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The financial market is characterized by high volatility and noisy data, making it a formidable challenge 

to forecast trends and design robust investment strategies. In this paper, we propose an innovative 

prediction model that integrates multi-feature fusion with graph attention mechanisms to address these 

challenges, specifically tailored for dollar-cost averaging (DCA) strategies. Our model, termed DCAGAT, 

leverages Graph Attention Networks (GATs) to dynamically assess the interdependencies among various 

financial assets. By incorporating multiple market features—historical price fluctuations and trading 

volumes—the model constructs a comprehensive representation of market dynamics. A key innovation is 

the inclusion of an autoencoder-inspired reconstruction verification mechanism, which mitigates 

overfitting by ensuring that the model focuses on persistent market trends rather than transient noise. We 

validate the effectiveness of DCAGAT using historical data from Yahoo Finance and ETF from 2012 to 

2022. We benchmark DCAGAT against four neural baselines—DNN, Conv1D, GCN and ST-GCN—on 

three DCA-oriented metrics: one-, seven- and fourteen-day directional accuracy (Adir) and Top-5 hit-

rate (Aselect). While DCAGAT matches the best baseline on Adir, it consistently improves Aselect across 

the evaluated scenarios, with every gain passing the paired statistical-significance test., underscoring its 

superior stock-selection capability. Overall, our research provides a robust framework for financial 

market forecasting by combining advanced graph-based learning techniques with feature-rich data 

integration, offering valuable insights for investors seeking to optimize multi-day investment decisions in 

unpredictable market environments. 

Povzetek: Prispevek predstavi nov model za napovedovanje finančnih trgov, ki izboljša naložbene 

odločitve tudi v nestabilnih in šumnih razmerah. 

 

1 Introduction 
Finance is inherently a game of risk and reward, and since 

the inception of the financial industry, forecasting market 

trends, mitigating risks, and enhancing returns have 

remained paramount objectives for practitioners[1, 2]. 

The prevailing view posits that, to a certain extent, 

financial markets are predictable and that both risk and 

return can be systematically evaluated [3]. For example, 

armed conflict has been observed to drive up gold prices, 

technological breakthroughs can trigger increases in 

stock prices[4], and favorable weather conditions may 

lead to declines in agricultural commodity futures prices. 

Nonetheless, the process of evaluation is considerably 

more complex in practice; in actual trading environments, 

such clear-cut trends are often elusive, with the market 

itself frequently serving as the most reliable indicator of 

underlying economic forces[5, 6]. 

Dollar-cost averaging (DCA) represents a unique 

investment strategy characterized by its systematic and 

periodic allocation of fixed funds into selected financial 

assets, irrespective of market price fluctuations[7]. This 

method appeals to a diverse group of investors— 

 

including novice individuals seeking to minimize the  

emotional and financial risks associated with market 

timing, as well as more experienced investors who value 

a disciplined, multi-day approach. Among its advantages, 

DCA mitigates the adverse effects of market volatility 

and reduces the risk of mistimed investment decisions, 

although it may underperform during extended bull 

markets; nevertheless, its benefits often outweigh these 

limitations[8]. Fundamentally, the strategy relies on 

historical market performance as its primary 

informational input, thereby anchoring investment 

decisions in empirically observed trends rather than 

speculative forecasts[9]. 

Rapid advances in artificial intelligence (AI) have 

precipitated its widespread adoption across diverse 

domains such as entertainment[10], healthcare[11], 

manufacturing[12], robot[13], and transportation[14]. In 

each of these fields, AI’s data-driven methodologies have 

demonstrated remarkable predictive capabilities, a 

strength that naturally extends to the realm of finance[15, 

16]. This technological prowess has spurred financial 

practitioners to explore innovative approaches, including 
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the ambitious pursuit of constructing a "Laplace 

demon"—a theoretical, data-driven model capable of 

processing vast amounts of market information to make 

highly informed predictions[17, 18]. 

However, the application of AI in finance presents 

unique challenges. Unlike machine vision or natural 

language processing, financial data is inherently more 

complex[19, 20]. The critical patterns and signals are 

deeply embedded within a noisy environment, making 

them more elusive and difficult to extract[21, 22]. 

Despite these hurdles, leveraging AI in financial analytics 

holds significant promise. By integrating historical 

market performance as a primary informational input, 

sophisticated computational models can gradually 

unravel these complexities, enhancing risk assessment 

and market forecasting capabilities[23]. Ultimately, the 

transformation of raw data into actionable insights not 

only reinforces AI’s pivotal role in financial innovation 

but also sets the stage for more informed and strategic 

investment decisions[24, 25]. 

Existing studies center on short-horizon tasks—

one-day price forecasts or binary direction 

probabilities—whereas multi-step prediction and 

strategies tailored to Dollar-Cost Averaging (DCA) 

receive scant attention. As Table 1 shows, most models 

optimize single-step direction accuracy, leaving the 

portfolio-level, multi-period allocation challenge 

intrinsic to DCA largely unaddressed. 

 

Table 1: Representative graph/autoencoder models for financial forecasting 

 

Year 
Study / 

Model 

Core 

Architecture 

Public Dataset & 

Market Span 

Pred. 

Horizon 
Eval. Metrics 

Reported Best 

Outcome 

2025 

LSTMAE-

Network 

[26] 

LSTM + 

Autoencoder  

S&P 500 indices, 

2000 – 2022 
Next-day 

Topological 

network 

metrics; crisis 

detection recall 

Detected 5/6 major 

crises; F1 ↑ 10 % vs. 

correlation graph 

2024 
SAE-MLP 

[27] 

Supervised 

Autoencoder 

+ MLP 

S&P 500, 

EUR/USD, 

BTC/USD, 2010 – 

2022 

5 – 30 min 
Sharpe, Info-

Ratio 

Information Ratio ↑ 

32 % vs. MLP 

baseline 

2024 
DGDNN 

[28]  

Decoupled 

Graph 

Diffusion 

GNN 

2 893 stocks 

(NASDAQ/NYSE/

SSE), 2012 – 2021 

Next-day Accuracy, MCC 

Acc. ↑ 9.1 % / MCC 

↑ 0.09 over 12 

baselines 

2023 
DGATS 

[29] 

Dynamic-

Attributes 

GAT 

U.S. equities, 2014 

– 2020 
Next-day Accuracy 

Acc. ↑ 5 % vs. 

dynamic-GCN 

2021 
ST-Trader 

[30] 

VAE-GCN-

LSTM  

Minute-level NYSE 

stocks, 2018 
30 min 

Direction 

accuracy 

Acc. ↑ 4 % vs. GCN-

LSTM w/o VAE 

 

According to Kraken's research depicted in Figure 1, 

59% of cryptocurrency investors utilize DCA as their 

primary investment strategy for different reasons[31]. 

Considering the inherent complexity of the stock market 

and the potential interdependencies among individual 

stocks, this paper proposes a financial market prediction 

model that leverages a graph attention mechanism 

combined with multi-feature fusion to develop 

comprehensive DCA recommendations[32]. Moreover, 

whereas short-horizon signals may offer high-frequency 

cues, they also carry elevated noise and sudden-event risk, 

reducing confidence for DCA’s medium-range 

allocations. Therefore, we integrate an autoencoder-

inspired reconstruction verification mechanism to 

mitigate attention overfitting: this encourages the model 

to focus on stable, persistent patterns rather than transient 

spikes. In summary, our aims are: 

1. To develop robust multi-step (e.g., 7–14 day) 

forecasts suited for DCA investors, balancing 

information sufficiency against noise in these 

horizons. 

2. To mitigate overfitting in graph attention via an 

autoencoder-style reconstruction penalty, 

fostering durable feature representations. 

3. To evaluate the proposed DCAGAT model on 

realistic portfolio sizes, demonstrating its 

practical value for DCA decision-making. 
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Figure 1: The visualization of Kraken's research on DCA 

 

The remainder of this paper is organized as follows. 

Section II provides the necessary background on Graph 

Neural Networks and Graph Attention Networks. Section 

III introduces the proposed methodology in detail. 

Experimental setup and results are presented in Section 

IV. Section V offers a discussion of the findings, and 

Section VI concludes the paper. 

2 Background 

2.1 Graph neural networks 

Graph Neural Networks (GNNs) have emerged as a 

pivotal tool for learning from graph-structured data by 

explicitly incorporating the inherent relational 

information into the learning process[33]. Consider a 

graph G  defined as: 

( , )=G V E  (1) 

where V represents the set of nodes and E denotes the set 

of edges, encapsulating the relationships among nodes. 

Each node 
iv V   is associated with a feature 

vector 
ix  in d : 

,d

i iv x V  (2) 

The fundamental concept underlying GNNs is the 

iterative refinement of node representations through a 

message-passing mechanism, which leverages the graph 

structure as prior knowledge. Specifically, at the l-th layer, 

the hidden representation ( )l

ih  of node vi is updated 

according to: 

( ) ( ) ( 1) ( )

( )

l l l l

i j

j i

 −



 
= + 

 
h W h b
N

 (3) 

In this equation, ( )iN   denotes the neighborhood of 

node 
iv , ( )l

W  is the learnable weight matrix at layer l, 
( )l

b  is the bias vector, and  is a non-linear activation 

function, such as ReLU. The initial hidden state is 

established by setting: 
(0)

i i=h x  (4) 

By recursively applying the update rule in (3) over 

multiple layers, GNNs are able to capture both local and 

global structures of the graph. The final node embeddings, 

( )L

ih  after L layers, serve as comprehensive 

representations for various downstream tasks, including 

node classification, link prediction, and graph-level 

inference. This explicit integration of structural 

information, as evidenced in (1)–(4), enables GNNs to 

effectively harness the relational context intrinsic to 

graph data. 

2.2 Graph attention networks 

Graph Attention Networks (GATs) extend the framework 

of GNNs by incorporating an attention mechanism, 

which allows the network to assign different weights to 

nodes in a neighborhood during the aggregation 

process[34]. This is particularly useful in scenarios where 

some neighbors contribute more significantly than others 

to a node’s representation. 

In GAT, each node 
iv  with feature vector 

ih   is 

first transformed by a linear mapping W . To compute the 

attention coefficients, an attention mechanism is applied 

to every pair of connected nodes. Specifically, for nodes

iv  and 
jv , the unnormalized attention score is given by: 

( )LeakyReLU T

ij i je  =  a Wh Wh‖  (5) 

where a  is a learnable weight vector. These scores are 

then normalized using the softmax function to obtain the 

attention coefficients: 

( )

exp( )

exp( )

ij

ij

ik

k i

e

e




=

N

 (6) 

The normalized coefficients 
ij  indicate the importance 

of node 
iv  and 

jv . Finally, the updated representation 

for node 
iv   is computed as a weighted sum of its 

neighbors’ transformed features: 

( )

i ij j

j i

 



 
=  

 
h Wh
N

 (7) 

To further enhance the stability and performance of 

the model, multi-head attention is commonly employed, 

where multiple independent attention mechanisms 

operate in parallel and their outputs are either 

concatenated or averaged. This design allows GATs to 
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dynamically modulate the influence of neighboring nodes, 

enabling the model to prioritize the most informative 

connections. As a result, the learned representations are 

more expressive and better suited for downstream tasks. 

3 Methodology 
Dollar-Cost Averaging (DCA) has emerged as an 

increasingly popular investment strategy, particularly 

among investors seeking to mitigate the inherent 

volatility of financial markets. By systematically 

investing a fixed amount at regular intervals, DCA 

reduces the risk associated with market timing, as it 

naturally smooths out the effects of short-term price 

fluctuations. This approach not only minimizes the 

potential for purchasing assets at their peak prices but 

also instills a disciplined, multi-day investment mindset 

that can be especially beneficial during periods of market 

instability. 

However, the success of DCA extends beyond mere 

regularity in investments—it critically hinges on the 

selection of the right assets. While the strategy is 

inherently designed to counteract volatility, its 

effectiveness can be substantially enhanced when paired 

with predictive models that assess the multi-day potential 

of various stocks. Traditional predictive models tend to 

focus on short-term price movements, which may not 

align with the enduring goals of DCA. Therefore, there is 

a clear need to tailor these models specifically for DCA 

by incorporating a broader set of features that capture the 

sustained growth and resilience of financial assets over 

time. By customizing predictive frameworks to evaluate 

multi-day trends rather than ephemeral market noise, 

investors can maximize returns and improve the overall 

efficiency of their investment strategies. This tailored 

approach not only bolsters confidence in asset selection 

but also lays the groundwork for more stable and 

rewarding investment outcomes over the long haul. 

3.1 The graph attention network for stock 

prediction 

In predictive modeling, analyzing individual stocks in 

isolation is often inadequate due to the limited 

availability of reliable data and the presence of 

substantial noise, which can obscure meaningful patterns. 

A more comprehensive perspective that considers the 

broader market context is essential, as stocks do not 

operate independently but are inherently interrelated 

through various economic, industrial, and behavioral 

factors. Their collective dynamics often contain richer 

and more stable signals that can significantly improve 

prediction quality. GNNs offer a powerful framework for 

capturing these complex interdependencies. By modeling 

stocks as nodes within a graph and their relationships—

such as correlations, sector affiliations, or co-movement 

trends—as edges, GNNs facilitate the development of an 

integrated market model. This graph-based 

representation not only addresses the limitations of sparse 

or noisy individual stock data but also capitalizes on the 

relational structure among assets to produce more robust 

and informative predictions, thereby enhancing the 

overall accuracy and reliability of financial forecasting. 

While GNNs effectively capture relational 

structures by connecting stocks within a market, they 

typically aggregate information from all neighboring 

nodes in a uniform manner. This approach may overlook 

the varying degrees of influence that different stocks 

exert on one another. In contrast, GATs incorporate an 

attention mechanism that assigns adaptive weights to 

each neighboring node, thus highlighting the more 

informative relationships. This weighted aggregation 

enhances the model’s ability to focus on critical 

interdependencies and attenuate the impact of noise or 

less relevant connections. In fact, GATs dynamically 

learn these weights during training, thereby improving 

the model's capacity to capture subtle market dynamics. 

To exploit these advantages, we have integrated a GAT 

layer into our methodology. This addition not only refines 

the aggregation process by emphasizing pivotal inter-

stock relationships but also facilitates a more nuanced 

and accurate representation of the overall market 

structure. 

For each node in the graph, the model incorporates 

multi-dimensional historical data of the corresponding 

stock, which may include, but is not limited to, features 

such as daily high, low, opening prices, and trading 

volume. This rich set of inputs allows the graph attention 

mechanism to capture not only the structural correlations 

between different stocks but also the temporal patterns 

and performance trends of each individual asset. By 

simultaneously considering inter-stock relationships and 

time-series behavior, the model gains a more 

comprehensive understanding of the market dynamics. 

This dual perspective enhances its ability to identify 

meaningful patterns, reduce the impact of noise, and 

ultimately improve prediction accuracy. A schematic 

representation of the overall model architecture is 

provided in Figure 2. Given that the prediction task in this 

context resembles a generation problem—though with a 

lower level of complexity—Mean Squared Error (MSE) 

is employed as the training loss to measure the 

discrepancy between predicted and actual values, as 

equation (8). 

( )
2

pred

1

1
ˆ

N

i i

i

y y
N =

= −L  (8) 
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Figure 2. The diagram of GAT for stock prediction based on history of market. 

 

3.2 Tailored design for dollar-cost averaging 

investment strategy 

Financial market prediction poses a significant challenge 

due to the inherently volatile and nonlinear nature of 

market behavior. Sudden shifts driven by macroeconomic 

events, investor sentiment, or unforeseen external factors 

are commonplace, making consistent and reliable 

forecasting difficult. These challenges are particularly 

pronounced in the context of multi-day investment 

strategies such as DCA, which differs fundamentally 

from short-term or high-frequency trading. Unlike 

strategies that demand frequent recalibration based on 

market movements, DCA involves making periodic, 

fixed investments in selected assets over time—

regardless of price fluctuations. This disciplined 

approach helps reduce emotional decision-making and 

cushions the impact of market volatility. However, its 

static nature limits the ability to respond to short-term 

opportunities, thereby placing greater emphasis on 

making strong, generalizable multi-day predictions at the 

outset. 

Given these constraints, the design of predictive 

models for DCA must be approached with caution. 

Overreliance on narrowly defined features or recent 

market behavior can be detrimental, especially in volatile 

environments where transient signals may dominate the 

data. If the model concentrates too heavily on such 

patterns, it risks overfitting—capturing noise rather than 

structure, and failing to generalize in future scenarios. 

While GATs offer a powerful mechanism for modeling 

relational dependencies by assigning adaptive weights to 

neighboring nodes, they are not without shortcomings. In 

their standard form, GATs tend to focus attention 

disproportionately on nodes with strong short-term 

signals, which can amplify noisy or misleading 

correlations—particularly problematic in financial 

domains where causality is often ambiguous. 

Additionally, without proper regularization, the attention 

mechanism may become overly sensitive to minor 

variations in the input, leading to unstable representations. 
To counteract these issues, an effective model should 

minimize the risk of becoming overly influenced by any 

single factor or fleeting trend. Doing so encourages 

broader, more stable representations that better match the 

multi-day, noise-tolerant nature of DCA investment 

strategies. 

Over-weighting a single factor or fleeting market 

blip creates an information bottleneck: when the latent 

representation fails to retain enough information to 

reconstruct the original inputs, essential signals are lost. 

Routine hyper-parameter tweaks—learning-rate 

schedules, deeper layers, extra attention heads—or even 

generic regularizes such as dropout and weight decay can 

temper, but seldom eliminate, this structural leak. To 

address it directly, we embed an autoencoder (AE) branch 

alongside the GAT. The requirement to compress each 

input sequence into a latent code and then faithfully 

rebuild it supplies a reconstruction loss that penalizes 

representations discarding informative dimensions, 

steering the attention mechanism toward broader, 

information-rich patterns. In the volatility-prone, noise-

laden world of finance, this reconstruction-based 

regularization is particularly effective for preserving the 

robust multi-day signals that Dollar-Cost Averaging 

depends on. 

To integrate an AE into the standard GAT workflow, 

we treat the GAT’s node embeddings as the AE’s latent 
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code (Figure 3). Raw market features are first compressed 

by an encoder into a lower-dimensional vector, which is 

fed to the GAT. The GAT learns cross-asset dependencies 

and passes its embeddings to (i) a dense prediction head 

and (ii) a decoder that tries to reconstruct the encoder’s 

original input. Because the decoder operates directly on 

these post-attention embeddings, the reconstruction loss 

regularizes the GAT’s output. We minimize a joint 

objective that combines the prediction loss with a 

reconstruction loss measured by MSE as Eq. (9). This 

dual-loss scheme preserves the familiar “GAT → dense 

layer” paradigm while regularizing the attention 

mechanism, preventing it from overreacting to short-

lived market shocks and fostering information-rich, 

noise-robust representations. The resulting architecture, 

DCAGAT, thus balances representation integrity with 

attention flexibility and achieves consistently higher 

predictive accuracy in the multi-day DCA setting. 

 

( )
2

rec

1

1
ˆ

N

i i

i

x x
N =

= −L  (9) 

 

 
 

Figure: 3 The Diagram of DCAGAT. 

 

Under this design, the model incurs two loss 

terms—one for prediction and one for reconstruction. 

Both terms are optimized jointly with user-defined 

weights, allowing the network to balance predictive 

accuracy against reconstruction fidelity. The overall 

objective is therefore the weighted sum: 
 

total 1 pred 2 rec = +L L L  

 (10) 

promoting simultaneous improvement on both fronts. 

In our model, both the prediction loss and the 

reconstruction loss are assigned a default weight of 1, 

ensuring that they contribute equally during the training 

process. This balanced weighting scheme is designed to 

optimize both the accuracy of the predictions and the 

quality of the reconstructed inputs. In the subsequent 

section, we conduct an ablation study to systematically 

evaluate the impact of the reconstruction component on 

overall model performance, shedding light on how this 

mechanism contributes to mitigating overfitting and 

enhancing the model's ability to generalize in complex 

market conditions. In summary, the modular algorithm 

description is as Algorithm 1: 

 

Algorithm 1:  DCAGAT Forward & Training Loop 

Input : node features X ∈ R^{N×T×F}, adjacency A ∈ {0,1}^{N×N} 

Output: predictions ŷ, reconstruction R 

H ← ENCODER(X)                                             # (N,T,F) → (N,d) 

Z ← GAT (H, A)                                                # node embeddings 

ŷ ← PREDICT_HEAD(Z)                                      # three targets per node 

R ← DECODER(Z)                                             # reconstruct H 

Lpred   =  MSE(ŷ, y)                                          # prediction loss 

Lrecon  =  MSE(R,  H)                                       # reconstruction loss 

Ltotal  =  λp·Lpred + λr·Lrecon 

Update parameters with Adam                                    # minimise Ltotal 
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4 Experiments 

4.1 Experimental setting 

Yahoo Finance dataset provides historical financial data 

for a wide range of stocks and widely used for 

verification of stock prediction methods[35], as depicted 

in Figure 4. This dataset includes daily records of key 

features such as opening price, closing price, highest 

price, lowest price, and trading volume, spanning from 

January 1, 2012, to December 31, 2022. 

 

 
 

Figure 4: A part of historical closing prices of stocks in yahoo finance dataset. 

 

Besides, ETF dataset contains historical time-series 

records for one or more exchange-traded funds, restricted 

to daily market price fields (open, high, low, close) and 

trading volume over the period from 1993 to 2025. Such 

a dataset provides a consistent basis for benchmarking 

experimental studies. By focusing solely on these 

elements within the specified interval, the dataset remains 

well-defined and straightforward to process. Because the 

elements are identical, we omit the visualization here. 

For our experiment, we focus on a selection of 20, 

30, 50 stocks, chosen to represent a diverse and broad 

cross-section of the market. By incorporating this number 

of stocks, we create a comprehensive market picture that 

allows our model to capture inter-stock relationships and 

market-wide dynamics. For each stock, the past 30 days 

of records are provided. This dataset is particularly useful 

for our study, as it reflects the complex and noisy nature 

of real-world financial data, providing an ideal testbed for 

evaluating the predictive performance of DCAGAT. The 

wide variety of stocks ensures that our model is 

challenged to discern meaningful patterns across 

different sectors and market conditions. 

It is important to acknowledge that due to the 

inherent volatility and randomness of the stock market, 

relying on market conditions from 2010 to predict 

outcomes in 2020 would be highly inappropriate. Instead, 

we have structured the dataset in a more meaningful 

manner by grouping the data into segments where three 

consecutive years of market information are used to 

forecast the market situation for the subsequent fourth 

year. This approach not only aligns more closely with the 

dynamic nature of financial markets but also ensures that 

the training and testing datasets reflect more coherent and 

temporally relevant trends. The detailed breakdown of 

these training and testing periods is presented in the Table 

II. 

 

Table 2: The training and testing dataset 

 

Subsets Training dataset time period Testing dataset time period 

1 2012-01-01 to 2014-12-31 2015-01-01 to 2015-12-31 

2 2015-01-01 to 2017-12-31 2018-01-01 to 2018-12-31 

3 2018-01-01 to 2021-12-31 2022-01-01 to 2022-12-31 

 

To conduct a comparative experiment, we reviewed 

several studies in the literature where GNNs and GATs 

have been used for stock prediction. However, there is 

limited research on applying these models to DCA 

investment strategies. Directly applying the methods 

from these existing studies would likely not yield good 

results, and such comparisons would have limited value. 

As such, our approach is to demonstrate the distinctions 
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among the various mechanisms we employed—namely, 

traditional GNNs, the Graph Attention Mechanism, ST-

GCN[36] (which is a SOTA combined convolutional 

layer in GNN and used for stock prediction), and our 

proposed DCAGAT model. This comparative analysis 

not only elucidates the unique advantages of each 

technique but also emphasizes the superior performance 

of DCAGAT in addressing the specific challenges 

associated with DCA strategies. By tailoring our methods 

to the multi-day, disciplined nature of DCA, we provide 

a more relevant and robust framework for evaluating 

stock selection and prediction in volatile financial 

markets. 

Another important consideration is the evaluation 

criteria used to assess model performance. In 

conventional financial forecasting, metrics such as next-

day price direction or pointwise prediction accuracy are 

commonly employed and serve as useful indicators of 

short-term forecasting capability. However, these metrics 

fall short when applied to DCA strategies, which 

emphasize multi-day consistency over immediate gains. 

DCA inherently downplays short-term fluctuations, 

making it necessary to adopt evaluation methods that 

reflect this investment philosophy. Therefore, beyond 

standard predictive accuracy, we introduce metrics that 

better align with DCA’s temporal horizon. Specifically, 

we assess the model’s ability to predict the direction of 

returns over medium-range windows—namely, 7-day 

and 14-day periods. These evaluation windows are 

designed to capture more stable market trends while 

reducing sensitivity to daily noise, thereby offering a 

more meaningful benchmark for DCA-oriented decision-

making. The directional accuracy for these timeframes is 

computed using the following equation: 

( )dir, , ,

1

1
ˆsgn( ) sgn( )

N

k i t k i t k

i

r r
N

+ +

=

= = IA  (11) 

In equation (11), I  is an indicator function that returns 

1 if the predicted and actual directions match, and 0 

otherwise. 
,î t kr +

 and 
,i t kr +

 are the predicted and actual 

return sum for stock i on day t+k. 

To ensure comparability, the stock prices in the 

original dataset are adjusted to reflect the percentage 

change. Furthermore, the primary role of a predictive 

model in stock market investment is typically to assist in 

stock selection, rather than predicting exact price values. 

Therefore, prediction accuracy alone is not of primary 

interest to end-users. Rather, what is of greater 

importance is the model’s ability to recommend stocks. 

To this end, we introduce an additional evaluation metric: 

stock selection accuracy. This metric assesses the model’s 

ability to correctly identify the top 5 performing stocks 

over the next 14 days, providing a more practical and 

realistic evaluation of its predictive power. This metric 

can be expressed as: 

( )(5) (5)

select 14 14

1

1 ˆ
N

t t

i

S S
N

+ +

=

=  IA  (12) 

(5)

14
ˆ

tS +
 denote the set of the top 5 stocks by return on day 

14, and (5)

14tS +
 denote the predicted set of the top 5 stocks.  

Stability across time is essential, so we measure 

temporal consistency by computing the standard 

deviation of stock-selection accuracy 
selectA   across 

successive test windows. Each prediction is generated on 

inputs drawn from a different point in time; the resulting 

dispersion therefore captures how performance fluctuates 

under varying market conditions. All evaluation criteria 

for the model are calculated using testing datasets.  

4.2 Experimental results 

All experiments were run on an NVIDIA TITAN RTX 

GPU. Tables III–VIII summaries the results of the DNN, 

GNN, GAT, ST-GCN, and DCAGAT models on the 

Yahoo Finance and ETF datasets listed in Table II. Full 

architectural details of DCAGAT appear in Appendix I. 

Unless noted otherwise, each model was trained for 100 

epochs with the Adam optimizer (learning rate 1 × 10⁻⁵) 

and a mini-batch size of 32—settings that provided stable 

convergence in preliminary trials. 

While interdependencies among stocks do exist, 

these relationships are not always immediately obvious. 

To mitigate the risk of inadvertently introducing 

overfitting factors due to hidden correlations, we opted to 

fully connect all nodes in the graph. In practice, this 

means that the adjacency matrix used as input to the 

network is an all-ones matrix with dimensions equal to 

the number of stocks, thereby ensuring that every 

possible inter-stock dependency is considered. This 

approach not only simplifies the network structure but 

also reinforces the model's ability to capture a broad 

spectrum of market dynamics by accounting for all 

potential interactions among stocks. 

 

Table 3: The experimental results on 50 stocks in Yahoo 

 

Dataset Subset 1(%) Subset 2(%) Subset 3(%) 

Models 
Adir, 

1 

Adir, 

7 

Adir, 

14
 

Aselect
 

Std 
Adir, 

1
 

Adir, 

7
 

Adir, 

14
 

Aselect
 

Std 
Adir, 

1
 

Adir, 

7
 

Adir, 

14
 

Aselect
 

Std 

DNN 
49.

4 

53.

8 

55.

2 

10.7

7 

0.1

4 

52.

3 

54.

9 

56.

5 
11.2 

0.1

3 

50.

4 

50.

8 

49.

2 

10.8

2 

0.1

5 

GNN 
47.

7 

48.

9 

52.

8 

11.3

5 

0.1

5 

52.

7 

55.

0 

56.

6 
8.41 0.1 

49.

9 

50.

4 

49.

9 
6.02 

0.1

0 

GAT 
49.

6 

51.

0 

52.

7 
8.75 

0.1

2 

49.

7 

49.

1 

50.

3 

10.2

1 

0.1

4 

52.

8 

50.

7 

53.

0 
9.66 

0.1

3 

ST-GCN 50. 48. 47. 11.3 0.1 47. 48. 47. 8.41 0.1 50. 48. 60. 6.09 0.1
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6 1 5 5 5 6 7 8 0 1 8 8 0 

DCAGA

T 

51.

1 

49.

7 

54.

7 

12.1

2 

0.1

3 

52.

1 

49.

6 

51.

7 

11.4

3 

0.1

3 

51.

8 

50.

3 

50.

6 

11.8

2 

0.1

3 

 
Table 4: The experimental results on 30 stocks in Yahoo 

 

Dataset Subset 1(%) Subset 2(%) Subset 3(%) 

Models 
Adir, 

1 

Adir, 

7 

Adir, 

14
 

Aselect
 

Std 
Adir, 

1
 

Adir, 

7
 

Adir, 

14
 

Aselect
 

Std 
Adir, 

1
 

Adir, 

7
 

Adir, 

14
 

Aselect
 

Std 

DNN 
49.

9 

54.

2 

56.

4 

12.1

0 

0.1

5 

52.

6 

56.

2 

57.

9 

13.2

4 

0.1

3 

50.

0 

50.

1 

51.

1 

13.0

3 

0.1

7 

GNN 
50.

6 

53.

5 

55.

6 

15.0

0 

0.1

5 

52.

0 

56.

2 

57.

7 

14.2

0 

0.1

3 

49.

8 

51.

6 

50.

9 

15.0

7 

0.1

4 

GAT 
50.

1 

49.

9 

52.

8 

14.3

5 

0.1

6 

51.

8 

49.

5 

55.

4 

15.8

5 

0.1

5 

49.

0 

49.

7 

53.

3 

16.0

4 

0.1

6 

ST-GCN 
49.

3 

45.

6 

56.

4 

15.0

0 

0.1

5 

47.

1 

56.

2 

42.

2 

14.2

0 

0.1

3 

50.

5 

52.

1 

51.

4 

15.0

7 

0.1

4 

DCAGA

T 

50.

3 

50.

1 

55.

1 

15.2

9 

0.1

4 

51.

0 

49.

6 

52.

9 

17.3

9 

0.1

6 

48.

8 

51.

3 

52.

2 

19.5

2 

0.1

6 

 
Table 5: The Experimental results on 20 stocks in Yahoo 

 

Dataset Subset 1(%) Subset 2(%) Subset 3(%) 

Models 
Adir, 

1 

Adir, 

7 

Adir, 

14
 

Aselect
 

Std 
Adir, 

1
 

Adir, 

7
 

Adir, 

14
 

Aselect
 

Std 
Adir, 

1
 

Adir, 

7
 

Adir, 

14
 

Aselect
 

Std 

DNN 
49.

4 

52.

8 

54.

1 

20.9

2 

0.1

7 

53.

0 

54.

4 

55.

7 

21.5

7 

0.1

7 

51.

4 

52.

5 

50.

9 

24.9

3 

0.1

6 

GNN 
51.

9 

53.

3 

54.

7 

21.7

1 

0.1

6 

53.

1 

54.

8 

54.

3 

22.3

0 

0.1

6 

51.

4 

51.

4 

50.

3 

25.1

2 

0.1

6 

GAT 
49.

3 

51.

6 

52.

0 

23.2

7 

0.1

6 

49.

4 

48.

6 

51.

5 

21.2

0 

0.1

7 

49.

3 

52.

1 

52.

1 

26.3

0 

0.1

8 

ST-GCN 
50.

2 

47.

2 

49.

5 

23.3

0 

0.1

6 

50.

1 

50.

3 

49.

2 

22.4

2 

0.1

6 

51.

7 

49.

2 

57.

8 

25.1

0 

0.1

6 

DCAGA

T 

46.

4 

52.

2 

53.

4 

23.6

5 

0.1

5 

49.

0 

50.

1 

53.

8 

23.9

6 

0.1

7 

51.

3 

47.

7 

51.

6 

27.6

3 

0.1

7 

 

Table 6: The Experimental results on 50 stocks in ETF 

 

Dataset Subset 1(%) Subset 2(%) Subset 3(%) 

Models 
Adir, 

1 

Adir, 

7 

Adir, 

14
 

Aselect
 

Std 
Adir, 

1
 

Adir, 

7
 

Adir, 

14
 

Aselect
 

Std 
Adir, 

1
 

Adir, 

7
 

Adir, 

14
 

Aselect
 

Std 

DNN 
49.

2 

53.

9 

55.

6 

12.8

8 

0.1

3 

52.

5 

55.

3 

57.

2 

13.3

3 

0.1

4 

50.

1 

51.

8 

51.

0 

13.5

3 

0.1

4 

GNN 
48.

4 

54.

1 

54.

2 
9.42 

0.1

1 

49.

6 

51.

8 

55.

2 

14.4

0 

0.1

3 

52.

5 

52.

1 

50.

6 

13.9

1 

0.1

4 

GAT 
47.

9 

51.

8 

53.

1 

12.6

0 

0.1

5 

49.

4 

47.

7 

52.

5 

12.2

7 

0.1

5 

51.

1 

50.

3 

55.

8 

10.2

4 

0.1

3 

ST-GCN 
49.

8 

45.

9 

55.

7 
9.42 

0.1

1 

51.

3 

55.

0 

51.

2 

14.4

0 

0.1

3 

50.

2 

51.

9 

51.

0 

13.9

1 

0.1

4 

DCAGA

T 

47.

5 

50.

8 

52.

3 

13.4

6 

0.1

4 

50.

3 

50.

1 

55.

5 

14.7

5 

0.1

5 

52.

4 

50.

3 

53.

7 

14.6

2 

0.1

6 

 

Table 7: The Experimental Results on 30 Stocks in ETF 

Dataset Subset 1(%) Subset 2(%) Subset 3(%) 

Models 
Adir, 

1 

Adir, 

7 

Adir, 

14
 

Aselect
 

Std 
Adir, 

1
 

Adir, 

7
 

Adir, 

14
 

Aselect
 

Std 
Adir, 

1
 

Adir, 

7
 

Adir, 

14
 

Aselect
 

Std 

DNN 50.0 54.0 55.7 17.79 0.15 52.7 55.8 57.6 18.65 0.15 50.3 51.9 51.4 18.65 0.16 
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GNN 47.1 54.4 55.9 15.48 0.14 49.6 54.7 57.9 19.23 0.15 49.7 51.7 50.9 17.10 0.15 

GAT 51.7 49.0 54.4 17.46 0.15 49.8 50.4 53.3 17.29 0.15 53.8 49.8 51.2 20.29 0.16 

ST-GCN 48.1 53.5 54.0 15.48 0.14 53.9 50.4 44.6 19.23 0.15 50.3 52.0 51.3 17.10 0.15 

DCAGAT 50.7 49.7 52.8 18.96 0.14 51.5 49.6 53.9 20.65 0.16 48.6 48.6 52.4 20.68 0.17 

 
Table 8: The experimental results on 20 stocks in ETF 

 

Dataset Subset 1(%) Subset 2(%) Subset 3(%) 

Models 
Adir, 

1 

Adir, 

7 

Adir, 

14
 

Aselect
 

Std 
Adir, 

1
 

Adir, 

7
 

Adir, 

14
 

Aselect
 

Std 
Adir, 

1
 

Adir, 

7
 

Adir, 

14
 

Aselect
 

Std 

DNN 
51.

0 

53.

4 

55.

2 

20.1

0 

0.1

4 

52.

0 

55.

0 

56.

7 

16.3

3 

0.1

3 

50.

5 

52.

3 

51.

3 

20.2

2 

0.1

6 

GNN 
50.

0 

54.

3 

55.

3 

19.3

3 

0.1

4 

49.

6 

54.

0 

54.

7 

15.2

7 

0.1

2 

48.

8 

51.

9 

51.

3 

23.2

9 

0.1

5 

GAT 
51.

9 

48.

5 

53.

1 

20.0

5 

0.1

7 

50.

9 

49.

4 

54.

1 

17.2

5 

0.1

7 

50.

4 

50.

7 

50.

5 

23.0

0 

0.1

7 

ST-GCN 
49.

7 

50.

5 

47.

4 

19.3

3 

0.1

4 

52.

6 

53.

1 

49.

7 

15.2

7 

0.1

2 

50.

4 

52.

2 

49.

2 

23.2

9 

0.1

5 

DCAGA

T 

48.

6 

49.

5 

51.

1 

21.3

5 

0.1

6 

47.

0 

51.

6 

55.

9 

22.6

1 

0.1

7 

50.

6 

47.

5 

53.

3 

25.6

0 

0.1

7 

 

From the results, it is evident that the overall 

prediction accuracy remains relatively low—a reflection 

of the inherent randomness and volatility present in 

financial markets. Although increasing the number of 

stocks in the analysis makes the task of stock selection 

more challenging, it does not significantly affect the 

accuracy of directional predictions. This observation 

underscores the immense difficulty in forecasting stock 

prices, given that markets are influenced by a multitude 

of unpredictable factors, and it should always be clear 

that perfect prediction is a fantasy. Despite these modest 

performance levels, the results offer valuable insights 

into the comparative effectiveness of the various models 

tested, highlighting both the strengths and limitations of 

each approach in capturing the complex dynamics of the 

market. 

First, we observe that the DCAGAT architecture 

yields a clear improvement in stock selection accuracy. 

As shown in Figure 5, the GAT-based models deliver 

notable improvements in stock selection—a critical and 

practical metric—while directional accuracy, though 

informative, is not the core concern; hence, subsequent 

figures focus only on selection accuracy. Therefore, 

subsequent figures present only selection accuracy. The 

proposed DCAGAT model outperforms alternative 

approaches in this respect, underscoring the benefit of 

integrating an autoencoder mechanism to preserve and 

reconstruct salient information. Although GNN and ST-

GCN differ in directional prediction, their stock selection 

accuracies are comparable. While DCAGAT does not 

uniformly attain the highest prediction accuracy across all 

metrics (with DNN occasionally matching or exceeding 

performance), its superior selection accuracy highlights 

its enhanced practical value for investment decision-

making, offering a more reliable strategy compared to 

competing models. The small standard-deviation values 

reported in Tables III–VIII indicate that the model’s 

performance varies only marginally across successive 

evaluation windows, confirming that it remains stable 

throughout the entire test period. 
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Figure 5: The visualization of aselect. 

 

Although the performance gap in Figure. 5 is 

visually compelling, we verified its statistical validity 

with a paired t-test. Because the remaining baselines 

differ only marginally from one another, we compared 

our model solely with ST-GCN. For every experimental 

condition—two datasets and three portfolio sizes—we 

collected Top-5 hit-rates from the same 15 runs, yielding 

perfectly matched score pairs. The resulting p-values 

(Table IX) are all below the 0.05 threshold, allowing us 

to reject the null hypothesis of equal means and to 

conclude that DCAGAT’s advantage in stock selection is 

statistically significant across all market settings. 

 

Table 9: Paired t-test results demonstrating the statistical significance of DCAGAT vs. ST-GCN  

 

p-values Yahoo ETF 

 Subset 1 Subset 2 Subset 3 Subset 1 Subset 2 Subset 3 

50 0.021 0.002 0.002 0.000 0.023 0.013 

30 0.032 0.012 0.001 0.000 0.002 0.000 

20 0.035 0.002 0.012 0.001 0.000 0.015 

 

Additionally, the number of stocks included in the 

prediction task plays a significant role in model 

performance. Empirically, we observe that models tend to 

achieve higher prediction accuracy when operating on a 

smaller set of stocks. This phenomenon is closely tied to 

the inherent randomness and noise present in financial 

markets. While expanding the stock pool may introduce 

more information and reveal broader market relationships, 

it simultaneously increases the complexity and noise 

within the data. The added noise can obscure useful 

patterns and make it more difficult for the model to 

generalize effectively. Therefore, it is reasonable that 

performance improvements may plateau—or even 

diminish—as the number of stocks increases. This 

observation highlights a key trade-off in financial 

modeling: expanding coverage can enhance 

representational richness, but it also demands more 

robust mechanisms to filter out irrelevant or misleading 

signals. 

 

Although the observed improvements may not 

appear dramatic in absolute terms, they are nonetheless 

meaningful in the context of quantitative trading, where 

even small performance gains can translate into 

significant financial impact over time. This highlights the 

practical value of incorporating the proposed mechanism 

into the predictive model. In real-world trading systems, 

modest enhancements in stock selection accuracy or 

return direction prediction can compound across multiple 

trades and time periods, ultimately leading to notable 

returns. Therefore, the consistent edge provided by our 

model—however incremental—makes DCAGAT a 

valuable tool for financial applications, especially in 

strategies like DCA where multi-day consistency and 

robustness are prioritized. Such improvements reinforce 

the relevance of our approach in real trading 

environments, where every slight advantage can 

contribute to sustained strategic success. 
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5 Discussion 

5.1 Weight configuration 

Because the performance gaps we observe on the 

Yahoo and ETF datasets are statistically indistinguishable, 

the remainder of our analysis focuses on the Yahoo data 

set only. Here, we examine the weight configuration 

between prediction loss and reconstruction loss using 

three ratios: 1:1 (default), 1:2, and 2:1. These settings are 

designed to emphasize different objectives—1:2 leans 

toward reconstruction, while 2:1 favors prediction. The 

1:1 ratio provides a balanced baseline, but varying the 

weights helps explore trade-offs and identify the optimal 

focus based on specific dataset characteristics. 

As shown in Table X, the default 1:1 weight setting 

offers a competitive and balanced baseline, yielding 

strong performance across a variety of scenarios. This 

balanced approach ensures that the model pays equal 

attention to predictive accuracy and representational 

consistency. However, it is also evident that the 1:1 ratio 

is not universally optimal. In some cases, alternative 

weight combinations outperform the default setting, 

suggesting that the relative importance of prediction 

versus reconstruction can vary depending on dataset 

characteristics, noise levels, and task complexity. This 

highlights the need for adaptive or task-specific tuning of 

the loss weights rather than relying on fixed values. 

Overall, the findings suggest that while the 1:1 ratio 

serves as a solid default, a more nuanced calibration of 

loss components may be necessary to achieve optimal 

results in different financial contexts. 

 

Table 10: The weight ratio experimentation and results on 50 stocks 

 

DCAGAT Subset 1(%) Subset 2(%) Subset 3(%) 

Weight 

ratio 
Adir, 1 Adir, 7 

Adir, 

14
 

Aselect
 

Adir, 1
 

Adir, 7
 

Adir, 

14
 

Aselect
 

Adir, 1
 

Adir, 7
 

Adir, 

14
 

Aselect
 

1:1 51.1 49.7 54.7 12.12 52.1 49.6 51.7 11.43 51.8 50.3 50.6 11.82 

1:2 49.4 50.4 52.7 9.62 52.5 50.9 52.6 11.01 51.4 50.3 51.6 11.59 

2:1 54.4 49.5 52.5 10.52 51.7 47.4 51.9 12.83 51.7 47.4 51.9 10.95 

 

 
 

Figure 6: The visualization of Aselect under different weight configurations. 

 

As shown in Figure 6, for stock selection accuracy, 

the 2:1 weight ratio outperforms the default 1:1 setting in 

Subset 2. This outcome is not unexpected, given that 

model performance is intimately linked to the underlying 

data characteristics. The results underscore a fundamental 

aspect of data-driven problems: the data itself plays a 

critical role in determining outcomes. This finding 

emphasizes the importance of customizing model 

parameters to align with the specific attributes of the 

dataset, reinforcing that data significantly influences the 

effectiveness of predictive models, particularly in stock 

market forecasting. 

In the context of stock market forecasting, the 

inherent characteristics of stock data—such as volatility, 

trends, and interdependencies between stocks—play a 

pivotal role in determining model performance. Financial 

markets are dynamic and subject to constant fluctuations, 

meaning that model parameters, including the weight 

ratio between prediction and reconstruction, must be 

carefully calibrated to align with the underlying patterns 

and noise present in the data. Consequently, the success 

of stock prediction models is not solely reliant on the 

sophistication of their architectures but also on their 

ability to adapt effectively to the unique attributes of the 

training data. This adaptability ensures that models are 

better equipped to manage the complexities and 

uncertainties inherent in real-world financial 

environments. 

5.2 Time configuration 

In previous experiments, the historical window length 

was fixed at 30 days, which aligns with common investor 

routines. However, the length of historical data used for 

prediction can significantly impact model performance. 

To better understand this influence, we compare results 
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using four different time windows: 15 days, 30 days, 45 

days, and 60 days. This variation allows us to observe 

how the amount of past information affects the model’s 

ability to capture trends and make accurate predictions. 

However, the results are presented in Table VI. In terms 

of prediction accuracy, there is no clear indication that 

any specific time window consistently outperforms the 

others. As shown in Figure 7, the 30-day time window 

appears to yield slightly better selection accuracy overall, 

but the advantage is marginal and not conclusive.  

 

Table 11: the time window configuration experimentation and results on 50 stocks 

 

DCAGAT Subset 1(%) Subset 2(%) Subset 3(%) 

Time 

window 
Adir, 1 Adir, 7 Adir, 14

 
Aselect

 
Adir, 1

 
Adir, 7

 
Adir, 14

 
Aselect

 
Adir, 1

 
Adir, 7

 
Adir, 14

 
Aselect

 

15 days 51.2 53.4 56.1 10.76 51.8 54.9 56.4 9.82 54.6 50.8 47.3 12.88 

30 days 51.1 49.7 54.7 12.12 52.1 49.6 51.7 11.43 51.8 50.3 50.6 11.82 

45 days 49.6 54.4 55.7 11.71 50.2 51.0 53.0 10.52 48.3 53.1 53.0 10.94 

60 days 47.9 54.0 55.9 11.91 53.1 51.7 53.7 11.41 49.9 49.2 53.3 10.73 

 

 
Figure 7: The visualization of Aselect under different time window configurations. 

 

These findings suggest that there is no universal rule 

for determining the optimal length of historical data—the 

effectiveness of a given window largely depends on the 

characteristics of the underlying data. For certain stocks 

or market conditions, longer histories may be beneficial 

in capturing extended trends, delayed reactions, or 

cyclical patterns—such as those influenced by quarterly 

financial reports—making a 45- or 60-day window more 

effective. Conversely, shorter windows like 15 days may 

reduce noise and enhance responsiveness for stocks that 

are highly volatile or sensitive to recent news. This 

reinforces the importance of data-driven configuration, 

indicating that the ideal time window should be learned 

through experimentation and tailored to the specific 

context, rather than predefined. 

 

5.3 Fully connected adjacency matrix graph 

In our experiments we adopt a fully connected graph, 

thereby modelling every pair-wise stock interaction. 

While this choice guarantees that no potential 

dependency is omitted, it also admits many weak or 

spurious links, which can increase the risk of over-fitting. 

A natural next step is to repeat the analysis with a 

scarified graph—e.g., retaining only edges whose 

historical return correlation exceeds a threshold—and 

compare the resulting performance against the fully 

connected baseline. 

 

Table 12: Impact of correlation-threshold sparsification on DCAGAT performance  

CAGAT Subset 1(%) Subset 2(%) Subset 3(%) 

threshold Adir, 1 Adir, 7 Adir, 14
 

Aselect
 

Adir, 1
 

Adir, 7
 

Adir, 14
 

Aselect
 

Adir, 1
 

Adir, 7
 

Adir, 14
 

Aselect
 

- 51.1 49.7 54.7 12.12 52.1 49.6 51.7 11.43 51.8 50.3 50.6 11.82 

>0.3 49.9 55.6 57.0 11.35 52.4 54.3 56.3 9.51 49.7 49.9 48.3 13.04 

>0.5 49.3 53.8 55.2 11.15 52.6 54.9 56.6 8.79 49.9 50.4 49.9 13.62 
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Table X shows that sparsifying the graph by 

correlation threshold has only a marginal effect on 

DCAGAT’s overall performance. None of the differences 

in A _select across thresholds exceeds the standard-error 

band, indicating no statistically significant change in 

stock-selection accuracy. Nevertheless, the > 0.30 and > 

0.50 graphs do yield small gains in specific subsets (e.g., 

A _select rises from 11.43 % to 13.04 % in Subset 3 at the 

0.30 threshold). These modest, scenario-dependent 

improvements suggest that the correlation cut-off can be 

treated as a tunable hyper-parameter: selecting a 

threshold tailored to a particular market segment may 

provide incremental gains without materially altering the 

model’s stability. 

5.4 Practical deployment and limitations 

In deployment, a single hyper-parameter sweep and 

minor architectural tweaks can lift metrics, 

demonstrating that practical adjustment does yield better 

performance. Yet two limitations remain clear: (i) for 

ultrashort horizons a vanilla GAT can still outscore 

DCAGAT, and (ii) even the best-tuned model identifies 

only 10 % of the top performers. These outcomes expose 

the market’s chronically low signal-to-noise ratio, where 

external forces—especially investor sentiment—often 

drown out historical price patterns. Reliance on past 

prices alone therefore cannot sustain reliable near future 

forecasts. Lasting progress will hinge less on deeper 

model stacks and more on superior data pipelines: 

meticulous cleaning, richer temporal structures, and 

domain-aware features. 

6 Conclusion 
This paper presents a novel financial market prediction 

model, DCAGAT, which combines Graph Attention 

Networks with multi-feature fusion and an autoencoder-

based reconstruction mechanism to address the 

challenges posed by the dollar-cost averaging investment 

strategy. The integration of GAT allows for adaptive 

weighting of stock relationships, enhancing the model's 

ability to capture meaningful market interdependencies. 

Our experiments demonstrate that DCAGAT 

significantly improves stock selection accuracy and 

prediction performance compared to traditional models, 

making it a promising tool for multi-day investment 

strategies. Despite the inherent volatility and randomness 

of financial markets, the results show that even modest 

improvements in prediction accuracy can have 

meaningful implications for quantitative trading, making 

DCAGAT a valuable approach for real-world financial 

applications. 

Future work should place greater emphasis on data, 

as our experiments show that model performance is 

fundamentally constrained by the quality, structure, and 

relevance of the input information. Rather than relying 

solely on architectural enhancements, integrating richer 

data sources—such as macroeconomic indicators, 

industry reports, and market sentiment extracted from 

news or social media—could offer broader context and 

help mitigate noise. In parallel, more adaptive learning 

strategies like reinforcement learning could be explored 

to enable the model to dynamically adjust to evolving 

market conditions. Expanding the model’s capability to 

perform multi-step predictions over extended time 

horizons would further improve its suitability for multi-

day strategies such as DCA. Lastly, validating the model 

in real-time trading environments is critical to assessing 

its practical reliability and robustness, and to ensure that 

it can transition from a promising research framework to 

a viable tool for real-world financial decision-making. 
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Appendix I 

Table 1: Detail of DCAGAT 

Layer shape Connected to 

InputLayer (None, market size, history length, 5) / 

Dense1 150, ReLU InputLayer 

Dense2 8, ReLU Dense1 

Adjacency Input (None, market size, market size) / 

GAT Channels = 8, Heads = 4, ReLU [Dense2, Inputgraph] 

Dense3 150, ReLU GAT 

Reconstruction Output (None, market size, history length, 5) Dense3 

OutputLayer (None, market size, 3) GAT 
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