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ABSTRACT 

Under the backdrop of rapid evolution in fintech, artificial intelligence technologies are fundamentally 

remodeling traditional quantitative investment and risk management models, leading to a new chapter of data-

driven and intelligent financial markets. Based on the importance of accurately forecasting volatility as a key 

indicator for measuring risk levels and uncertainty in asset prices in financial markets as a guide for optimizing 

asset allocation and controlling risk. Traditional econometric volatility models are quite limited to work with 

high-dimensional, nonlinear financial data and also complex time-series dependencies. To overcome the 

shortcomings, this paper develops a framework for predicting financial market volatility and managing risk that 

combines multi-factor models with deep learning algorithms in the context of fin tech-enabled quantitative 

investing. With the Fama–French factor framework as its theoretical basis, this paper builds a multi-source set of 

financial features by fusing technical indicators and market behavior data and tests the validity of factors using 

IC-IR screen process. We propose a deep learning time-series model for jointly modeling market prices and 

volatility to capture the nonlinearities and long-term dependence structure of financial time series. We built a 

complete workflow of data preprocessing, model training and rolling forecasting using Python during model 

implementation, and systematically examined forecasting performance through multi-indicator evaluation 

system.  

Keywords: Fintech, Quantitative investing, Deep learning, Multi-factor models, Volatility forecasting, 

Risk management. 

1. INTRODUCTION 

The rapid development of digitalization and 

informatization in financial markets, the emergence 

of FinTech has been strongly reshaping the asset 

pricing and investment decision process model [1]. 

The rapid evolution of information technologies 

such as big data, artificial intelligence and cloud 

computing, allows financial practitioners to analyze 

a huge amount of heterogeneous data and extract 

useful message for investment decision-making 

from it; thus investment activities are gradually 

transformed into intelligent decision-making based 

on the analysis data rather than just experience. 

Against this background, quantitative investing — 

as an important application scenario of FinTech, is 

the analysis of market patterns using mathematical 

models and algorithms in a systematic way, which 

has become one of the key development directions 

in the field of asset management [2]. In particular, 

the fluctuation of financial markets not only mirrors 

the extent of uncertainty in asset prices, but also 

acts as a significant variable for risk management, 

derivatives pricing and portfolio allocation; thus, 

accurate volatility forecasting is of great theoretical 

significance and practical value [3]. 

The reliance on econometric models, such as 

ARCH, GARCH and their extensions, to model and 

forecast financial market volatility has been the 

dominant approach in both academia and industry 

for a long time [4]. These approaches represent the 

standard features of financial time series, such as 

volatility clustering and have been widely used in 

early finance risk analysis research. Since financial 

market structures have become more intricate, and 

the volume of high-frequency trading and cross-

market linkages has increased markedly, traditional 

models gradually shown inherent limitations in 
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modeling nonlinear relationships, high-dimensional 

features as well as long-term dependency 

relationships [5]. Moreover, although classical 

multi-factor models (such as the Fama–French 

factor framework) have provided us with an 

important theoretical base for asset return 

explanations, with market changes influencing 

factor returns to exhibit attenuation and static factor 

frameworks failing to adapt to the dynamic 

information mining demands of smart investing, 

Machine learning and deep learning 

technologies have the advantages of pattern 

recognition and complex function approximation in 

recent years, which provides new research ideas for 

financial time series forecasting [6]. Deep learning, 

which includes Recurrent Neural Networks (RNNs), 

Long Short-Term Memory (LSTM) networks and 

Transformer models as representatives of this kind 

have proven to be particularly successful in time 

series problems since they can capture nonlinear 

features and long-term dependencies, like stock 

price prediction, volatility modeling or risk 

assessment. Toggling these modifications with 

advances in artificial intelligence brings a new path 

for the development of traditional multi-factor 

models: applying data-driven approach to reveal 

latent factors and adaptively assess their 

effectiveness can achieve a profound integration 

between factor model and forecasting algorithms 

[7]. 

In this paper, with the backdrop above 

mentioned, we choose fintech-enabled quantitative 

investment as the topic and study on financial 

market volatility forecasting and risk management 

problems. First, starting from traditional multi-

factor theory, we establish a multi-source financial 

feature system and test the factor validity through 

information coefficient and information ratio. 

Second, we leverage deep learning models to model 

the financial time series and make market price 

forecast and volatility prediction jointly. In addition, 

we apply the forecasting results on quantitative 

investing strategies and dynamic risk control, 

construct a complete “forecasting–strategy–risk 

management” analytical framework, and validate 

that the model is effective and stable through 

backtest experiments. 

 

 

 

2. THEORETICAL FOUNDATIONS 

OF QUANTITATIVE INVESTING 

AND THE CONSTRUCTION OF 

MULTI-FACTOR MODELS 

Quantitative investment is an approach to 

devising and managing trading strategies where 

financial theory, mathematical models, and 

computer algorithms are combined to 

systematically analyze the various factors in a 

market before making decisions. At its heart, it 

consists of recognizing patterns in the movement in 

price of assets through data mining and statistical 

modeling leading to objectivity and automation of 

investment decisions [8]. The power of quantitative 

investing lies in that compared to conventional 

subjective investment models, it effectively reduces 

the impact of human emotions and cognitive biases 

on the decision-making process, and enhances the 

consistency of each strategy as well as risk control 

capabilities through programmatic execution. 

Fintech has made quantitative investing progress 

from simple statistical rules to a data-driven 

investment system that is integrated with machine 

learning and artificial intelligence algorithms, 

becoming one of the main technical routes in 

modern asset management [9]. To describe the 

relationship between asset returns and systematic 

risk factors, the multi-factor asset pricing model 

can be formulated as follows: 
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To evaluate the predictive power of constructed 

factors, the Information Coefficient (IC) is adopted 

to measure the correlation between factor values 

and future returns: 

1corr( , )t t tIC F R +=
                                 (2) 

Accordingly, based on the theories and methods 

mentioned above, this paper constructs a multi-

source factor framework which not only integrates 

traditional financial factors but also incorporates 

data-driven features as high-quality input variables 

for subsequent deep learning models [10]. On the 

one side, it keeps the economic interpretability of 

classical factors; on the other, it applies data mining 

method to grab latent market info by a collaborative 

modeling framework to blend “theory-driven” and 

“data-driven”. This multi-factor system serves as a 

basic feature space for forecasting goodwill market 

volatility and enables scientific data-driven 

methods, theoretical models, and quantitative 
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investment strategy designs or risk management 

analysis. 

3. BUILDING AND IMPLEMENTING 

DEEP LEARNING-DRIVEN 

MARKET FORECASTING 

MODELS 

With dimensionality and complexity of 

financial market data increasing, it becomes 

increasingly challenging for classical linear models 

to capture more complicated nonlinear and long-

range dependence structures found in financial time 

series. With robust feature learning and function 

approximation abilities, deep learning models 

present a novel technical approach for market 

forecasts.  

3.1 AI-driven New Factor Discovery and 

Feature Engineering 

Factor quality drives the performance of 

prediction models and ensures the stability of 

strategies in quantitative investment research. 

Common methods for factor construction and 

measurement are usually based on clearly defined 

economics concepts or empirical frameworks, 

which leads to easily understood significance (e.g. 

value, size, momentum), however fails to capture 

the moving parts of dymnastic changing in asset 

prices at complex and volatile market settings. The 

fast growth of the scale and dimensions of financial 

data provide a broad platform for factor discovery 

using artificial intelligence technology, which is a 

new research paradigm. This way, we can 

systematically and automatically find candidate 

features that show potential, avoiding the handcraft 

factor construction limitations and allowing for a 

smarter and dynamic factor generation process. The 

Long Short-Term Memory (LSTM) network 

updates its hidden representation through gated 

mechanisms, which can be expressed as: 

tanh( )t t th o C= 
                                    

1t t t t tC f C i C−= + 
                                   (3) 

This paper first constructs a candidate feature 

space containing multi-source data, including 

market transaction data, technical indicator 

variables and derived indicators to reflect different 

behavioral characteristics of investors in AI-driven 

new factor discovery process. The short-term and 

medium-to-long-term operational states of the 

market are specifically characterized by variables 

such as yield series, volume change rates, price 

volatility and trend indicators. Furthermore, rolling 

statistics and time-window features are proposed in 

order to improve the model’s ability to capture 

time-series information. Multi-dimensional features 

are integrated to enhance the model's recognition of 

nonlinear structures and complex interrelationships 

in financial markets, thus providing richer 

information inputs for deep learning models. By 

selecting the final set of input features based on 

screening for the relevant core features with 

persistent forecasting capability, we apply the 

factor optimization procedure and move from a 

“data-driven generation” to a “statistical evaluation 

and filtering.” This automated feature engineering 

framework using AI technology enhances the 

quality of model input data, which is a prerequisite 

glass for building and generalizing later deep 

learning predictive algorithms. 

3.2 Deep Learning-based Model for 

Volatility and Price Forecasting 

Financial price and volatility series are often 

highly nonlinear, non-stationary, and long memory 

processes; linear models are poor representations of 

these dynamic relationships. Deploying multi-layer 

nonlinear transformations and automatic feature 

learning ability, deep learning models are capable 

to elucidate latent time-series patterns from high-

dimensional financial data, providing a novel 

technical solution for market predictions. From this, 

this paper builds a deep learning-based pricing 

framework that takes the multi-factor features as 

input variables, and jointly models the trend level 

and volatility of asset prices to improve the model’s 

identification ability for market risk changes. 

During model training, the mean squared error 

(MSE) loss function is employed to minimize the 

deviation between predicted and actual values: 

2
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                                         (4) 

In model training, this paper employs a 

supervised learning framework and established 

input-output mapping relationships based on 

historical samples. A sliding time window is used 

to form the training dataset, which is consistent 

with the rolling forecasting in real investment 

scenarios. The loss function minimizes the 

difference between predicted and ground truth, 

adjusting network parameters on the fly through 

backpropagation. At the same time, in order to 

alleviate overfitting of the model, we introduce 

regularization methods and early stopping 
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mechanism, as well as separate training-validation 

set separation strategy which helps improve the 

model's predictive ability on unseen data. 

Furthermore, we choose an adaptive gradient 

method for the optimization algorithm which 

improves high convergence rate and training 

stability of our model. The performance of the deep 

learning model in forecasting market volatility is 

illustrated in “Figure 1”, where the predicted 

volatility closely follows the dynamics of the 

realized volatility over time. 

 

Figure 1 Deep Learning-Based Volatility Prediction Performance. 

The output layer for the prediction part 

generates both forecasts for future price trends as 

well as estimates of conditional volatility. Samples 

are evaluated using a multi-metric assessment 

system for comprehensive prediction performance 

(root mean square error RMSE, mean absolute error 

MAE, and directional prediction accuracy.) The 

superiority of deep learning models in capturing 

complex market structures is validated through 

comparative analysis with traditional statistical 

models. This predictive approach serves as an 

important input to the next step of developing 

quantitative strategies and dynamic risk 

management frameworks that translate information 

contained in market data into intelligent investment 

decision-support. 

3.3 Model Evaluation and Backtesting 

Validation System 

In order to systematically evaluate the 

performance and stability of the deep learning 

predictive model, this paper establishes a 

multidimensional model evaluation system that 

fully audits three dimensions of analysis: predictive 

accuracy, directional judgment ability, and strategy 

utilization effectiveness. First, in terms of assessing 

predictive performance, the model fitting ability is 

evaluated by quantifying the error between the 

predictions produced by the model and market data. 

We choose metrics such as Root Mean Square 

Error (RMSE), Mean Absolute Error (MAE) and 

Mean Absolute Percentage Error (MAPE) for a 

quantitative analysis of the performance of 

prediction level. Moreover, a directional accuracy 

metric is proposed to quantify the model’s 

performance in deciding market uptrend and 

downtrend, which reflects the practical value of this 

model in investment decision-making. Financial 

market risk is commonly characterized by 

conditional volatility, which can be defined as the 

expected squared deviation conditional on historical 

information: 

2 2

1( )t t t tr  −
 = −  E ∣

                               (5) 

To evaluate the risk-adjusted performance of 

the investment strategy, the Sharpe ratio is adopted 

as a key performance metric: 

( )p f

p

E R R
SR



−
=

                                           (6) 

Methodology: The paper uses a time series 

rolling window method for the experimental design 

to construct the training and testing framework, 

which eliminates forward-looking information 

leakage. In particular, the sample data is ordered 

chronologically and divided into 

training/validation/test sets, while model 

parameters are updated in a dynamic sliding 

window-based manner — which leads to an 

ongoing simulation of actual market conditions. 
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This approach enables the assessment of the 

model’s generalization capability in different 

market stages while also providing a solid view on 

its adaptability to market structure changes, making 

the experimental findings more credible and 

practically interpretable. The backtesting 

performance of the AI-driven quantitative strategy 

compared with the market benchmark is presented 

in “Figure 2”, demonstrating improved return 

stability and reduced drawdown risk. 

 

Figure 2 AI-Driven Quantitative Strategy Backtesting Results. 

In this stage of strategy backtesting, the 

predicted price trends and volatility results in this 

paper are directly applied to digital asset 

quantitative investment decisions to build models 

based on predictive signals for trading strategies 

and validate their performance through backtesting 

with historical data. Cumulative return, annualized 

return, maximum drawdown, and risk-return related 

metrics such as Sharpe ratio all represent 

backtesting indexes that reflect the effectiveness of 

the model in improving returns and controlling for 

risks. Simultaneously, we assess the robustness and 

outperformance of deep learning models across a 

variety of market contexts via comparative analysis 

of benchmark strategies and traditional model-

based strategies. 

4. APPLICATIONS OF 

INTELLIGENT QUANTITATIVE 

STRATEGIES AND RISK 

MANAGEMENT 

Given the potential of deep learning predictive 

models for market price trends and volatility 

estimation, practical value will be realized by 

exposing how to turn this predictive information 

into the basis for investment decisions. Based on 

the outputs of models, this section formulates 

intelligent quantitative investment strategies as core 

signals and carries them into asset allocation and 

risk management in connection with A1i prediction 

results, forming a closed-loop application from data 

analysis to investment execution. The strategy’s 

ability to leverage forecasted volatility and 

forecasted returns allows for adjustments in 

investment weights according to market conditions, 

enhancing the portfolio’s adaptability throughout 

varying market environments. 

With respect to building a strategy, this paper 

generates trading signals by predicting whether the 

returns will increase or decrease, and integrates 

volatility forecast results into position control. At 

the risk management level, this paper formulates an 

adaptive risk monitoring to predict volatility which 

incorporates risk metrics into the strategy execution. 

By calculating portfolio risk of loss level and 

volatility in real time, for example, the system 

issues risk alerts and adjusts positions; when risk 

indicators exceed predefined thresholds, 

corresponding risk control mechanisms will 

automatically trigger to minimize losses during 

extreme market situations. Moreover, the new 

drawdown control and stop-loss rules increase the 

strategy's defensive characteristics to huge market 

downturns, leading to an overall increased 

efficiency of risk management. 
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5. CONCLUSION 

This paper settles the issues of forecasting and 

risk management in financial markets on fintech, by 

building a systematic research framework of 

intelligent quantitative investment, it is regarding to 

multi-factor models fused with deep learning 

algorithms. First, we analyzed the evolution of 

multi-factor models based on quantitative 

investment theory, then we introduced how to apply 

AI-assisted new factor discovery and feature 

engineering methods on established traditional 

factors to form a multi-source financial feature 

space; Second, market price prediction and 

volatility prediction models constructed through 

deep learning. Through the utilization of time-series 

neural networks in learning nonlinear dynamic 

characteristics of financial markets, these models 

can effectively capture market trends; ultimately 

prediction outputs were employed in intelligent 

quantitative strategies and risk management 

practices thereby constituting a unified research 

system covering “factor construction—model 

prediction—strategy application—risk control”. 

The empirical results show that deep learning 

models have notable advantages for complex 

financial time series handling. They can better 

capture the characteristics of market volatility than 

classical statistical models and greatly enhance the 

stability in prediction. Intelligent quantitative 

investment strategies based on predictive signals 

outperform the general market in risk-adjusted 

terms at the strategy level, yielding higher return 

stability and a reduction of maximum drawdown in 

backtest experiments. At the same time, integrating 

volatility forecast results into dynamic risk control 

mechanisms enables real-time adjustments to 

portfolio risk exposure, confirming that the 

practical application value of AI technology in 

contemporary asset management and risk 

management. 
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