news events can
be represented as nodes connected to asset nodes to capture the po-
tential impact of news on asset prices, thereby enhancing prediction
accuracy.

However, most existing studies predominantly rely on predefined
market structures and classifications to define static relationships,
often overlooking potential latent or dynamic correlations among
assets. This research aims to bridge this gap by further mining as-
set relationships through the analysis of financial news data. By
identifying market hotspots and focus points, we capture timely,
evolving individual relationships and reconstruct the asset network
graph to better reflect market evolution patterns, ultimately seeking
to enhance the accuracy and robustness of return predictions.

2.2 Financial Data Visualization

Visualization is crucial for understanding complex financial data,
moving beyond simple line charts to reduce cognitive load [15].
Early efforts augmented line charts with additional encodings to
display more data dimensions [30, 47, 33].



Beyond static displays, visualizing the dynamic evolution of fi-
nancial data and enabling interactive exploratory analysis are es-
sential for deeper insights [25, 7]. While general techniques for
time-series visualization and exploration support continue to ad-
vance [35, 40], our focus shifts to interactive systems specifically
designed for quantitative investment support.

Interactive visual analytics systems like Bitextract [44] for trans-
action patterns, and sPortfolio [42], iIQUANT [43], and RankFIRST
[14] for portfolio/factor analysis have demonstrated the value of VA
in finance. However, few systems deeply integrate the interpretabil-
ity of advanced prediction models like temporal graph networks or
provide comprehensive support for understanding multi-relational
asset dynamics alongside model explanations. QuantVisExplorer
aims to fill this gap by offering seamless MRTGF model explana-
tions alongside a multi-faceted visual exploration capability, sup-
porting drill-down analysis of market performance, asset temporal
evolution, inter-asset correlation networks, and prediction results.

2.3 Explainable Visual Analytics for Financial Al Models

The ’black-box’ nature of complex quantitative models necessitates
explainable AI (XAI) to build trust and improve decision-making.

Visual analytics for explainable investment models aims to re-
veal their internal states and complex transformations, thereby help-
ing investors understand model outputs and assess reliability. Re-
search in Visualization for Al (VIS4Al) plays a crucial role in this,
assisting users in developing, understanding, and improving mod-
els, particularly in financial applications [34]. For instance, some
VIS4AI approaches address the interpretability of specific neural
network architectures relevant to finance. Lai et al. [21] proposed a
workflow for rapidly prototyping visual interfaces for various neu-
ral networks, and TransforLearn [12] offers interactive exploration
of Transformer models, which are increasingly used in financial
forecasting. Beyond visual analytics tailored to model architec-
tures, general XAl techniques like LIME [28] and SHAP [24] are
common for model-agnostic explanations. Other research strives to
make complex models more transparent. For example, Prasad et al.
[27] proposed the *Transform-and-Perform’ framework to explain
complex input-output relationships in high-dimensional problems.
Closer to our system’s goals, Zang et al. [45] designed the DMT-
EV interactive interface, enabling investors to understand simplified
model representations, analyze explanation outputs, and grasp the
impact of hyperparameters. This aligns with QuantVisExplorer’s
focus on providing clear model insights through interactive visual-
ization for financial decision-making. While these methods offer
general model explanation capabilities, or visualize specific model
types, there is a need for tailored visual analytics systems that can
unpack the predictions of complex temporal graph networks like
MRTGEF in the context of financial data, linking feature importance,
graph structure, and temporal dynamics.

3 REQUIREMENT AND PIPELINE
3.1 System Requirements Analysis

Building upon the challenges identified previously regarding return
prediction accuracy, model interpretability, and cognitive load in
quantitative investment, and through multiple rounds of in-depth in-
terviews and discussions with domain experts about obstacles in ex-
isting analytical workflows, we derived the following key require-
ments for our visual analytics system:

R1: Efficient Market Situation Awareness. Provide compre-
hensive, multi-level overviews (market, industry) of returns and key
statistics for rapid assessment of trends, risks, and opportunities.

R2: In-depth Exploration of Asset Correlations. Visualize
explicit and data-driven dynamic asset correlations, supporting in-
teractive exploration of network structures and the roles/influence
of assets and groups.
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Figure 2: The QuantVisExplorer architecture and pipeline

R3: Tracking of Asset State Evolution. Offer interactive time-
series visualizations to track and compare multi-dimensional asset
state evolution at various granularities, aiding the identification of
performance drivers.

R4: Transparent Interpretation of Model Prediction Process.
Enhance model explainability by visualizing key feature contribu-
tions driving predictions. Integrate backtesting results to assess pre-
diction reliability and rationale.

3.2 Pipeline

The QuantVisExplorer pipeline Fig. 2 proceeds as follows. Firstly,
multi-source financial data, including stock data, industry data, and
news data, undergo a data process stage. This involves preprocess-
ing and cleaning, feature engineering, and news analysis (for senti-
ment quantification and semantic clustering), which culminates in
a unified dataset. Secondly, the MRTGF model utilizes this dataset,
employing temporal encoding and graph attention and relationship
learning to generate predicted returns and relationship strengths. Fi-
nally, these outputs are channeled into the visual analytics interface.
This interactive system features three coordinated views—the in-
dustry view, the market view, and the asset view—which empower
the user to derive insights and make informed decisions.

4 METHODS
4.1 Data Processing

To comprehensively capture market dynamics and complex inter-
asset correlations in support of subsequent quantitative investment
return prediction and visual analytics, this study constructed a
multi-source heterogeneous dataset. This dataset covers informa-
tion from the Chinese A-share market for the period from Septem-
ber 30, 2022, to September 30, 2024, and primarily consists of three
components: First, daily comprehensive stock data for the CSI 300
Index components, sourced from the RESSET Financial Research
Database !. This includes 18 key daily trading indicators for con-
stituent stocks (e.g., OHLC prices, volume), providing a founda-
tion for time series analysis. Second, the CSI Industry Classifi-
cation Standard (2021 version), also obtained from the RESSET
database. This provides detailed hierarchical classification infor-
mation used for analyzing industry correlations. Finally, related
financial news data were obtained from stcn.com (Securities Times
Network), a major financial news source.This data includes news
headlines, body text, publication times, and keywords, and is used
to extract market sentiment and semantic information.These raw
datasets collectively form the data foundation for data processing,
model training, and visual analytics conducted in this study.

To prepare this multi-source heterogeneous dataset for the sub-
sequent return prediction model and visual analytics, we performed
a series of data processing steps. First, raw data underwent rigor-
ous preprocessing. This involved Cleaning stock trading records
by employing linear interpolation alongside forward and backward
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Figure 3: The overall architecture of MRTGF.

fill techniques to handle missing values, and removing assets that
exhibited excessive missing data. Financial news texts were sim-
ilarly cleansed by removing HTML tags and filtering articles that
were overly short or excessively long, thereby ensuring informa-
tion quality and processing efficiency. Second, to enrich the fea-
ture set for asset analysis, we incorporated seven well-established
investment risk factors, including size (LOGCAP), Beta, volatil-
ity (measured by SMA120), turnover rate, short-term reversal, cash
flow risk, and book-to-price ratio. Third, to leverage the rich infor-
mation within financial news, we quantified news sentiment using
the Baidu AI platform API and semantically clustered news arti-
cles. Specifically, news sentiment was numerically represented: 1
for positive, 0 for neutral, and -1 for negative. These representa-
tions were subsequently weighted by confidence scores. For se-
mantic understanding, daily news texts were converted into em-
bedding vectors via a finance-specific pre-trained model, FinBERT,
and then clustered using the MiniBatchKMeans algorithm to iden-
tify latent topics and inter-asset relationships reflected in the news.
Finally, we performed multi-source data reconstruction to create a
unified data representation. This entailed temporally aligning the
processed trading data, risk factors, and news-derived features like
sentiment scores and semantic cluster IDs for each asset. A crucial
step was establishing relevance between news articles and specific
assets, or their respective industries if a direct asset match was not
found, through a hierarchical keyword matching strategy. This al-
lowed us to aggregate news sentiment at the asset level, consider-
ing both direct mentions and industry-wide sentiment, weighted by
factors such as mention frequency and industry-level market cap-
italization. The resulting structured and enriched dataset for the
CSI300 components, characterized by dimensions of (483, 282, 17)
features, served as the input for our return prediction model and the
QuantVisExplorer system.

4.2 The MRTGF Return Prediction Model

The primary goal of our underlying prediction task is to forecast
the future return of financial assets. Given a set of N assets, let
X; =[x, x,...,x}] represent the multi-dimensional feature matrix
for these assets at time # € {1,...,T}, where x} € RP is the D-
dimensional feature vector for asset i. Let A, € RMN*V denote the
relationship matrix among assets at time . The objective is to learn
amapping function f(-) such that 7! = f(X1,...,. X341, . .. JAT)
where 71 € RV is the predicted return score for each asset at the
next time step 7 + 1. These predictions, along with the modeled
relationships, form a complex information space that is challenging
for investors to interpret directly, motivating the need for our visual
analytics system.

4.2.1 Architecture Overview

To generate reliable return predictions and insightful inter-asset re-
lationships, we employ the Multi-Relational Temporal Graph Fu-
sion (MRTGF) model, an architecture specifically designed for
quantitative investment. As illustrated in Fig. 3, MRTGF integrates
multi-source financial data through several key stages. It begins by
processing historical asset features and constructing dynamic asset
relationships from sources like industry classifications and finan-
cial news. These are then fed into a temporal graph network that
captures both the temporal evolution of individual assets and the
complex interplay between them. The model ultimately outputs
predicted return scores for each asset and a quantified representa-
tion of the learned multi-faceted asset relationships. The richness
and complexity of these outputs necessitate a visual analytics ap-
proach for effective exploration and comprehension by investment
professionals.

4.2.2 Key Mechanisms

A core strength of MRTGF lies in its comprehensive modeling of
the financial market. For Temporal Feature Extraction, the model
processes time-series asset data, which includes historical prices,
trading volumes, and derived factors, by employing Gated Recur-
rent Units (GRUs) to capture sequential dependencies and multi-
head attention mechanisms to identify crucial temporal patterns
influencing future returns. This allows MRTGF to discern evolv-
ing asset-specific characteristics over time. For Multi-Relational
Modeling, which is pivotal for our visual analytics objectives,
MRTGF constructs and reasons over diverse inter-asset relation-
ships. These relationships are multifaceted: (1) Industry-based re-
lationships are derived from official sector classifications to reflect
inherent structural correlations and peer group effects. (2) News-
driven direct relationships are established by linking assets that are
co-mentioned or directly implicated within the same financial news
events, thereby capturing event-specific impacts. (3) News-driven
indirect (semantic) relationships connect assets through their shared
exposure to similar semantic themes or topics. These are identified
by performing textual analysis and semantic clustering on the cor-
pus of financial news articles, allowing the model to capture broader
market sentiment and thematic influences. Furthermore, MRTGF
integrates these varied relationships using a GAT mechanism to ef-
fectively weigh and propagate information across the constructed
asset network. These learned temporal dynamics and fused multi-
faceted relationships provide a rich, yet complex, foundation for the
subsequent visual exploration in QuantVisExplorer.

4.2.3 Outputs for Visual Analytics

The MRTGF model generates key outputs that are integral to the
QuantVisExplorer system, facilitating in-depth visual analysis. Pri-
marily, it produces predicted return scores for each asset, which
indicate expected future performance and directly inform portfo-
lio construction scenarios and performance evaluation within the
visual interface. Secondly, it yields learned asset relationship
strengths, quantifying the connections from each modeled rela-
tionship type, including industry-based, news-direct, and news-
semantic, as well as a fused overall asset network graph. These
quantified relationships form the backbone of interactive network
visualizations, enabling users to explore market structure and the
propagation of influence. The high dimensionality, temporal na-
ture, and interconnectedness of these model outputs necessitate the
visual analytics capabilities provided by QuantVisExplorer for ef-
fective user navigation and comprehension.

5 VISUALIZATION
5.1 Visual Task Analysis

Based on the analysis of the user requirements aforementioned (R1-
R4), we have defined the following analytical tasks at the system



level. These tasks delineate the core functionalities and support
capabilities that the visual analytics system must provide to effec-
tively address user challenges:

T1: Multi-level Market and Asset Feature Overview. Sup-
porting layered exploration from macro (overall market structure,
dominant groups) to micro (individual asset performance) perspec-
tives, empowering users to rapidly identify patterns, trends, and
anomalies. To achieve efficient awareness of the market situation
(R1), the system must allow users to gain an overview of the market
return distributions, volatility, and key indicators at both the indus-
try and asset levels. Users should be able to explore asset charac-
teristics (e.g., price, volume, risk factors) to understand similarities,
identify clusters, outliers, and assess relative positioning.

T2: Support Visual Exploration and Analysis of Complex
Inter-Asset Correlation Networks. To allow in-depth exploration
of asset correlations (R2), the system must enable users to visu-
ally explore and analyze multiple types of dynamic relationships,
including explicit domain-knowledge-based and implicit model-
mined correlations. This involves providing interactive capabilities
such as filtering, querying, and dynamic layout adjustments to help
users identify network topology, key entities, and their influence.

T3: Enable Tracking and Comparison of Multi-dimensional
Temporal Asset States. To address the need for tracking asset
state evolution (R3), the system must enable users to monitor and
compare the temporal changes of key multi-dimensional indicators
(e.g., price, volume, risk factors) for selected assets or groups. This
includes facilitating side-by-side comparisons to help identify evo-
lutionary patterns, trends, and significant events over time.

T4: Facilitate Explainable Analysis and Validation of Model
Prediction Results. To enhance model transparency and explain-
ability (R4), the system must allow users to understand the ratio-
nale behind predictions and validate their effectiveness. This in-
volves visually demonstrating the contribution of input features to
prediction outcomes and providing an interactive backtesting en-
vironment. Users should be able to configure simulated trading
strategies based on model predictions and visually assess their cu-
mulative returns against benchmarks to gauge practical utility and
reliability.

These system-level analytical tasks form the core basis for our
subsequent visualization and interaction design, ensuring that the
system’s functionalities directly address and satisty the analytical
needs of the users.

5.2 System Overview

To address the analytical tasks T1-T4, we designed and imple-
mented QuantVisExplorer, an interactive visual analytics system
for explainable quantitative investment return prediction. QuantVi-
sExplorer promotes a comprehensive understanding of market dy-
namics, inter-asset relationships, individual asset performance, and
model prediction rationale through a coordinated multi-view inter-
face, as illustrated in Fig. 1. The system is structured to support a
multi-level analytical workflow, enabling users to seamlessly nav-
igate from broad market assessments to granular asset-specific de-
tails.

At the market level, the system enables users to understand over-
all market structure, asset performance distributions, and feature-
based asset clusters. For industry-level analysis, users can explore
sector-specific dynamics and inter-industry linkages. At the as-
set level, the system allows for detailed comparison of the multi-
dimensional performance of selected assets over time and assess-
ment of model-driven trading strategies. The Asset Relation Graph
View is used across these levels to visualize asset connectivity.

A central Control Panel underpins these explorations, offering
tools for dynamic data filtering, temporal range selection, and ad-
justment of analytical parameters across all views, ensuring a cohe-
sive and user-driven analytical experience.
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Figure 4: Element design of the asset graph view.

5.3 Control Panel

The Control Panel (Fig. 1A) serves as the central hub for user-
driven data exploration and parameter adjustment, crucial for sup-
porting iterative analysis across all tasks (T1, T2, T3, T4). It em-
powers users to define the analytical scope by selecting time ranges,
specific industries through a multiple choice tree selector, and indi-
vidual assets via an interactive table with preview trendlines and
search functionality. Furthermore, it allows users to dynamically
adjust parameters for various views, such as risk factor weights for
the Risk-Return View, thresholds for relationship filtering in the As-
set Relation Graph View, and strategy parameters for the Backtest
View. This centralized control is key to enabling a flexible and per-
sonalized analysis workflow. The design ensures that users can eas-
ily tailor the visualizations to their specific interests and hypotheses,
enhancing the system’s utility and user engagement.

5.4 Multi-Level Analytical Views

QuantVisExplorer is designed to support a multi-level analytical
workflow, guiding users from a broad market understanding down
to granular asset-specific details and model explanations. The fol-
lowing sections describe the key visual components tailored for
market-level, industry-level, and asset-level analysis, all referenc-
ing the main system interface shown in Fig. 1.

5.4.1 Market-Level Analysis Views

At the market level, the system provides a holistic perspective on
overall market conditions, performance distributions, structural cor-
relations, and broad factors influencing predictions.

The Risk-Return View (Fig. 1C) presents a ranked comparison of
assets based on their returns and associated risks. Using a dual-axis
chart design, asset returns (predicted or historical) are visualized as
red horizontal bars extending to the right, while associated risk met-
rics, which represent a composite score from factors like volatility
and Beta with weights adjustable in the Control Panel, are shown
as blue bars extending to the left. Assets are sorted by return, en-
abling users to quickly identify top-performing or high-risk assets
and understand risk-return trade-offs for initial screening (T1).

The Asset Dimensionality Reduction View (Fig. 1D) employs
t-SNE to project high-dimensional asset features (including price,
volume, and risk factors) onto a 2D scatterplot, where each point
signifies an asset. Crucially, K-Means clustering is applied prior to
projection to group similar assets, with these pre-defined clusters
distinguished by color. This approach facilitates an understand-
ing of feature-based market segmentation, allowing users to iden-
tify co-behaving asset groups, spot outliers, and understand market



structure from a feature similarity perspective (T1, T2). Interactive
highlighting and hover-for-details enhance its exploratory value.

The Asset Relation Graph View (Fig. 1B) is central to visualizing
complex inter-asset relationships, innovatively displaying MRTGF
model-learned relations, including industry affiliations and news-
driven connections (T2). Its visual encoding is detailed in Fig. 4. In
its Overview State(Fig. 1B1), designed for understanding macro-
level market structure (T1), assets are initially grouped into com-
munity clusters via the Louvain algorithm[1]. As shown in Fig. 4,
clusters are represented as pie charts where fill color (blue-red di-
vergent for negative/positive returns) indicates internal asset return
distribution, and pie size reflects asset count. Edges denote ag-
gregated inter-cluster relationship strengths. Individual nodes (as-
sets) have border colors encoding industry classification. The sys-
tem defaults to highlighting key cluster types (e.g., highest pos-
itive/negative return proportions, largest/smallest asset counts) to
simplify initial exploration. This abstraction is vital for identify-
ing broad market segments and dependencies. General interactions
like zooming, hover-for-details, and Control Panel-driven filtering
(by strength/type) facilitate progressive insight discovery across all
states of this view. The view’s novelty lies in its multi-scale, adap-
tive representation of complex, model-derived relationships.

The Asset Feature Contribution View (Fig. 1H) visualizes the
overall importance of input features to the MRTGF model’s return
predictions across all assets to enhance model transparency at a
broad level (T4). This view utilizes a beeswarm plot design. Verti-
cally, the 14 input features are listed, typically ordered by their to-
tal contribution (e.g., mean absolute SHAP value) to market-wide
predictions. Horizontally, for each feature, data points represent-
ing assets are positioned by their SHAP value, with color encoding
the actual feature value. This helps users identify which features
are most influential market-wide and how their distributions impact
predictions generally.

5.4.2 Industry-Level Analysis Views

For industry-level, users can in-depth study into sector-specific
dynamics, examining composition, significance, and interconnec-
tions.

The Industry Market Value View (Fig. 1E), a treemap visual-
ization, depicts the hierarchical structure of the market based on
industry classifications and the relative market capitalization of in-
dustries and their constituent assets. Rectangle areas are propor-
tional to market value, and their fill color is mapped to performance
indicators like return rates. This effectively communicates both the
scale and performance of different market sectors (T1). Users can
interactively drill down for a more granular view.

When specific industries are selected via the Control Panel, the
Asset Relation Graph View transitions to its Industry-Focused State
(Fig. 1B2). Here, it displays relevant subgraphs where asset nodes
within these industries become prominent (often with asset codes
displayed), aiding the analysis of intra-industry and inter-industry
connectivity (T2).

5.4.3 Asset-Level Analysis Views

At the asset level, the system facilitates in-depth examination of
individual asset, their temporal states, model-driven strategy per-
formance, and specific prediction explanations.

Detailed Asset Profiling and Comparison.To facilitate detailed
tracking and comparison of multi-dimensional temporal asset states
(T3), the Multi-dimensional Asset Comparison View (Fig. 1G)
offers a synchronized visualization of selected assets. Its upper
portion employs K-line charts for daily trading dynamics (OHLC
prices, volume) over a user-defined period. Coordinated with this,
the lower portion features parallel radar charts, one per asset, syn-
chronized to a user-selected date on the K-line’s time axis. Each
radar chart visualizes multiple asset-specific features (risk factors,

sentiment scores, etc.). This dual design enables identification of
co-movements, performance divergences, and event impacts.

When an individual asset is selected, the Asset Relation Graph
View activates its Asset-Centric State (Fig. 1B3). The target asset
enlarged at the center and its direct and second-degree neighbors on
concentric rings, clearly mapping its local influence network and
relational pathways (T2, T3).

The Backtest View (Fig. 1F) addresses the need for validating
model predictions and assessing practical utility (T4). It allows
users to simulate investment strategies based on MRTGF predic-
tions. The view displays cumulative profit and loss (P&L) curves
(user strategy vs. market benchmark) with overlaid transaction
markers (red for buy, blue for sell) on strategy or individual asset re-
turn lines. Strategy parameters are adjustable via the Control Panel
(Fig. 1A), enabling evaluation of model effectiveness and strategy
refinement.

For specific predictions, the Asset Feature Contribution View
(Fig. 1H) explains why an individual asset received its prediction
(T4). When an asset is selected, its data points are highlighted
within the beeswarm plots, showing how its specific feature val-
ues contribute to its predicted return via their SHAP values. This
helps users understand decision-making logic for individual cases
and build trust.

6 EVALUATION
6.1 Experimental Study

To validate the effectiveness of our proposed MRTGF model for
quantitative investment return prediction, we conducted compre-
hensive experiments on three real-world Chinese A-share market
datasets: the SSE 50 Index (SZ50), CSI 300 Index (CSI300), and
CSI 500 Index (ZZ500). The SZ50 (40 stocks, 6 features) and
77500 (206 stocks, 6 features) datasets spanned January 2021 -
December 2024, sourced from BaoStock. The CSI300 dataset (146
stocks, 14 features after processing as per Section 4.1) covered
September 2022 - September 2024.

We compared MRTGF against several representative baselines:
Transformer, a hybrid model ALSTM+TRA [23], and graph-based
model THGNN [39]. Model performance was evaluated using six
standard metrics: Information Coefficient (IC), IC Information Ra-
tio (ICIR), Rank Information Coefficient (Rank-IC), Rank-ICIR,
Annualized Return (AR), and Information Ratio (IR). All models
were implemented in PyTorch, trained using the Adam optimizer
(learning rate 2 x 10~*)for 100 epochs, with results averaged over
10 runs. Key parameters included a hidden dimension of 64, 4
attention heads, and a 10-day input window, predicting the next
day’s return. Our backtesting strategy involved a 100,000 CNY ini-
tial capital, a 3-day trading cycle, top-K stock selection based on
pl’ediCtiOIlS (KSZSO = 10»KCS1300 = 30,KZZSOO = 50), and a 30%
maximum capital allocation per stock. The comparative results
for prediction metrics are presented in Table 1, and backtesting re-
sults are in Table 2. These results indicate that MRTGF generally
outperforms the baseline models across the three datasets, partic-
ularly in key metrics like IC, Rank-IC, and AR. For instance, on
the CSI300 dataset, MRTGF achieved an IC of 0.070 and an AR
of 0.310, markedly higher than the baselines. While some base-
lines showed strong performance on specific metrics or datasets,
MRTGF demonstrated more consistent and superior overall perfor-
mance, especially in backtesting. This robust predictive capability
and its capacity to uncover multi-faceted asset relationships estab-
lish MRTGEF as a solid foundation for the visual analytics facilitated
by QuantVisExplorer.

6.2 Case Study
6.2.1 Market Trend Analysis

This case study, illustrated in Fig. 5, demonstrates how QuantVis-
Explorer can assist domain experts in identifying and understanding



Table 1: Comparative Experiment Results (Prediction Metrics).
‘Trans.’ for Transformer, 'A+T’ for ALSTM+TRA.

Dataset Model IC ICIR R-IC R-ICIR
SZ50 Trans. 0.067 033 0.071 0.41
A+T 0.075 041 0.075 0.42

THGNN  0.073 043 0.074 0.46
MRTGF 0.076 0.46 0.079 0.52

CSI300  Trans. 0.040 028  0.041 0.30
A+T 0.054 038  0.055 0.40
THGNN  0.061 041 0.063 0.43
MRTGF 0.070 046 0.072 0.48

77500 Trans. 0.039 041 0.044 0.42
A+T 0.044 038  0.047 0.46
THGNN  0.050 036 0.059 0.42
MRTGF 0.061 041 0.067 0.44

Table 2: Comparative Experiment Backtest Results. 'Trans. for
Transformer, ’A+T for ALSTM+TRA.

SZ50 CSI300 77500
Model AR IR AR IR AR IR
Trans. 0261 140 0.157 1.16 0.101 1.21
A+T 0271 170 0206 1.13 0.106 1.18

THGNN 0269 1.65 0251 221 0.113 1.28
MRTGF 0277 179 0310 240 0.122 1.39

anomalous market trends and their underlying drivers by facilitat-
ing a multi-faceted visual exploration process. The study involved
an expert (E1), a researcher specializing in macroeconomic market
management, who used QuantVisExplorer to analyze the A-share
market (CSI300 components) from March 30, 2024, to September
30, 2024. E1 began by examining broad market indicators. As
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Figure 5: Visual analytics workflow for market trend analysis in
QuantVisExplorer

shown in Fig. SA , E1 primarily used the overview state of the Asset
Relation Graph View and the Risk-Return View. An unusual, syn-
chronized surge in asset returns became apparent in late September.
Specifically, on September 30, the aggregated cluster nodes in the
network view predominantly showed positive internal return distri-
butions, with many individual assets exhibiting unusually high and
similar returns (approaching 20%), a stark deviation from typical
market behavior.

To investigate this anomaly, E1 narrowed the focus to the days
leading up to this surge, detailed in Fig. 5B. The Risk-Return
View for September 25 revealed an atypical concentration of high-
performing assets from the industrial sector. Intriguingly, the top

two performers, assets with stock codes ’000617° and ’600061°
(henceforth Asset A and Asset B respectively), belonged to the fi-
nancial sector. Selecting these two assets, E1 then consulted mul-
tiple views as depicted in Fig. 5C. The Asset Dimensionality Re-
duction View showed both Asset A and Asset B as distinct out-
liers. The Multi-dimensional Asset Comparison View, specifically
its radar charts for September 25, highlighted their prominence in
book-to-price ratio and news sentiment scores. This observation
was corroborated by the Asset Feature Contribution View, which
indicated that high positive news sentiment and favorable book-to-
price ratios were significant positive contributors to their predicted
returns on that day.

These visual cues led E1 to hypothesize a recent major positive
news event impacting state-affiliated enterprises. A quick check
of contemporaneous financial news confirmed a significant policy
announcement by the People’s Bank of China on September 24 re-
garding an interest rate cut, which historically boosts market senti-
ment and benefits state-owned enterprises.

To explore the connection between the high-performing finan-
cial assets Asset A, Asset B and industrial assets, E1 utilized the
asset-centric state of the Asset Relation Graph View, as shown in
Fig. 5D. Focusing on Asset A and Asset B individually, the view
revealed strong learned relationships with several state-owned in-
dustrial enterprises, particularly in infrastructure and transportation
sectors. E1 concluded that the co-movement was driven by the pol-
icy announcement, with the financial entities Asset A and Asset B
providing crucial support such as financing, to these key industrial
players, a connection visually explorable through their respective
ego-centric networks.

This case study illustrates QuantVisExplorer’s effectiveness in
enabling an expert to move from detecting broad market anomalies
to identifying specific affected assets, understanding the contribut-
ing factors through feature analysis, and finally, uncovering com-
plex inter-asset relationships that explain the observed trends, all
within an integrated visual analytics environment.

The study involved an expert (E2), a seasoned quantitative trad-
ing strategy developer, analyzing the model’s backtest performance
on the test set (January 1, 2024, to September 30, 2024).

E2 began by utilizing the Backtest View to assess the impact
of different strategy parameters. By systematically adjusting the
shortest holding period for assets, E2 observed through the visual-
ized cumulative Profit & Loss (P&L) curves that a 5-day holding
period struck an effective balance between capturing market trends
and mitigating risks associated with overly frequent or infrequent
trading, as shown in Fig. 6. Similarly, when varying the number of
top-K predicted assets to include in the portfolio, the backtesting
results indicated that while a smaller K could yield high returns,
it also came with increased volatility. A larger K often led to more
stable, excess returns, highlighting the trade-off between aggressive
positioning and diversification.

6.2.2 Analysis of projected investment returns

------ o

Figure 6: Parameter-driven comparison of backtest strategies.

To further scrutinize the model’s stock-picking capabilities, E2



focused on a strategy holding the top 10 predicted assets. The
Backtest View consistently showed the strategy’s cumulative re-
turns outperforming the market benchmark while also showing that
the model has good ability to obtain excess returns. An examina-
tion of the traded assets revealed a predominance of selections from
the financial and industrial sectors. The visualization of transaction
records highlighted distinct trading patterns; for instance, as shown
in Fig. 7A financial stocks were traded frequently, but experienced a
brief hiatus in mid-March, during which trading in industrial assets
became more concentrated.

Backtest Backtest
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Figure 7: A Trading records of financial(left) and industrial(right)
stocks. B Market performance of financial and industrial industry.

To understand this behavior, E2 consulted broader market views
for mid-March. Fig. 7B indicated a generally negative sentiment
and performance for both financial and industrial sectors during that
specific period, even though the Industry Market Value View con-
firmed their continued market cap dominance. Turning to the Asset
Feature Contribution View for some days, E2 noted that features
such as short-term reversal, volatility and trading volume were con-
sistently among the most influential for the model’s predictions. E2
inferred that the model’s tendency to favor these generally larger,
more stable, and less volatile sectors was a result of these combined
feature influences.

6.3 User Study

To evaluate QuantVisExplorer’s effectiveness and usability, we con-
ducted a user study with 14 participants from diverse backgrounds;
12 had prior investment experience. The participants were evenly
divided into an experimental group using QuantVisExplorer and a
control group using other common analysis tools, such as Excel
and investment data terminals. Before the study, all participants
received necessary prerequisite knowledge tailored to their profes-
sional backgrounds. During the hands-on session, each participant
needed to complete multiple tasks detailed in Table 3, which are
designed from the visual tasks (T1-T4) detailed in Section 5.1. All
participants provided feedback, which included rating QuantVis-
Explorer on five 5-point Likert scale aspects (1=strongly disagree,
S5=strongly agree). We designed five questions as follows:

Q1: Is the system’s layout intuitive and its views practical?

Q2: Is system helpful for identifying investment opportunities?

Q3: Do the system’s explanations enhance trust in the model?

Q4: Is the system effective for your quantitative analysis?

QS5: Does the system impose no additional interaction burden?

Subjective ratings were highly positive (average scores >
4.0/5.0), particularly for intuitive design, utility (Q1), meeting
analytical needs (Q4), and enhancing model trust via explana-
tions (Q3). QuantVisExplorer users also demonstrated significantly

Table 3: User’s analytical tasks in the experiment with a given speci-
fied period

No. Task Description

T1-1 Find the industry with the best overall return.
T1-2 How many significant market fluctuations occurred?
T2-1 Identify the two most closely related industries.
T2-2 Find the association path between two specific assets.
T3-1 Find the five most suitable assets for investment.

T3-2  Identify potential alternative assets similar to a target asset.

T4-1 Find the feature that has the greatest impact on the model.
T4-2 Find the strategy parameter with the best return.

higher task correctness, especially for complex inter-asset relation-
ship analysis (T2) and model prediction interpretation (T4), sug-
gesting reduced cognitive load. Qualitative feedback reinforced
these findings, with users praising the clarity of views like the As-
set Relation Graph and the Interactive Backtesting Module. Con-
structive suggestions included performance optimization for very
large datasets and real-time data support. Overall, the study indi-
cates QuantVisExplorer effectively supports complex quantitative
investment analyses, offering an intuitive, transparent, and efficient
alternative to traditional tools, thus improving analytical efficiency
and user confidence.

6.4 Discussion

Our case studies demonstrated the system’s utility in enabling do-
main experts to uncover anomalous market trends, understand the
driving factors behind model predictions, and interactively refine
investment strategies through features like multi-faceted network
exploration and integrated backtesting. The user study further cor-
roborated these findings, indicating that QuantVisExplorer was per-
ceived as intuitive and effective, significantly aiding users in com-
prehending complex financial data and model behaviors compared
to traditional tools. Key strengths highlighted include the system’s
ability to integrate diverse information sources and provide clear vi-
sual pathways from market overviews to granular asset details and
model explanations. While the results are promising, we acknowl-
edge limitations such as the current prototype’s performance with
extremely large datasets and the absence of real-time data integra-
tion, which were noted in user feedback. Future work could focus
on addressing these scalability challenges, enhancing the model’s
adaptability to unforeseen market shocks, and expanding the an-
alytical capabilities to include more sophisticated financial instru-
ments and automated insight recommendation features. Ultimately,
QuantVisExplorer contributes to bridging the gap between complex
quantitative models and the practical needs of investment profes-
sionals for transparent, explorable, and actionable insights.

7 CONCLUSION

In this work, we presented QuantVisExplorer, a novel visual ana-
lytics system that synergizes a multi-relational temporal graph net-
work model with an interactive multi-view interface to support ex-
plainable quantitative investment. We demonstrated its capabilities
in facilitating market trend analysis, asset relationship exploration,
and model-driven strategy evaluation through comprehensive case
studies and a positive user study. By providing intuitive visual
access to complex model outputs and multi-faceted market data,
QuantVisExplorer offers a significant step towards more transpar-
ent, trustworthy, and effective data-driven decision-making in the
financial domain. We believe this approach not only empowers fi-
nancial analysts but also contributes valuable design insights for
future visual analytics systems targeting complex predictive mod-
eling in other domains. Future directions include enhancing system



scalability and exploring real-time data integration.
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