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Abstract— Financial time series forecasting is essential for making well-informed financial decisions. Two examples of traditional models that tend to fail to represent intricate temporal dependencies and generate interpretable predictions are long short-term memory (LSTM) networks and autoregressive integrated moving average (ARIMA).  To enhance the accuracy and interpretability of financial time series forecasting, this study introduces a new transformer-based method. The transformer model is more capable of prediction as it effectively models long-term dependency in financial information through self-attention mechanisms. Explainability methods such as SHAP (Shapley Additive Explanations) and attention heatmaps are employed within the research to solve the black-box problem of deep learning models by clarifying the decision process of the model. Large-scale experiments on various financial datasets show that the new transformer model is more robust and accurate in its predictions compared to baseline methods.  The robustness of the model to market fluctuations is illustrated by its superior R-squared values and lower mean absolute percentage error (MAPE) for a variety of financial assets.  The explainability framework also identifies important predictors, providing valuable insights to financial analysts and decision-makers. By merging cutting-edge transformer models with interpretability, our research helps advance the corpus of financial AI and provides credible and transparent financial forecasting.
Keywords— Financial time series, Transformer model, Explainability, SHAP, Market prediction, Self-attention.
Introduction
Predicting financial time series is an essential part of economic analysis that is used in areas such as investment strategy, risk evaluation, and policy selection. Financial markets prediction is inherently challenging due to the dynamic, non-linear and at times chaotic nature of financial time series. Classical statistical methods, such as autoregressive integrated moving average (ARIMA), are still predominant in the time series paradigm, but are not suitable for capturing the complex pattern nature of financial data. The emergence of deep learning and machine learning has brought more advanced methods that can better handle these complexities, among those are Transformer models which were originally meant for natural language processing but have shown to be quite promising for time series prediction. Nonetheless, because these are black-box models, interpretability issues, a heavy-sounding concern in financial decision-making, become apparent. This paper addresses the combination of explainable artificial intelligence (XAI) methods and Transformer models to boost accuracy as well as explainability of financial time series forecasting. The classical models such as ARIMA have been widely applied to time series forecasting due to their ease of use and interpretability. But they are based on stationarity and linearity that restrict them to generalize the complex patterns of financial markets. To overcome these, researchers have approached this problem using machine learning methods. Temporal relationships have been learned from accounting data using recurrent neural networks (RNNs), specifically Long Short-Term Memory (LSTM) networks.  Both RNNs and LSTMs suffer from computational inefficiency and long-term dependency issues, even though they can learn non-linear patterns. By employing self-attention mechanisms, the Transformer model gave a paradigm shift to sequence modeling as it allowed global dependencies to be captured without the sequential processing limitation of RNN.  The architecture has been found to work well in many applications and has been applied to time series forecasting.  For example, the Informer model employs a sparse self-attention mechanism to better and more efficiently forecast long sequences. As another example, the Temporal Fusion Transformer (TFT) enhances the accuracy and interpretability of the predictions through the integration of static and time-varying covariates.  In spite of their impressive performance, Transformer models have been criticized for being overly black-box, and highly relevant in the financial sector where it's vital to understand the underlying assumptions.  This has created the use of XAI methods to better understand the explanation for such complex  models. SHapley Additive ExPlanations (SHAP) were used to interpret feature importance and machine learning model predictions in terms of model input features. The SHAP model has been instrumental in enabling uniform and locally explainable feature attribution. Various studies have examined the convergence of Transformer models with XAI techniques for finance time series forecasting. An instance of a Modality-aware Transformer that improves the accuracy of forecasting from data of various modalities and facilitates cross-modality learning. In conclusion, the use of Transformer models and XAI approaches has transformed the prediction of financial time series. Along with leveraging Transformers' ability to identify financial trends that otherwise would be difficult or impossible to identify, this method provides predictions with more realism and credibility.    To enable effective decision-making in volatile financial markets, it will be crucial to create such accurate but interpretable models.
RELATED WORKS
Traditional Financial Forecasting Models
Among the traditional statistical models used to forecast financial time series are vector autoregression (VAR), generalized autoregressive conditional heteroskedasticity (GARCH), and autoregressive integrated moving average (ARIMA).  ARIMA models have been widely adopted because they have the ability to identify long-term linear trends and patterns in finance data [1].  The GARCH model by Bollerslev's [2] describes the vast majority of volatility clustering in the financial markets.   The stationarity and linearity assumptions of the models rule them out from accounting for non-linear and complex behavior of financial markets.  Engle [3] came up with the autoregressive conditional heteroskedasticity (ARCH) model to account for volatility that changes over time.  Bollerslev [4] later generalized this model using GARCH models. Machine learning and deep learning frameworks have come as substitutes to improve forecasting since, while they may be theoretically sound, the models cannot explain intricate market behavior and long-term relationships[5].
Machine Learning and Deep Learning for Financial Prediction
Machine learning (ML) and deep learning (DL) algorithms have exhibited great promise in financial prediction by identifying non-linear trends and high-dimensional correlations in market data. Support vector machines (SVM), [6], have been utilized for stock market prediction and volatility prediction. Random forests Breiman,[7] have been utilized to enhance model stability and diminish overfitting in financial prediction problems. Recurrent neural networks (RNN) and long short-term memory (LSTM) networks are becoming increasingly popular since they can effectively model sequential data. Fischer and Krauss [8] have shown that LSTM networks perform better than standard models in stock return prediction. Convolutional neural networks (CNN) have also been used in financial forecasting, more specifically for extracting intricate patterns from financial time series data (Zhang et al., [9]. The RNN and LSTM models are prone to vanishing gradients and inability to process long-term dependencies, which saw the development of Transformer-based techniques.
Transformer Models in Time Series Forecasting
Transformers, first created for natural language processing (NLP) by Vaswani et al.[10], have been found to exhibit great performance in forecasting financial time series because their self-attention mechanism better identifies long-term dependencies compared to RNNs and LSTMs. By alleviating the computational complexity of self-attention, the Informer model, introduced by Zhou et al. [11], enhances the effectiveness of Transformer-based models for long-sequence prediction.  To cope better with seasonality and trend factors in time series, Wu et al. [12] introduced the Autoformer model that marries self-attention with a decomposition approach. The Temporal Fusion Transformer (TFT), which also merges static and dynamic variables in a bid to enhance interpretability and prediction precision, was also introduced by Lim et al. [13].  Transformer models can be relied upon to model complex behaviour in markets as they consistently outperform other models and deep learning methods in finance prediction.
Explainability in Financial Forecasting Models
While transformer models can provide more accurate forecasts, the models are considered to be a liability in finance due to their black-box capabilities, even though this is an important characteristic in a market where accountability and transparency are key.
Although interpretability has been improved through the provision of explainable artificial intelligence (XAI) capabilities with transformer models.
Lundberg and Lee presented SHapley Additive exPlanations (SHAP) which provide reliable and local accuracy feature attributions [14]. SHAP is often used in finance to show how certain input factors affect the estimates produced by the model. Ribeiro et al. proposed the Local Interpretable Model-Agnostic Explanations (LIME) framework [15]. It approximates models that are interpretable locally to high fidelity models to better understand model behavior.  They propose a modality aware Transformer for forecasting financial time series with attention based feature selection to improve interpretability.  [16] provided a systematic review of XAI methods with applications in financial forecasting finding a trade-off between transparency and accuracy.  Combining these XAI methods with Transformer models would give users more confidence to use these approaches to financial decision-making.
Proposed Methodology
The methodology suggested would employ the use of Transformer-based models for forecasting financial time series with an enhancement of interpretability through explainable artificial intelligence (XAI) approaches. The Transformer model initially employed in natural language processing (NLP) has been very effective in handling long-term dependencies and fine-grained patterns in sequential data. Its self-attention mechanism allows the model to give different weights to the importance of various time steps, which makes it suitable for financial prediction, where the behavior of a market is subject to both short-term variability and long-term trends.  This topic discusses the architectural framework of the Transformer model, the use of self-attention processes, the deployment of explainability methods, and data preprocessing techniques utilized to optimize model performance.
Transformer Architecture for Time Series Forecasting
Since the Transformer model employs self-attention mechanisms instead of recurrent or convolutional ones, it is best suited to learn time series data long-term dependencies. The model is an encoder-decoder model where the encoder generates contextually rich representations from input sequences and the decoder uses these to produce the forecast. In trying to predict financial time series, the encoder is tasked with processing input sequences that mimic past market data, such as price fluctuations, volumes of trade, and macroeconomic indicators.  Every layer of the encoder calculates the attention scores over varied time steps based on a feedforward neural network combined with a multi-head self-attention process. The time series forecasting version of the decoder predicts based on the temporal dimension of the information relative to the encoded sequence. The model is responsive to changing market conditions due to the multi-head attention, which allows it to learn intricate relations between various time steps and features.  One of the special characteristics of time series modeling is the introduction of positional encodings to the input data to maintain the sequence order. Subsequently, the model is learned employing a mean squared error (MSE) loss function, which optimizes the accuracy of predictability of the model by computing the difference between the actual and predicted output.
Self-Attention Mechanism and Temporal Dependencies
The self-attention mechanism is the core of the Transformer architecture and is responsible for capturing temporal interdependence in financial time series data.  Contrary to traditional models that applied fixed-sized sliding windows or recurrent connections, the self-attention mechanism enables the model to capture the entire input sequence simultaneously. This is possible through the computation of attention scores among all the pairs of the time steps such that important patterns and dependencies over the sequence can be found. The self-attention operation can be mathematically represented as:
                         (1)
Where , - Query Matrix,  - Key Matrix, - Value Matrix,  - Dimensionality of the key vectors
The model calculates query, key, and value matrices from the input sequence and computes the scaled dot-product attention among them. The softmax ensures that the attention weights add up to one and thus give a probability distribution over the input sequence. The multi-head attention method is an extension of this where it calculates the attention scores from multiple projection spaces to improve the ability of the model to extract different temporal dependencies. The attention scores are summed and fed through a feedforward layer to produce the final output. The self-attention mechanism enables financial time series forecasting models to identify long-term trends, volatility in the short term, and seasonality patterns.  It has the ability to adapt and learn from changes in the marketplace by changing the attention weights inherently, such that features and important time steps are given more attention.
Integration of Explainability Techniques (SHAP, Attention Maps)
One of the biggest issues when using Transformer models for financial forecasting is their black-box nature, which limits transparency and trust: meaning a financial analyst cannot understand how the model is producing outputs. The model uses methods of explainability like attention heatmaps and SHapley Additive exPlanations (SHAP) to counter this problem. Using a game-theory based approach, SHAP identifies a contribution score for every input feature, depending on the impact of the input feature on the output of the model. SHAP values that provide insight into time series data will show which market indicators and past time steps influence the models output.  
The SHAP framework calculates contribution scores through the following formula:
               (2)
Where, =SHAP value for feature i
 = Subsets of features excluding i
 =Total number of features
- Model output for subset .
In other words, when the visuals of the focus weights are thrown across various time steps of the mix, the attention heat maps actually render everything so much easier to retrieve. Thereupon, in watching what historical points on which the most used have been fastened by the model in predicting things, you have a clear answer to why that model has decided to make that particular call. The combination of SHAP and the heatmaps increases the transparency of the financial estimates and makes everyone feel right, as a portable description of how the model operates provides.
Data Preprocessing and Feature Engineering
To increase the predictive accuracy and reliability of financial predictive models, careful data preprocessing and advanced data feature engineering is urgently required. The data is based on past price data, trade volume, market indices, interest rates and macroeconomic indicators. The preparation of data is as follows:
· Processing Missing Values: Miss values are filled in either through nearest-neighbor imputation or the use of linear interpolation in a way that preserves the temporal continuity and reduces loss of information.
· Normalization and Scaling: To avoid the scaling of the model by features with large magnitudes, all of the inputs are normalized, and homoscedasticity is achieved across the dimensions.
· Outlier Removal: Outliers are statistical measures that can lead to distortion in the learning process and are detected and removed through the application of statistical methods like the Z -score and the interquartile range (IQR).
· Feature Engineering: New features are added such as volatility metrics, moving averages, and momentum, and financial insight about a domain is applied to add to the explanatory power of the model.
· Lag Variables and Temporal Attributes: Lagged observations and time-based variables (e.g., day of the week, month, quarter) are added to make it easier to identify seasonality and time variation effects.
The data that has been preprocessed is then divided into training, validation, and the test sets to perform conclusive review in response to real-market settings. Cross-validation is used to prevent overfitting and systematic hyperparameter tuning uses cross-validation to improve the performance of models.
Results and Discussion
There was taken care of correctness, stability, and interpretability of the provided Transformer-based financial time series forecasting model. The results suggest that the model can learn complex financial patterns and provide justifications for the decision-making process. The predictive capability of the model, significant feature analysis, and comparison to baseline models are all addressed in this section.
Prediction Accuracy and Robustness
To assess the model, the metrics- Mean Squared Error (MSE), Mean Absolute Percentage Error (MAPE), and R-squared (R²) values were used to quantify. 
Transformer model performed much lower in terms of MSE and MAPE values than in conventional models, but still with an R² score higher than 0.85 on various financial instruments. This proves that the model is resilient in identifying market trends and is not easily affected by volatility. Also, stress-testing the model under times of high volatility (for example, financial crises or sharp market changes) illustrated that the mechanism of self-attention accurately adjusts to changing financial market dynamics and thus can apply in real-world settings.
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Fig. 1 : Actual vs Predicted Stock Prices
The line graph in Fig. 1 that illustrates actual and predicted stock prices over a 30-day time frame shows the power of the Transformer-based forecasting model in determining market trends. The predicted prices follow very closely the actual stock price movements indicating that the model is able to learn and abstract market trends. There are slight differences, particularly in highly volatile markets, where the market price is affected by other factors like news and geopolitical uncertainty, in addition to that behaviour. Overall agreement between the actual and predicted values confirms the model consistency in handling both short-run and long-run movements making it the potential for being a useful tool for financial forecasting.
Table 1: Comparison of MSE, MAPE, and R² values for different forecasting models
	Model
	MSE
	MAPE (%)
	R² Score

	Transformer
	0.0012
	2.1
	0.92

	ARIMA
	0.0056
	5.3
	0.78

	LSTM
	0.0025
	3.7
	0.86

	Random Forest
	0.0038
	4.2
	0.82


Table 1 above demonstrates that the Transformer model produced the best forecasting performance measures compared to ARIMA, LSTM, or Random Forest models. Notably, the Transformer model has the least Mean Squared Error (MSE) of 0.0012 and a Mean Absolute Percentage Error (MAPE) of 2.1%, meaning that it has the most accurate predictions of the models compared. Furthermore, the Transformer model has the highest R² value of 0.92, which confirms its ability to explain variance in financial data better than the other models. ARIMA has the highest MSE (0.0056) and MAPE (5.3%) measures, which supports its effectiveness when modeling complex financial time series. In comparison to ARIMA, MAPE (3.7%) and R² value (0.86) of the LSTM model were superior but not as superior as the Transformer model. The Random Forest model performs reasonably well, but its MSE value (0.0038) and R² score (0.82) clearly show that it, too, does not perform well in modeling long-term dependencies as deep-learning based models do. Overall, these results support the self-attention mechanism and consider that Transformers can better capture both short-term volatility and long-term market trends that makes them more effective for financial forecasting.
Model Interpretability and Key Feature Analysis
SHAP values for all the respective features were calculated to determine the most influential factors that altered the model's predictions as a function of time. The resulting summary plots indicated that recent price and volume of trading were the strongest predictors in short-term forecasts. Macroeconomic variables (i.e. inflation rates, interest rates, GDP growth) played the bulk of the role to long-term trends in the market. Volatility indices exhibited some implication on the market's dynamics in periods of heightened volatility. In compromise of overall analysis, the summary plot by SHAP demonstrated the model was balancing the various features appropriately as a function of the horizon on prediction and the fact that the Transformer was learning from a thumbprint of financial indicators.
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Fig. 2 : SHAP Summary plot
The SHAP summary plot shown in Fig. 2 provides more sample interpretability by demonstrating which of the most influential features for the model prediction. The prediction model indicated that recent changes in price contribute the most to predictions, followed by volume, thus market activity is an important factor for future price movement. In addition to price changes and volume, macroeconomic factors such as interest rates and sentiment are also important factors, supporting the importance of fundamentals in financial prediction. The volatility index (VIX) is also recognized as a major factor, showing increased uncertainty will affect stock price volatility. Overall analysis of SHAP, in relation to its influence on stock price, substantiates that the model is not just predicting based on random data but rather is learning from significant financial metrics, therefore purporting to financial analysts that the model is reliable and explainable.
Comparison with Benchmark Models
To check the performance of the Transformer model with conventional and deep learning models, its performance was compared with the following:
· ARIMA (Autoregressive Integrated Moving Average)
· LSTM (Long Short-Term Memory Network)
· Random Forest Regression
Key Observations from the Comparison:
· Prediction Accuracy: The Transformer model is better than the ARIMA and LSTM at long-term dependencies with 15-20% lower MAPE on several datasets against other modelsComputational Efficiency: The Transformer model is scalable to large datasets compared to LSTM despite requiring more computational power than the ARIMA model.
· Market Shock Robustness: The transformers are better equipped than the standard models to overcome an abrupt market shock because they apply self attention.
· Interpretability: SHAP and attention heatmaps are used to give better explanations of feature importance and model decision-making to Transformer as compared to ARIMA and LSTM, but are less transparent.
These results authenticate the fact that Transformer model with good accuracy and interpretability is a better choice compared to the conventional models of financial predictions.
Table II. Performance comparison of Transformer, ARIMA, LSTM, and Random Forest MODELS



	Model
	Prediction Accuracy
	Computational Efficiency
	Robustness To Market Shocks
	Interpretability

	Transformer
	High (Lowest MSE & MAPE)
	Moderate (Requires GPUs)
	High (Handles volatility well)
	Moderate (With SHAP & Attention Maps)

	ARIMA
	Low (Higher errors)
	High (Lightweight model)
	Low (Struggles with non-linearity)
	High (Fully interpretable)

	LSTM
	Moderate (Better than ARIMA)
	Low (Computationally expensive)
	Moderate (Handles trends)
	Low (Difficult to interpret)

	Random Forest
	Moderate (Performs well on structured data)
	High (Efficient for small datasets)
	Moderate (Less responsive to shocks)
	Moderate 




The models are ranked in Table 2 above according to their robustness to market shocks, their interpretability, their accuracy in making predictions and their efficiency in computation. In terms of accuracy of prediction, the Transformer model is the most accurate predictor that has the minimal error in prediction than all the models. Despite the advantages, the LSTM model is not as suitable in real time as it has high levels of computational complexity. ARIMA is less precise in the contemporary financial forecasting due to its inability to deal with the non-linearity in the financial sector in spite of its high processing speed. Random Forest is average robust as it is fast, but it is not able to deal with the unforeseen market fluctuations. Contingent on market shock resilience, the self-attention mechanism of Transformers allows them to respond to sudden shifts more efficiently, which makes them very resilient compared to ARIMA and LSTM, which fails miserably during turbulent times. In the interpretability aspect, it is again the most interpretable as it has a traditional statistical background, whereas the Transformer model maximizes LSTM efficiency by adding some explainability techniques such as SHAP and attention heatmaps. This trade-off of accuracy versus interpretability is what makes Transformers a great model in financial prediction particularly in fast-changing and high-data markets.
CONCLUSION
In this paper, a Transformer-based approach to the financial time series forecasting problem was presented with the focus on the improvement of predictive accuracy and understandability. By making use of the self-attention mechanism, the Transformer model could effectively acquire long-term dependencies and complex temporal relationships in financial data and outperform traditional models such as ARIMA, LSTM, and Random Forest. Integrating SHAP (Shapley Additive Explanations) with heatmaps of attention increased the model interpretability to the extent that financial analysts could see the most influential variables on prediction. The findings showed that Transformer produces smaller Mean Squared Error (MSE) and Mean Absolute Percentage Error (MAPE) than the comparative models and is also able to achieve a high R2 hence resistant to varying market trends. The explainable techniques provided information on feature importance where recent financial movements, trading, and macroeconomics are observed to be driving the financial trends. Also, the fact that it is a flexible model in terms of adjusting to sudden market changes renders the model efficient in financial forecasting areas. Transformer model though a powerful one requires more computational power than the conventional statistical models. Future research can also focus on obtaining the most computational-efficient models by training light-weight Transformers and exploring the possibility to use hybrid models that can combine Transformers with probabilistic forecasting techniques.
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