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Forecasting NASDAQ and NYSE Stock Prices with a Residual Network 2D CNN
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Stock markets are dynamic systems influenced by The experiments demonstrated progressively strong

predictive accuracy, with E1 achieving an R?* of 0.97.

economic, geopolitical and investor sentiment. Traditional
forecasting methods, such as ARIMA and LSTM, often
fail to account for the non-linear and high-dimensional
nature of financial data. This study investigates whether
transforming numerical stock data into Iimage-like

While accuracy improved progressively, the marginal gain
from E2 to E3 (0.009) suggests limited additional benefit
from extra features. Forecasting performance declined

when forecasting beyond the trained data horizon,
representations improves predictive accuracy for

NASDAQ and NYSE prices using a residual network 2D

exposing limitations under volatile market conditions.

CNN by capturing spatial, temporal and inter-feature Experiment Description R* score
relationships. E1 Historical prices only 0.970
E2 + Positively correlated indices| 0.981
Meth OdOIO - E3 + Macroeconomic indicators | 0.990

A Grid-Based Temporal-Feature Structuring (GTFS)
technique converted weekly stock prices and economic
indicators into 2D grids, enabling the CNN to capture
spatial and temporal patterns [1] & [2]. The dataset
includes 3,280 weekly stock prices from June 2020 to
March 2024, alongside macroeconomic indicators such

Table 1: R? scores for standard testing across three
experiments.

Actual vs Predicted for AWP Actual vs Predicted for AWP

3.60

as CPI, Industrial production and money supply. Data
preprocessing included Min-Max scaling to normalise
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features [3] and Pearson’s Correlation to select relevant Figure 2: Model predictions vs actual stock prices for

AWP under (a) standard test conditions and (b) future
horizon forecasting.

variables [4]. Models were evaluated using Mean
Squared Error (MSE), R? score and volatility analysis,

with generalisability assessed through future horizon
forecasting.

Discussion & Future Work

1o
BatchNormalization Amg.]mngm iy comeced taves | Image-based  forecasting with residual networks
T-1 DA ¢ A | outperformed conventional models under stable
it UL L H A ) 5 st
T-z |;, -k [ TH]- ’ a1 sock prices conditions. However, future horizon forecasts exposed
ra — v~ 1T | weaknesses in handling market volatility.
ZeroPaddingiD Comv2D  Rela  Flatien Gﬁiﬁi Future work could explore incorporating daily data to

Convolution and max pooling

capture intra-week fluctuations, alongside refining feature

Figure 1: Residual network architecture engineering to reduce noise and improve generalisability.
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