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( Abstract )

Under the theories of the Efficient Market Hypothesis (EMH) and Adaptive Market Hypothesis (AMH), the study aims to evaluate
and compare the forecasting accuracy of three competing models, viz., ARIMA (recursive), ARIMA (rolling), and LSTM, across three
international stock market indices from India, the US, and China using the Diebold-Mariano (DM) test. To simulate real-world
forecasting conditions and ensure a comparison between the LSTM and ARIMA models, the Rolling-Window Forecasting method
is employed. The methodological innovation of rolling window forecasting not only aligns ARIMA (rolling) with LSTM in terms of
level playing field but, crucially, delivers significantly superior forecasting accuracy. Although LSTM excels at capturing both the
nonlinear and linear nature of data compared with ARIMA, the forecasting accuracy of ARIMA (rolling) is significantly better than
that of LSTM and ARIMA (recursive) as per DM test. However, the forecasting accuracy of LSTM is significantly better than that of
ARIMA (recursive) as per DM test. The three models for each of the three indices are also evaluated on the basis of five measures-
MAE, MSE, RMSE, MAPE, R2. On all five measures, ARIMA (rolling) has less forecasting errors than LSTM and ARIMA (recursive),
and, like the extant literature, LSTM has fewer forecasting errors than ARIMA (recursive).

Keywords: Adaptive Market Hypothesis; Efficient Market Hypothesis; Deep Learning; LSTM; Neural networks; Rolling

Forecasting,
~— A
1. Introduction
Forecasting financial time-series data is a pivotal aspect of economic and market analyses, serving as a critical
tool for investors, analysts, and policymakers to make data-driven decisions. Sound investment decisions,
efficient asset allocation, effective risk management, and corporate strategic planning can be based on accurate
forecasting of stock indices. For macroeconomic stability, effective policy support, and prevention of economic
shocks (such as the 2008 crisis) accurate forecasting is an absolute necessity. However, research on forecasting
faces the theoretical hurdles of the Efficient Market Hypothesis (EMH) and interdisciplinary challenges in
statistics, mathematics, machine/deep learning, economics, finance, and behavioral sciences. The inherent
volatility, nonlinearity, and complexity of financial markets pose significant challenges in developing accurate
and robust predictive models. Although forecasting is highly challenging, it is equally rewarding, both
intellectually and in terms of the benefits it accrues. The Adaptive market hypothesis allows stock market
forecasting due to real-world inefficiencies (Lo, 2004). New technological advancements and tools, such as
machine learning, deep learning, and artificial neural networks, allow for better capturing of volatility, non-
linearity, and financial market complexity to build smarter and adaptive models for forecasting.
Unlike inherently limited forecasting (passive) under the Efficient Market Hypothesis (Timmermann &
Granger, 2004), the Adaptive Market Hypothesis provides space for active forecasting in the stock market (Lo,
2004). The recursive and rolling forecasting methods have been used to highlight and capture the contrast
between EMH and AMH, respectively. Over time, statistical and econometric techniques have evolved and have
been used to enable the robust prediction of financial time-series data. Owing to the simplicity, interpretability,
and applicability of the ARIMA technique to many economic and financial datasets, it has become a standard
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for forecasting (Nau, 2020). Among the new techniques of Deep Learning and Machine Learning, the Long
Short-Term Memory (LSTM) has become an important technique for forecasting in the stock market with the
advancement of computational capability. (Ozdemir et al., 2021). ARIMA and LSTM, both the techniques show
tremendous potential in addressing the time-series forecasting issues.

The objectives of this study are twofold: First, to utilize the statistical and econometric ARIMA models (viz.,
ARIMA (rolling) and ARIMA (recursive)) and the Deep Learning LSTM model to forecast the three major global
stock indices viz., the Nifty Fifty Index (Nifty) (India), Standard & Poor 500 Index (SPX) (USA), and Shanghai
Stock Exchange Composite Index (SHCOMP) (China) and evaluate their forecasting accuracy. Second, to
compare and test the performances of three time-series forecasting models, viz., both ARIMA models (recursive
& rolling) and the LSTM model, by using the Diebold-Mariano (DM) test. By evaluating and comparing these
models on a very long range of time-series data sets that incorporate varied market conditions, this study aims
to provide insights into the relative strengths and limitations of the three forecasting models, contribute to the
growing body of research on financial time-series forecasting, and enhance decision-making in stock trading
strategies.

The paper is organized as follows. In Section 2, we provide a concise review of the existing research relating to
ARIMA and LSTM techniques in forecasting. A description of the data and proposed method is provided in
Section 3. The result and discussion of the data analysis are presented in Section 4, while the conclusions and
suggestions for future research are presented in Section 5.

2. Theoretical Framework

Research on stock market forecasting centers on two key theories: the Efficient Market Hypothesis (EMH) and
the Adaptive Market Hypothesis (AMH). The EMH argues that asset prices quickly absorb all available
information, making it challenging to consistently forecast market movements or achieve above-average
returns (Fama, 1970). The EMH forecasting focuses on risk modelling rather than price prediction, as markets
are assumed to be efficient. However, the EMH aids passive forecasting, that is, predicting long-term expected
returns based on historical averages under the assumption of informational efficiency, and not short-term price
movements (Vukovi¢ et al,, 2024). Unlike the evolving and dynamic market efficiency as per the AMH, the EMH
assumes the market efficiency as “a steady-state limit of a population with constant environmental conditions”
(Lo, 2004). Instead of timing the market, EMH argues for a long-term strategy for investment in the market. In
a stable economic environment, the stock market becomes efficient, and EMH serves as a reasonably good
approximation of reality (Lo and Zhang, 2024). The steady-state, long-term efficiency and stability in the
market could be operationalized through recursive forecasting methods. The recursive forecasting methods
are effective when the data-generating process (economic and environmental conditions) is stable. The
recursive prediction method is more consistent with the EMH, which uses the model’s own forecasted values
as input for future predictions under the assumption that the underlying data-generating process (economic
environmental conditions) remains stable over time i.e., the parameters of the model trained on past data
remain the same going forward. The ARIMA (recursive) forecasting model, involving the ARIMA technique with
arecursive prediction method, is used to forecast the three major global stock indices in this study.

In contrast, the AMH proposes that financial markets adapt over time as investors adjust their behavior in
response to evolving conditions and new information, occasionally leading to inefficiencies that can be
exploited for forecasting (Lo, 2004). This dynamic perspective recognizes that markets may exhibit predictable
patterns at specific times and are not always completely efficient (Vuong et al. 2022). Asset prices will fluctuate
in response to any new information. The need for flexible and dynamic forecasting methods and techniques
that can change with the market is highlighted by the stock market's dynamic and ever-changing behavior.
These contrasting views between the EMH and AMH highlight the complexity of financial time series, and the
approach towards forecasting will also change. The rolling-window forecasting model, a dynamic and adaptive
process, has become a practical approach to reflect the dynamic and changing nature of the stock market under
the AMH. (Lo, 2004; Sing & Singh, 2024). The ARIMA(rolling) forecasting model, which combines the ARIMA
technique with the rolling window prediction method, is used to forecast the three major global stock indices
in this study.

Several forecasting techniques have evolved to study stock market forecasting. Statistical and econometric
techniques, including the ARIMA, are applied in time-series forecasting because they are simple to implement,
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easy to understand, and can capture stationary and linear data (Nau, 2020). Despite the strength of ARIMA, the
technique turns out to be weak in modeling the nonlinear structure and dynamic patterns that underlie
financial markets (Sheth & Shah, 2023).

Recent research has increasingly looked into machine learning (ML) and deep learning (DL) techniques, which
are excellent at modeling complex temporal relationships and nonlinear dependencies in sequential datasets,
as a way to overcome the shortcomings of econometric and statistical models. According to Hochreiter and
Schmidhuber (1997), Gers et al. (2000), and Brownlee (2018), LSTM networks—a subset of Recurrent Neural
Networks (RNNs)—have proven to be particularly effective at handling sequential data with high variability
and capturing long-range dependencies. Numerous forecasting studies have demonstrated that machine
learning and deep learning techniques can outperform statistical and econometric techniques in terms of
predictive performance on financial time-series data.

Extensive research has been conducted on ARIMA and LSTM-machine learning and deep learning techniques
for stock market index forecasting. Because the financial time-series data is stochastic, nonlinear, and volatile,
forecasting market indices is intrinsically difficult. The statistical and econometric techniques like Auto
Regressive Integrated Moving Average (ARIMA) and modern Deep Learning techniques like Long Short-Term
Memory (LSTM) networks, are widely used in this domain. The main studies that look at and contrast the
effectiveness of LSTM and ARIMA in stock market forecasting are summarized in this review.

Box and Jenkins (1970) laid the foundation for ARIMA modeling by showcasing its efficacy in simulating linear
stationary time-series or series that can be rendered stationary through differencing. Hochreiter and
Schmidhuber (1997), introduced LSTM, a Recurrent Neural Network (RNN) variation intended for long-term
dependency learning. Since then, LSTM has become more and more popular in financial forecasting due to its
capacity to model non-linearities and retain data over long periods of time. Di Persio and Honchar (2019)
compared a number of machine learning and deep learning approaches, using RNN, LSTM, and GRU for Google
stock forecasting. They found out that LSTM was more effective than the other methods used in the study.

The effectiveness of LSTM (Long Short-Term Memory) and ARIMA (Auto Regressive Integrated Moving
Average) models for predicting future trends in a variety of fields has been the subject of numerous empirical
investigations. The goal of this ongoing study is to ascertain which model—or combination of models—offers
better predictive power in various scenarios. The performance of ARIMA and LSTM in various time-series
datasets is examined in recent works by Yang & Wang (2024), Xia (2024), and Kirelli (2024). Likewise, research
by Kuang (2023), Tong et al. (2023), and Yavasani & Wang (2023) also explores similar approaches. The
expanding body of research contrasting these two well-known forecasting techniques is further supported by
additional contributions from Bagul et al. (2022) and Xiao et al. (2022). Li (2024) examined the performance
of ARIMA and LSTM in companies in the healthcare, e-commerce, gaming, and Al sectors and concluded that
ARIMA performed better in terms of forecast closing stock prices over the previous few years. and had a lower
mean squared error (MSE).

A number of recent studies (Baughman et al., 2018; Rana et al., 2019; Chatterjee et al., 2021; Pothuganti, 2021)
have emphasized LSTM's ability to model complex financial behavior. Yang and Wang (2024) stated that
whenever they compared the predictive accuracy of the LSTM and ARIMA models, LSTM performed better in
comparison to ARIMA. Although both models identified the general trend direction, Yang and Wang (2024)
found that LSTM produced more accurate forecasts than ARIMA in predicting the stock prices of NVIDIA. Zhang
(2023) also confirmed the superior performance of LSTM in stock prediction. Using a rolling forecast approach,
Namini et al. (2018) demonstrated that LSTM significantly decreased RMSE in comparison to ARIMA, and that
performance gains in LSTM plateaued after a specific number of training epochs. Kara, Acar, and Dirican (2021)
also found LSTM to outperform ARIMA on the Istanbul Stock Exchange in terms of RMSE and MAE. Xiao et al.
(2022) used multiple performance metrics (MAE, MSE, and RMSE) across various stocks and argued that LSTM
has better forecasting performance than ARIMA.

However, on the basis of just model evaluation performance metrics (viz., MAE, MSE, RMSE, etc.,), some of the
studies proclaimed different results for different techniques, which muddied the water. Kirelli (2024), while
forecasting Oracle’s stock, found that LSTM produced lower error values (MSE, MAE, RMSE), but ARIMA was
more accurate in percentage error terms (MAPE) and trend direction.

Vol.6, No.3, 2026 699


http://www.svedbergopen.com/ijaiml

www.svedbergopen.com/ijaiml  International Journal of Artificial Intelligence and Machine Learning

However, some of the studies argued that a particular technique is better under specific circumstances. A
comparative study by Taslim and Munwantara (2024) on fluctuating time-series prediction revealed that
ARIMA was more accurate than LSTM for a larger dataset, as evaluated using the RMSE. This outcome
challenges the common belief that LSTM models generally perform better with more data points. In contrast,
when tested on a smaller dataset of 60 points in the same study, LSTM outperformed ARIMA in terms of
accuracy. Others have also shown that ARIMA continues to be competitive in short-horizon forecasting,
particularly when the data are primarily linear (Adebiyi et al., 2014), despite the fact that numerous studies
(Yang & Wang, 2024; Liu & Lai, 2024; Kuang, 2023) indicate that LSTM generally performs better than ARIMA,
especially when capturing complex nonlinear and long-horizon patterns.

While comparing the predictive performance of ARIMA and LSTM models on the different time horizons,
Choudhury et al.(2020), Zhang et al. (2018), Choy et al. (2021), and Singh et al. (2022) concluded that ARIMA
was efficient for short-horizon forecasting, the LSTM model performed better to capture the long-horizon
patterns due to its capacity to model sophisticated temporal dependencies. Albeladi et al. (2023), on the other
hand, established that ARIMA performed better compared to LSTM on model evaluation standard error metrics
(viz., MAE, MSE, RMSE, MAPE, R2). Lahboub and Binali (2024) discovered that ARIMA equalled LSTM in long-
horizon forecasting of ETFs. This reflects ARIMA's appropriateness for capturing immediate market movement
and LSTM's appropriateness for capturing long-horizon trends. Nti, Adekoya, and Weyori (2020) clarified that
ARIMA works effectively for stationary, linear data but stops working with nonlinear patterns. In contrast,
Nelson, Pereira, and de Oliveira (2017) discovered that LSTM captures nonlinear dynamics in the Brazilian
stock market index better. The LSTM model is better suited in volatile scenarios than ARIMA, as justified by
Huck (2009) and Fischer & Krauss (2018). Adebiyi et al. (2014) and Patel et al. (2015) noted ARIMA's struggle
with abrupt market shifts and high volatility, whereas recurrent models such as LSTM proved more resilient.
In another study, Yavasani and Wang (2023) found that while ARIMA struggled with volatile trends, LSTM
better handled dynamic financial patterns.

Although several studies have compared ARIMA and LSTM models for stock price forecasting, a notable
methodological gap remains in the methods of these comparisons. Specifically, the extant literature often
contrasts the ARIMA (recursive) model with the LSTM model, whereas LSTM, by its very nature, is a rolling-
window forecasting technique, resulting in an unequal basis for comparison.

Some of the studies compared the models under different circumstances, contexts, and environments.
Additionally, the list of model evaluation techniques (such as MAE, MAPE, MSE, RMSE, R?) are not common
among all the reviewed studies, which may have resulted in different results regarding the forecasting accuracy
of different models. Moreover, rarely any research study has rigorously assessed and tested the forecasting
accuracy of these models against each other using robust statistical techniques such as the DM test.

The study addresses a key methodological bias often present in comparisons favoring LSTM models by
innovatively extending the ARIMA framework to incorporate rolling window forecasting. To address these
gaps, this study conducts a systematic comparison of ARIMA (recursive), ARIMA (rolling), and LSTM
forecasting models on three global stock market indices of the top three economies of the world (viz., Nifty Fifty
Index (Nifty) (India), Standard & Poor 500 Index (SPX) (USA), and Shanghai Stock Exchange Composite Index
(SHCOMP) (China)) through a comprehensive list of model evaluation techniques, viz., MAE, MSE, RMSE, MAPE,
and R2. To incorporate all kinds of circumstances, contexts, and environments, the forecasting models are
trained and developed on a very long range of time-series datasets. Additionally, this study tests the predictive
performance of these three forecasting models against each other using the Diebold-Mariano (DM) test to
statistically validate the differences in forecasting accuracy.

Null hypothesis of the study

(i) ARIMA (rolling) and ARIMA (recursive) models do not show a statistically significant difference in
forecasting accuracy across the three stock market indices under study.

(ii) ARIMA (recursive) and LSTM models do not show a statistically significant difference in forecasting
accuracy across the three stock market indices under study.

(iii) ARIMA (rolling) and LSTM models do not show a statistically significant difference in forecasting accuracy
across the three stock market indices under study.
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3. Material and Methods

The closing price data of three selected stock market indices, viz., Nifty Fifty Index (Nifty) (India), Standard &
Poor 500 Index (SPX) (USA), and Shanghai Stock Exchange Composite Index (SHCOMP) (China), spanning from
January 1, 2000 to December 31, 2024, covering 24 years, are sourced from Bloomberg. The log of the daily
closing price of these indices is calculated for further analysis. In ARIMA models, a total of 80% of the financial
time series data from each of three indices are used for training, while the remaining 20% are used to evaluate
the models accuracy and precision. In the LSTM technique, the look-back data of 60 previous data points are
taken out to predict the next data point; the remaining data in each of the three indices are divided into 80%
training and 20% testing data. Table 1 shows the distribution of data points for each index dataset under both
techniques.

Table-1 No. of Time series Data-points for Training and Testing

Name of the Index Ticker Total ARIMA LSTM
No. of
Data
Points | Training [ Test Look | Training | Test
Data Data Back | Data Data
(80%) (20%) (80%) (20%)
Nifty 50 Index Nifty 6217 4973 1244 60 4925 1232
S &P 500 Index SPX 6289 5031 1258 60 4983 1246
Shanghai Stock Exchange | SHCOMP 6058 4846 1212 60 4798 1200
Composite Index

3.1 Recursive Forecasting Method

In the recursive forecasting method, the predictions extend over multiple future time-steps at one go. While
the model is trained and developed on historical data until time (t), future predictions at future time-steps (t+1,
t+2,t+3,..) are generated recursively, where forecasted values are fed back into the model as if they were actual
observations. Once the model forecasts the first future value, it uses that prediction as input to estimate the
next one, and so on. This approach assumes that the underlying model or data-generating process remains
stable over time- a notion more consistent with EMH.

3.2 Rolling-Window Forecasting Method:

In the Rolling or Rolling-window forecasting method, the model predicts one step (t+1) at a time, relying solely
on actual historical observations up to the time point (t). While the model is trained on historical data up to
time (t), it is used to forecast one step ahead (t+1) using actual past data. For each subsequent prediction, the
true observed value at time (t+1) is used for predicting the value at time (t+2) and so on. As a result of this
rolling-window mechanism, forecasted values cannot be used as inputs.

3.3 ARIMA

ARIMA is a statistical model used to forecast and analyze time series. In ARIMA model, 'AR' stands for
autoregression, which evaluates an observation's dependence on its previous values (p); 'I' stands for
integrated, a method for generating stationarity by varying observations across distinct intervals (d); and 'MA'
stands for moving average, an approach that evaluates whether observations are affected by the residual errors
derived from applying a simple moving average to lagged observations (q). A model such as this is usually
designated as ARIMA (p,d,q). In the ARIMA (rolling), the model predicts future values one step at a time, relying
solely on actual historical observations up to the current time point. While in the ARIMA (recursive),
predictions extend over multiple future time steps, where forecasted values are fed back into the model as if
they were actual observations.

The general mathematical structure of an ARIMA (p, d, q) model is given by:

§7t+h = f(yt+h-1, yt+h-2, .......ét+h-1, ét+h-2, ....... ) (1)
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® h indicates the forecast horizon (number of steps ahead- In rolling method, one step at a time, and in
recursive, multiple steps at the same time),

@ 7§ is the forecasted value at time t+h,

@ e:is the residual errors.

The log of the closing prices of the three indices is calculated. On the training data of such log closing prices of
these indices, the ARIMA technique has been applied under both the methods for developing ARIMA models
viz., ARIMA (recursive) model and ARIMA (rolling) model, for each of the indices. During the testing phase, the
parameters and equations of both trained ARIMA (i.e., the p, d, q) models are applied on testing data of each
index to calculate the forecasted values. The forecasted values of both models are evaluated on actual testing
data and DM tested against other models for each index.

3.4 LSTM
Long Short Term Memory (LSTM) is a specialized variant of Recurrent Neural Networks (RNNs) and belongs
to the RNNs family. LSTM is capable of long-term dependencies, unlike RNNs, and, thus, removes one of the
limitations of RNNs and works better than RNNs in some of the problems. However, RNN, a specialized type of
Artificial Neural Networks, is developed to handle sequential data and has the architecture of neural networks.
As a branch of Machine learning (ML), the Deep Learning (DL) models work with the Artificial Neural Networks
with multiple layers of neurons to deal with the large datasets.
The Neural Networks are developed as algorithms to imitate and replicate the human brain neural networks.
The Artificial Neural Network consists of one or more layers of interconnected nodes. These layers could be
arranged as an input layer, one or more hidden layers, and an output layer. Every node on each layer is
connected to all nodes in the subsequent layer. By adding many hidden layers, the depth of the network can be
increased and that's why it's called Deep Learning. Each node takes weighted input values, adds a bias term,
applies non-linear activation function and produces its output. This output transforms from the one layer of
nodes to the next layers of nodes of the network and so on till the final output comes through the output layer.
The Recurrent Neural Networks (RNNs) is quite useful in the Time Series Analysis as the “recurrent” nature of
the neural networks that use the previous information from the earlier sequence of data such as y1, yt-2, etc,,
to process the current data of y: and predict the future data yw1. The internal memory of RNNs hold previous
information of the earlier sequence. However, RNN has a problem of vanishing gradient i.e., the earliest
information from earliest sequences are getting lost while new information is added into the process. The LSTM
uses the internal memory like RNNs but removes the vanishing gradient problem by using long-term
dependencies more effectively i.e.,, using earliest information too. The LSTM technique of Machine/Deep
Learning approach is by its very nature a rolling-window method.
In the LSTM, the information in the internal memory is stored in cell state and information is used as per
condition. The LSTM uses the following Gate Mechanism to control the flow of the information into the
processing system.
1. Input gate- it controls how new information is added to the cell state. It combines a sigmoid function as
given in equation 2 which suggests which values to update and

how
@ 2. Forget gate- it controls which information from the cell
state would be discarded or retained as per the equation 3.
) 3. Candidate Cell state (ct)- It represents a potential new
®» version of the memory that combines output of input gate to form
q"""’ the updated cell state (ct) as per equation 4.
Eﬁ-:# g 4, Output gate- it controls which information from the cell
» state will be the output as per equation 5.
- 5. xt is the input vector
6. ht is the output vector as given in equation 6.
® | 7. W and b are weights and bayes values.
it=0(Wilhe-1, xe] + bi)
(2)
f: o(Wr [he-1, xc] + br) 3)
tanh(Wc [ht 1, xt] + bc) (4)
ot = sigma(Wo [he-1, x¢] + bo) (5)
h: = sigma * tanh(ct) (6)
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The LSTM is quite useful and effective in problems involving sequential data. Apart from speech recognition,
the LSTM is quite effective in learning, predicting and providing solutions to the tasks related to Time Series
Analysis.

During the training phase of the LSTM, the weights and biases are calculated at first and, then, adjusted to
minimize the error between actual values and predicted values, which could be called the LSTM model. The
same LSTM model is applied on the values of both training and testing data to calculate the predicted values
for both training data and testing data. Consequently, the LSTM model’s forecasted values of testing data are
evaluated against actual testing data values and the LSTM model is DM tested against other models (viz., ARIMA
(recursive) and ARIMA (rolling)) on forecasting accuracy for all the three indices in the study.

3.5 Model Evaluation:

The forecasting model accuracy was evaluated using the following five measures.

1. Mean absolute Error (MAE): It refers to the mean of the absolute values between actual values and predicted
values as per the following equation 7.

1 ~
MAE=-F%1L, lyi — 9 | (7)
2. Mean Squared Error (MSE):It refers to the mean of the sum of squares of difference between the predicted

(¥) and actual (y:) values as per the following equation 8.
1 ~
MSE== 3N, (y,— 9)? ®
3. Root Mean Squared Error (RMSE): It refers to the square root of the mean squared error (MSE) as per the
following equation 9.

1 ~
RMSE = \[; YL, - 9 (9)

4. Mean absolute Percentage Error (MAPE): It refers to the mean of the absolute percentage between the
predicted and actual values as per the following equation 10.
MSPE =<3N, 'yy;y' (10)
5. R2?-: The R? is known as the coefficient of determination and measures how well a model explains the
variance in the actual data.

X (i-9)2
R2=1-2—F——+ 11

s ey D
If RZ=1, Perfect Prediction. If R2= 0, the model is as good as simply predicting the mean.
If RZ< 0, model is worse than just using the mean of the data

3.6 Diebold-Mariano (DM) test:

The DM test is a statistical test that compares the predictive accuracy of two forecasting models. It helps in
determining which one of two predictive models is significantly better than another in terms of forecasting
accuracy as follows:

1. Forecasting Errors of each forecasting models viz., Model 1 and Model 2:

Forecast error (Error) = Actual Value - Predicted Value

2. Loss Differential: The Loss Differential is calculated using Mean Absolute Error in this paper. However, it
can also be calculated using Mean Squared Error.

Loss Differential = |Error,| - |Error,|

3. Mean Loss differential: The mean loss differential (dmean) is the average of the loss differential values:

dmean = %Zﬁ\'zl Loss Dif ferential; where N is the number of observations.

4. Variance of Loss Differential: The variance of the loss differential (dvar) takes into account the
autocorrelation within the series of loss differentials:

dvar = sum of Autocorrelations

Autocorrelation accounts for dependencies in the error series over time

5. Diebold-Mariano (DM) Statistics: DM statistics is calculated as

DM Statistics = dmean

dvar
N

6. Under the assumption that u = 0 (the null hypothesis), DM follows a Standard Normal Distribution. DM ~
N(0,1)

7. If the p value of the DM Statistics is significant, the Positive DM statistics suggests that Model 2 is
significantly better and Negative DM statistics suggests that Model 1 is significantly better.
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The research study trains and develops three models viz., ARIMA (recursive), ARIMA (rolling), and LSTM to
predict the log of daily closing prices of three key indices: Nifty Fifty Index (Nifty) (India), Standard & Poor 500
Index (SPX) (USA), and Shanghai Stock Exchange Composite Index (SHCOMP) (China) for testing phase,
evaluates these models against actual values through model evaluation measures, and compares these models
against each other on their forecasting accuracy through DM tests.

Specifically, the study explores the application of Auto Regressive Integrated Moving Average (ARIMA) and the
Deep Learning-based Long Short-Term Memory (LSTM) technique for forecasting of stock indices. Unlike the
statistical forecasting technique that requires manual intervention for model selection and parameter tuning,
advanced methods (viz., LSTM) use automated processes such as hyperparameter optimization (Petropoulos,
et al,, 2022). The automation allows the scalability of the models which could be applied in case of large
datasets. Python programming is used to apply the Recursive and Rolling-window forecasting method with
ARIMA technique as well as to automate the ARIMA model development, which provides a level-playing field
to ARIMA technique. Python programming facilitates the automation of model selection and parameter tuning
as well as scalability in ARIMA through the auto_arima function within the pmdarima library. The model
development through training on three stock market indices datasets using three techniques, forecasting on
the testing datasets, model evaluation on testing dataset and forecasted dataset, and testing the forecasting
accuracy of each model against each other as per DM test are done using Python programming,

4. Results and Discussion

The results of the comparative analysis of ARIMA (recursive & rolling) and LSTM models’ evaluations in
forecasting stock market indices are shown in table 2. The ARIMA (recursive) models consistently
underperform across all error metrics, with high Mean Absolute Error (MAE), Mean Squared Error (MSE), Root
Mean Squared Error (RMSE), and Mean Absolute Percentage Error (MAPE) values, indicating its inability to
adapt to evolving market conditions. R-squared (R?) scores are found to be small or negative proving its
inefficiency in explaining market variance. On the other hand, the ARIMA (rolling) models demonstrate
superior predictive accuracy, drastically reducing MAE, MSE, RMSE and MAPE across all indices. The minimal
forecasting errors and high R? values (~0.99), making it the most effective approach for financial time-series
forecasting in this case.

The LSTM models perform better than ARIMA (recursive) models across all error metrics for all three indices.
While comparing LSTM models with ARIMA (rolling) models, all LSTM models provide slightly higher errors
for all three indices suggesting that although Deep Learning models capture complex patterns and nonlinear
dependencies, they cannot exceed the forecasting accuracy of ARIMA (rolling) models. Despite this, LSTM
models achieve competitive R? scores (0.94-0.99), proving its ability to model intricate relationships in stock
market data

Table-2 Comparison of ARIMA (recursive & rolling) and LSTM (rolling) models in forecasting stock
market indices

Nifty 50|S & P 500 Index|Shanghai Stock
Index (USsA) Exchange Composite
Models (India) Index (SHCOMP)
Model
Evaluation
ARIMA (p,d,q) (21110) (011!5) (211u3)
MAE ARIMA (recursive) 0.124 0.182 0.0951
ARIMA (rolling) 0.007 0.008 0.0076
LSTM 0.013 0.030 0.0138
MSE ARIMA (recursive) 0.0216 0.045 0.0122
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ARIMA (rolling) 0.0001 0.00018 0.00011
LSTM 0.0004 0.00121 0.00031
RMSE ARIMA (recursive) 0.147 0.213 0.110
ARIMA (rolling) 0.012 0.013 0.010
LSTM 0.020 0.034 0.017
MAPE ARIMA (recursive) 1.28% 2.16% 1.18%
ARIMA (rolling) 0.08% 0.10% 0.09%
LSTM 0.14% 0.36% 0.17%
R-squared |ARIMA (recursive) 0.67 -0.36 -1.27
ARIMA (rolling) 0.99 0.99 0.97
LSTM 0.99 0.96 0.94

This analysis highlights the importance of dynamic forecasting models under Adaptive Market Hypothesis and
shows that ARIMA (rolling) and LSTM outperforms ARIMA (recursive) on all model evaluation parameters for
all three global stock market indices. Even in adaptive and dynamic forecasting models, ARIMA (rolling), a
statistical and econometric technique, outperforms LSTM, a Machine/Deep Learning technique.

The graph 1 compares predicted NIFTY index values (log-transformed) from three forecasting models against
the actual historical NIFTY data (2000-2024) to assess how closely each model’s forecast approximate actual
NIFTY movement over time. The LSTM predictions (forecasted training data is shown by orange line and
forecasted testing data is shown by green lines) aligns tightly with the actual data curve shown by graph 1. The
ARIMA (rolling) predictions (purple line) almost perfectly overlaps with actual training data, particularly
during testing phase (~2020-2024) where it closely shadows actual NIFTY movements by maintaining
consistency and keeping pace with short-term fluctuations. The ARIMA (recursive) diverges notably from
actual NIFTY starting around 2020 shown by the red line. It underestimates the NIFTY index decline or growth,
failing to capture the steep COVID decline or post-COVID market rally. The similar trend can also be seen within
the Standard & Poor 500 Index (SPX) (USA), and Shanghai Stock Exchange Composite Index (SHCOMP) (China)
in graph 2 and graph 3.
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Table 3 presents the results of the Diebold-Mariano (DM) tests, which assesses & statistically tests forecasting
accuracy among three models—ARIMA (rolling), ARIMA (recursive), and LSTM—across three major stock
indices: Nifty Fifty Index (Nifty) (India), Standard & Poor 500 Index (SPX) (USA), and Shanghai Stock Exchange
Composite Index (SHCOMP) (China). The test determines whether the forecasting accuracy of competing
models differs significantly or not. In all the comparisons amongst models, the p-value is 0.0000, which
confirms that the forecasting accuracy of LSTM, ARIMA (recursive) and ARIMA (rolling) models are
significantly different from one another in each of the indices.

A comparison between ARIMA (rolling) models and ARIMA (recursive) models reveals consistently negative
DM statistics (e.g., -28.4796 for Nifty 50, -34.6703 for S&P 500, -28.4720 for SHCOMP). This demonstrates that
ARIMA (rolling) models significantly outperforms ARIMA (recursive) models across all indices on forecasting
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accuracy. When ARIMA (recursive) models and LSTM models are compared, positive DM statistics (e.g.,
28.4162 for Nifty 50, 34.0893 for S&P 500, 27.9587 for SHCOMP) indicate that LSTM models exhibits superior
and statistically significant forecasting accuracy than ARIMA (recursive) models. Interestingly, ARIMA (rolling)
models significantly surpass LSTM models in predictive accuracy across all indices, as evidenced by negative
DM statistics (e.g., -8.2085 for Nifty 50, -31.4539 for S&P 500, -11.9113 for SHCOMP). While ARIMA (rolling)
and LSTM models significantly outperform ARIMA (recursive) models, ARIMA (rolling) models significantly
exceed the forecasting precision of LSTM models.

All the null hypotheses are rejected in each case of the indices. The alternate hypotheses, the ARIMA (rolling)
models are significantly better than the LSTM models and ARIMA (recursive) models on forecasting accuracy;
and LSTM models are significantly better than ARIMA (recursive) models on forecasting accuracy, are accepted
for all three stock market indices under study. However, it also suggests that the rolling-window forecasting
method (viz., ARIMA (rolling) and LSTM yield more precise predictions compared to the recursive forecasting
method. Overall, ARIMA (rolling) remains the most effective model in this analysis, demonstrating the
robustness of the rolling-window forecasting method and ARIMA technique. This approach may provide better
adaptability to new data while reducing the risk of overfitting, particularly when compared to more complex
models of Machine/Deep Learning like LSTM.

Table-3 Result of Diebold-Mariano (DM) tests

Index Model DM Statistics p-value Significance Better Model
Comparison

Nifty 50 ARIMA -28.4796 0.0000 Yes ARIMA
(rolling) vs. (rolling)
ARIMA
(recursive)

Nifty 50 ARIMA 28.4162 0.0000 Yes LSTM
(recursive) vs.
LSTM

Nifty 50 ARIMA -8.2085 0.0000 Yes ARIMA
(rolling) vs. (rolling)
LSTM

S&P 500 ARIMA -34.6703 0.0000 Yes ARIMA
(rolling) vs. (rolling)
ARIMA
(recursive)

S&P 500 ARIMA 34.0893 0.0000 Yes LSTM
(recursive) vs.
LSTM

S&P 500 ARIMA -31.4539 0.0000 Yes ARIMA
(rolling) vs. (rolling)
LSTM

SHCOMP ARIMA -28.4720 0.0000 Yes ARIMA
(rolling) vs. (rolling)
ARIMA
(recursive)
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SHCOMP ARIMA 27.9587 0.0000 Yes LSTM
(recursive) vs.
LSTM

SHCOMP ARIMA -11.9113 0.0000 Yes ARIMA
(rolling) vs. (rolling)
LSTM

Although, the LSTM, with its superior algorithms and memory structures, demonstrates strong adaptability to
dynamic patterns and non-linear dependencies in the financial time series, the forecasting accuracy of LSTM is
only superior to ARIMA (recursive) but lags significantly behind ARIMA (rolling) in terms of MAE, MSE, RMSE,
MAPE, and R? and DM tests across all three indices. The LSTM technique is computationally intensive and
requires careful fine-tuning, while more fine-tuning may lead to overfitting, which might be the case above.
While ARIMA, as a linear statistical and econometric technique, is relatively efficient in capturing short-horizon
trends (Adebiyi et al., 2014), it struggles to adapt to nonlinear patterns which is gauged by the lower forecasting
accuracy of ARIMA (recursive) against LSTM. The ARIMA technique with recursive prediction method may only
be viable in relatively stable but informationally efficient markets (Timmermann & Granger, 2004). The Deep
Learning or Machine Learning methods, even neural network methods are “black boxes” where algorithms are
not easily decipherable and interpretable that's why they are mostly used for forecasting rather than for policy
analysis (Petropoulos, etal., 2022). Due to its black box nature, the powerful and advanced technique like LSTM
hampers the transparency, consequently, trust among users.

The statistical and econometric technique like ARIMA is more simple, transparent and easier to interpret.
However, the incorporation of the methodological innovation of Rolling forecasting not only aligns ARIMA
(rolling) with LSTM in terms of level playing field but, crucially, delivers significantly superior forecasting
accuracy. Like LSTM, ARIMA (rolling) utilizes a certain portion of data for training from the long range of data
and forecasts the values for next day but unlike LSTM’s input of 60 look-back data, ARIMA models requires
actual values only till p and q order of Autoregressive & moving average from the dataset. Furthermore, ARIMA
(rolling) retains ARIMA’s inherent advantages of simplicity, transparency, interpretability and established
trust, unlike the black box problem of LSTM. The superior forecasting accuracy from ARIMA (rolling-window
forecasting) technique is more useful due to advantages of ARIMA and disadvantages of LSTM. A notable
novelty of this study lies in its adaptation of ARIMA within a rolling forecasting framework—an approach
conceptually similar to ]. Chassot and F. Audrino (in press) but extended here within a broader cross-market
context that deepens understanding of the linear versus nonlinear forecasting performance debate.

The results of this study are consistent with Albeladi (2023), Kirelli (2024), Lahboub and Binali (2024), and Li
(2024) specifying that ARIMA is better for time-series forecasting than LSTM based on the model evaluation
parameters. The study highlights that while LSTM is effective in capturing non-linear & dynamic patterns and
long-term dependencies, ARIMA demonstrates greater forecasting accuracy, reliability, stability and
explainability.

5 Conclusion

This study evaluated the forecasting capabilities of Long Short-Term Memory (LSTM), ARIMA (recursive), and
ARIMA (rolling) for stock index prediction, particularly for long-range time-series data. The results
demonstrate that the ARIMA (rolling) offers superior forecasting accuracy across all five evaluation measures,
consistently outperforming both LSTM and the ARIMA (recursive). Further, LSTM consistently predicted far
better than ARIMA (recursive). Such surprising dominance of an adaptive statistical model over its deep
learning equivalent and its static statistical equivalent can be explained due to the adaptive nature inherent
with the rolling window method that is especially well-suited to the dynamic, non-stationarity involved in
financial markets.

The different performance of the models offers robust empirical evidence for the Adaptive Market Hypothesis
(AMH) as compared to the classical Efficient Market Hypothesis (EMH) in the stock index forecasting case.
These finding sheds new light on how market efficiency varies over time and develops a better way of
theorizing about market behavior by providing empirical validation for the AMH in a practical forecasting
context.
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The results of the study indicate that an equally well-tuned adaptive statistical model, say ARIMA (rolling), may
lead to more accurate predictions than advanced deep learning models such as LSTM. This identifies the
intrinsic trade-off among forecasting accuracy under realistic assumptions, data requirements, and model
complexity. Decision-makers ought to carefully consider this trade-off given that less complex models with
greater interpretability may still perform better in certain, actual, real-world financial market environments.
This gives strong action guidance for financial professionals, toward a balanced choice strategy between
models that will factor both forecasting power and actual-world practicability. To the best of our knowledge,
this research is among the first to illustrate the continued performance superiority of ARIMA (rolling)
compared to LSTM in stock index forecasting, especially when making an explicit comparison based on grounds
of implications for EMH and AMH. This finding further challenges the prevailing assumptions regarding the
universal superiority of Deep / Machine Learning techniques in complex financial time series, thereby
extending the extant literature on comparative forecasting methodologies and market efficiency hypotheses.

6 Limitations of the study

Despite its robust findings, this study is subject to a few limitations that warrant consideration and provide
avenues for future research. The analysis of the study focused on specific stock indices and a particular
definition of 'long-range' time-series data. Even though the study contrasted EMH and AMH through recursive
and rolling methods, it did not delve into the optimization of the rolling-window length, which has been shown
to influence the degree of conformity with AMH. These limitations serve as crucial opportunities for future
inquiry, demonstrating that the study delineates the inherent boundaries of the current contribution.
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