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Highlights

What are the main findings?

• All models substantially outperformed the Naïve benchmark, with TCN outperform-
ing GRU.

• GARCH-GRU hybrid model achieved the lowest forecast errors but performed simi-
larly to GARCH (2, 2).

What are the implications of the main findings?

• Volatility dynamics are important for forecasting FTSE/JSE Top 40 returns.
• Greater model complexity does not necessarily improve predictive accuracy.

Abstract

Forecasting equity returns remains challenging because financial markets exhibit nonlinear
dynamics, volatility clustering, and complex temporal dependencies that are difficult to
capture using a single modelling approach. Traditional statistical models can capture
dependence and volatility dynamics, while deep learning models are capable of learning
nonlinear temporal patterns. This study evaluates the forecasting performance of tradi-
tional statistical models (ARIMA and GARCH), deep learning models (TCN and GRU),
and hybrid models (ARIMA-TCN, ARIMA-GRU, GARCH-TCN, and GARCH-GRU) for
forecasting the FTSE/JSE Top 40 index in South Africa. Daily closing prices comprising
4159 observations from 2010 to 2026 were analysed, with model performance evaluated on
log returns using MSE, RMSE, and MAE, with the Naïve model used as a benchmark. The
results show that all competing models substantially outperformed the Naïve benchmark,
while the TCN outperformed the standalone GRU. GARCH-based models also demon-
strated strong forecasting performance, highlighting the relevance of volatility dynamics
in forecasting equity returns. Although GARCH-GRU recorded the lowest MSE, RMSE,
and MAE among the models evaluated, its performance was very similar to that of the
GARCH (2,2) model. The Diebold-Mariano test further showed no statistically significant
difference in predictive accuracy between GARCH-GRU and GARCH (2, 2) (DM = 0.9495;
p = 0.3424). These findings indicate that GARCH-GRU and GARCH (2, 2) provide statisti-
cally comparable forecasting performance, suggesting that the additional complexity of
the hybrid framework does not necessarily result in a significant improvement in predic-
tive accuracy. This study contributes to the financial forecasting literature by providing
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empirical evidence from an emerging African equity market and demonstrating the impor-
tance of volatility modelling and complementary statistical–deep learning approaches for
forecasting FTSE/JSE Top 40 log returns.

Keywords: ARIMA; emerging markets; FTSE/JSE Top 40 index; GARCH; GRU; hybrid
models; TCN

1. Introduction
Forecasting equity prices remains one of the most challenging problems in finan-

cial economics because financial markets are inherently dynamic, nonlinear, stochastic,
and highly volatile. Stock prices are influenced by numerous interacting macroeconomic,
firm-specific, and behavioural factors whose relationships evolve over time, making accu-
rate predictions exceptionally difficult. Nevertheless, reliable stock market forecasts are
indispensable for portfolio allocation, risk management, derivative pricing, algorithmic
trading, and policy formulation. Improved forecasting accuracy enhances investment
decisions, market efficiency, and financial stability, thereby attracting sustained interest
from researchers and practitioners alike.

Traditional econometric models have long served as the foundation of financial time-
series forecasting. Models such as the Autoregressive Integrated Moving Average (ARIMA)
developed by [1] and Generalised Autoregressive Conditional Heteroskedasticity (GARCH)
pioneered by [2] have been widely employed because of their ability to model linear tem-
poral dependence and volatility clustering, two fundamental characteristics of financial
returns [3]. While these models provide statistically interpretable frameworks and have
demonstrated considerable success in modelling financial time series, they rely on assump-
tions that often limit their ability to capture the complex nonlinear dynamics, structural
changes, and higher-order interactions that characterise contemporary financial markets [4].

Recent advances in artificial intelligence (AI) have transformed financial forecasting
by introducing powerful deep learning architectures capable of modelling highly complex
nonlinear relationships. Recurrent neural network architectures, including Long Short-
Term Memory (LSTM) and Gated Recurrent Unit (GRU) networks, have demonstrated
remarkable ability to learn long-term temporal dependencies from large-scale sequential
financial data. Unlike conventional statistical models, these architectures require fewer
assumptions regarding the underlying data-generating process and can automatically
extract hierarchical features that improve predictive performance. However, despite their
flexibility, deep learning models often struggle to explicitly model important statistical
properties of financial time series, including autocorrelation, conditional heteroscedasticity,
and volatility persistence, which remain strengths of traditional econometric approaches [5].

These drawbacks have motivated growing interest in hybrid forecasting frameworks
that integrate both the traditional statistical and econometric models with deep learning
techniques. By integrating the strengths of both approaches, hybrid models enable econo-
metric models to capture linear relationships and volatility dynamics while leveraging the
superior nonlinear learning capabilities of deep neural networks. Such integration has
consistently demonstrated improved forecasting accuracy, robustness, and generalisation
compared with standalone statistical or machine learning (ML) models across a range of
financial applications [6]. Despite these advances, important gaps remain in the empirical
evaluation of specific hybrid statistical–deep learning models in emerging financial markets.
There is limited comparative evidence on the effectiveness of combining GARCH with GRU
and TCN architectures for modelling and forecasting volatility in the South African equity
market. Although hybrid models have been increasingly applied in emerging markets, it
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remains unclear whether the potential benefits of integrating conditional volatility mod-
elling with nonlinear temporal-learning approaches are consistent across different market
environments. This is particularly relevant for the FTSE/JSE Top 40, where changing
volatility dynamics and structural characteristics may influence the relative performance of
econometric, deep-learning, and hybrid models.

The South African equity market, represented by the FTSE/JSE Top 40 index, provides
an important setting for evaluating advanced forecasting methodologies. As the benchmark
index of the Johannesburg Stock Exchange, the FTSE/JSE Top 40 captures the performance
of the country’s largest listed companies and serves as a key indicator for domestic and
international investors. Given the increasing complexity and volatility of emerging financial
markets, developing forecasting models capable of accurately capturing both linear and
nonlinear market dynamics has become increasingly important.

This study develops and evaluates hybrid forecasting models that combine traditional
statistical techniques with deep learning architectures to forecast the FTSE/JSE Top 40
index. Furthermore, compares the predictive performance of individual statistical and
econometric models including ARIMA and GARCH, standalone deep learning models
(TCN, GRU), and their hybrid counterparts using multiple forecast accuracy measures.
By providing comprehensive empirical evidence from an emerging market, the study
contributes to the growing literature on financial time-series forecasting by assessing the
effectiveness and robustness of hybrid forecasting models in a South African context. The
findings are expected to offer practical guidance for investors, portfolio managers, financial
institutions, and policymakers seeking more reliable forecasting models for investment and
risk management decisions in South Africa.

The remainder of the paper is organised as follows. Section 2 reviews the literature
on equity price forecasting, with particular emphasis on traditional econometric models,
deep learning techniques, and hybrid forecasting frameworks. Section 3 describes the
data, model development, and research methodology employed to evaluate the forecasting
performance of the proposed models. Section 4 presents and discusses the empirical results,
including the comparative forecasting performance of the individual and hybrid models.
Finally, Section 5 concludes the paper by summarising the key findings, outlining the
study’s contributions, and suggesting directions for future research.

2. Literature Review
2.1. Traditional Econometric Models for Stock Price Forecasting

Forecasting stock prices has long been a central topic in financial economics because
of its importance for investment decision-making, portfolio optimisation, and risk man-
agement. Traditional econometric models, particularly the ARIMA and GARCH models,
have been extensively applied to financial time series owing to their ability to model linear
dependence and volatility clustering. Although these models provide statistically inter-
pretable forecasting frameworks, their underlying linear assumptions limit their ability
to capture the nonlinear and highly dynamic behaviour of financial markets [7]. Conse-
quently, forecasting performance often deteriorates during periods of heightened market
uncertainty and structural change, motivating the adoption of more flexible ML techniques.

2.2. Deep Learning Approaches to Stock Price Forecasting

Recent advances in deep learning have significantly transformed financial forecasting
by enabling models to learn complex nonlinear relationships directly from historical market
data. Recurrent neural network architectures, particularly LSTM and GRU, have attracted
considerable attention because of their ability to model long-term temporal dependencies.
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However, the empirical evidence regarding the relative performance of deep learning
architectures remains inconclusive. Ref. [8] found that GRU outperformed both LSTM
and Bidirectional LSTM (BiLSTM) in forecasting IBM stock prices, achieving superior
prediction accuracy while requiring substantially lower computational time. Similarly,
ref. [9] reported that GRU consistently outperformed Recurrent Neural Network (RNN) and
LSTM models when forecasting Tesla stock prices because of its computational efficiency
and fewer trainable parameters. In contrast, ref. [10] demonstrated that LSTM achieved
the highest forecasting accuracy (94%) compared with GRU and Transformer models,
attributing its superior performance to its ability to capture long-term dependencies under
varying market conditions. These mixed findings suggest that the predictive performance
of deep learning models depends on market characteristics, forecasting horizons, and data
complexity rather than on a universally superior architecture.

More recently, TCNs have emerged as an alternative to recurrent neural networks
by modelling long-range temporal dependencies through dilated causal convolutions.
Ref. [11] demonstrated that TCN achieved an average forecasting accuracy of approximately
94% when predicting stock price movements on the Indonesia Stock Exchange. Unlike
recurrent architectures, TCNs offer faster training, stable gradient propagation, and greater
parallelisation, making them increasingly attractive for financial forecasting applications.

2.3. Hybrid Statistical and Deep Learning Models

Recognising the complementary strengths of econometric and deep learning models,
recent research has increasingly focused on hybrid forecasting frameworks that combine
statistical modelling with AI. These hybrid models exploit the ability of traditional statistical
techniques to capture linear trends and volatility dynamics while allowing deep learning
architectures to model nonlinear temporal relationships. Several studies consistently
demonstrate the superiority of hybrid models over standalone approaches. Ref. [12]
showed that an ARIMA-GRU model produced more accurate forecasts of SBI Bank stock
prices than individual models by effectively capturing both linear and nonlinear temporal
structures. Similarly, ref. [7] reported that ARIMA-LSTM and ARIMA-GRU significantly
improved the prediction of the Shanghai Stock Exchange Composite index relative to their
individual counterparts.

The integration of volatility models with deep learning algorithms has also produced
promising results. Ref. [13] combined GARCH with LSTM, GRU, and Transformer models
to forecast Airtel stock prices and found that all hybrid models outperformed standalone
models, with GARCH-LSTM yielding the highest forecasting accuracy. Similarly, ref. [14]
proposed an ARIMA-TCN framework that consistently achieved lower RMSE values than
standalone ARIMA, TCN, and LSTM models across multiple datasets, demonstrating the
robustness of convolutional architectures within hybrid forecasting systems.

More comprehensive hybrid frameworks have also been proposed. Ref. [15] combined
ARIMA, GARCH, LSTM, GRU, and Transformer models using both sequential and en-
semble architectures to forecast major international equity indices. Their ensemble hybrid
achieved the highest directional accuracy (81%) and lowest forecasting error, while sequen-
tial hybrids exhibited greater robustness during periods of market turbulence. Furthermore,
the incorporation of SHAP explainability techniques improved the interpretability of hybrid
forecasts by quantifying the contribution of statistical and deep learning components.

2.4. Attention Mechanisms and Emerging Hybrid Architectures

Although deep learning models have demonstrated superior predictive performance,
they often suffer from limited interpretability, computational complexity, and inefficient
weighting of historical observations [16,17]. These limitations have motivated the de-
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velopment of attention mechanisms, which dynamically assign importance weights to
relevant historical information during forecasting. Ref. [18] developed a hybrid WOA-TCN-
Attention-ARIMA-GARCH framework that successfully modelled both long-term temporal
dependencies and volatility dynamics in Apple stock prices, outperforming competing
forecasting models. Similarly, ref. [17] proposed an attention-guided GARCH-LSTM model
for forecasting volatility in South African telecommunication stocks and demonstrated
that attention mechanisms produced more stable and consistent forecasts across multiple
companies. Collectively, these studies suggest that attention-based architecture represents
a promising direction for improving hybrid financial forecasting models, although they
typically require greater computational resources, extensive hyperparameter optimisation,
and more complex model calibration.

2.5. Research Gap and Contribution

The literature demonstrates progression from traditional statistical models to deep-
learning and hybrid forecasting approaches. While ARIMA and GARCH remain useful for
modelling linear dependence and volatility clustering, deep-learning architecture such as
GRU and TCN provide greater flexibility in capturing nonlinear and complex temporal
patterns. Hybrid approaches seek to exploit the complementary strengths of these mod-
elling paradigms. However, empirical evidence indicates that model performance is not
consistent across datasets and market environments, suggesting that the effectiveness of
a particular architecture depends on the characteristics of the underlying financial series,
market conditions, and model specification.

Despite the growing literature on hybrid financial forecasting, three specific gaps
remain relevant to the present study. First, there is limited empirical evidence comparing
GARCH-based and deep-learning approaches within the South African equity market,
particularly using the FTSE/JSE Top 40 index. Second, existing studies often examine
individual hybrid combinations, whereas relatively few provide a systematic comparison
of traditional statistical models, standalone deep-learning models, and multiple hybrid
architectures within a common empirical framework. Third, there is limited evidence on
whether combining GARCH with different deep-learning architectures, specifically GRU
and TCN, provides consistent forecasting improvements relative to their corresponding
standalone models in the South African market.

These gaps are important because GARCH, GRU, and TCN employ fundamentally dif-
ferent mechanisms for learning financial dynamics (particularly equity markets). GARCH
explicitly models conditional variance and volatility clustering, whereas GRU and TCN
learn temporal and nonlinear patterns directly from the data. Consequently, their relative
forecasting performance may vary according to the volatility characteristics, temporal de-
pendencies, and market conditions represented in the sample. A direct comparison of these
approaches can therefore provide useful evidence on whether the additional complexity of
deep-learning and hybrid architecture translates into improved forecasting performance.

Unlike previous studies that typically focus on a single hybrid configuration or
compare a limited number of forecasting models, this study evaluates GARCH, GRU,
TCN, GARCH-GRU, and GARCH-TCN within a unified empirical framework using the
FTSE/JSE Top 40 index. A further distinguishing feature is the integration of GARCH-
derived conditional volatility information as an input feature to the deep-learning architec-
tures, rather than treating GARCH and deep learning solely as independent competing
approaches. This design enables the study to examine whether explicitly modelling volatil-
ity dynamics and subsequently incorporating the resulting volatility information into
nonlinear temporal-learning architectures provides additional forecasting value. The study
therefore extends existing evidence by providing a controlled, market-specific assessment of
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whether the combination of econometric volatility information with different deep-learning
architectures produces consistent forecasting gains in an emerging equity market.

Accordingly, the contribution of this study lies in three areas. Firstly, it provides
market-specific empirical evidence on the relative forecasting performance of statistical,
deep-learning, and hybrid approaches for the FTSE/JSE Top 40 index. Secondly, it provides
a systematic comparison of GARCH, GRU, TCN, GARCH-GRU, and GARCH-TCN within
a common modelling and evaluation framework, thereby enabling a more direct assessment
of the value added by hybridisation. Thirdly, it examines whether GARCH-derived condi-
tional volatility information enhances the predictive capability of different deep-learning
architectures, thereby providing evidence on whether the benefits of hybridisation are
consistent across GRU and TCN architectures.

The contribution of the study is therefore not to claim that hybrid models are uni-
versally superior, but to provide empirical evidence on their relative effectiveness in the
specific context of the South African equity market. The findings contribute to the broader
literature by demonstrating whether and under what circumstances integrating econo-
metric volatility information with nonlinear temporal-learning architectures can improve
financial forecasting in an emerging market.

3. Methodology
This section discusses the dataset, preliminary analysis, and methodological frame-

work employed in this study.

3.1. Data Preparation
3.1.1. Data and Data Source

The study is quantitative in nature and employs secondary data. The dataset com-
prises 4159 daily observations of the FTSE/JSE Top 40 index, covering the period from
4 January 2010 to 24 August 2026. The data were obtained from Markets | IRESS. The
study period was selected based on the availability of data. The FTSE/JSE Top 40 closing
prices are quoted in South African rand (ZAR) and represented as index value. For the
empirical analysis, logarithmic returns (log returns) were computed from the closing price
series. Traditional statistical models, namely the ARIMA and GARCH, were employed
to capture the linear dependence and volatility characteristics of the series. These models
were compared with deep learning models, namely TCN and GRU, which are capable of
learning complex nonlinear relationships from sequential data. Hybrid models combining
ARIMA and GARCH with TCN and GRU were subsequently developed to exploit the
complementary strengths of statistical, econometric and deep learning approaches. The
study used R version 3.6.1 and Python 3.12 as programming languages. The dataset was
divided chronologically into 70% training and 30% testing sets. The same training and test-
ing periods were used for all forecasting models, including ARIMA, GARCH, TCN, GRU,
ARIMA-TCN, ARIMA-GRU, GARCH-TCN, and GARCH-GRU, to ensure a consistent and
comparable out-of-sample evaluation.

3.1.2. Preliminary Data Analysis

Preliminary data analysis was conducted to examine the characteristics of the dataset
prior to model estimation. Exploratory data analysis (EDA) was performed to understand
the distribution of the data, identify patterns and anomalies, and assess key statistical
properties, including stationarity, autocorrelation, conditional heteroscedasticity, and nor-
mality, thereby informing the selection of appropriate forecasting models. Time series plots
were used to examine trends and volatility behaviour, while the Autocorrelation Function
(ACF) and Partial Autocorrelation Function (PACF) plots were employed to identify serial
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dependence and provide preliminary guidance for model specification. Stationarity was
initially assessed using the ACF and PACF plots and subsequently achieved through first
differencing of the series. Additional diagnostic tests were performed to evaluate the
statistical properties of the stationary series. The ARCH-LM test develop by [19] was used
to examine the presence of conditional heteroscedasticity, the Ljung–Box test proposed
by [20] was employed to assess serial correlation, and the Jarque–Bera test [21] was con-
ducted to determine whether the series followed a normal distribution. The results of these
diagnostic tests informed the selection of appropriate statistical, deep learning, and hybrid
forecasting models.

3.1.3. Data Preprocessing

For the deep learning GRU and TCN and hybrid models, the input log-return val-
ues were normalised using Min-Max scaling prior to model training. After forecasting,
the predicted values were inverse transformed to the original log-return scale before cal-
culating the error metrics. Therefore, all performance metrics reported in the study are
based on FTSE/JSE Top 40 log returns. This ensures that the ARIMA, GARCH, deep
learning, and hybrid models are evaluated consistently using the same forecasting target
and error measures.

3.2. ARIMA Model

For the past 30 years, ARIMA models have been widely used in many fields to predict
time series. The ARIMA model, introduced by Box and Jenkins in the early 1970s, became a
proven and reliable method for predicting time series data [1]. The ARIMA model is used
in this study to model the linear dynamics of the FTSE/JSE Top 40 index. The general form
of ARIMA (p, d, q) is given as follows:

φp(B)(1 − B)d(yt − µ) = θq(B)εt, (1)

where φp(B) = 1 − ∑
p
i=1 φiBi, θq(B) = 1 − ∑

q
j=1 θjBj are polynomials in terms of B degrees

of freedom and p and q respectively; ∇ = (1 − B) and B represents the backward shift
operator. The Box–Jenkins methodology adopted in this study consists of three iterative
phases: model identification, parameter estimation, and diagnostic assessment. During
the model identification phase, ACF and PACF are evaluated to determine the appropriate
autoregressive (AR) and moving average (MA) components, thus facilitating the specifica-
tion of the ARIMA model. The parameter estimation phase involves estimating the model
coefficients using Maximum Likelihood Estimation (MLE) and determining the parameter
values that maximise the probability of observed data. After parameter estimation, com-
peting ARIMA models are compared using Akaike Information Criterion (AIC), and the
model with the lowest AIC is chosen as the most parsimonious representation of the time
series. Finally, a diagnostic evaluation is conducted to assess the adequacy of the selected
model by examining whether residuals meet the assumptions of normality and white noise
behaviour. The best competing ARIMA model is selected using the AIC computed as
follows:

AIC(p) = ln|∑̂a,p|+
2
T

pk2, (2)

where T is the sample size, and ∑̂a,p is the ML estimate of ∑a. Choosing the best model at
this stage is essential for ensuring precise forecasts while preventing overfitting [22].
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3.3. GARCH Model

The univariate ARCH model was introduced by [19], with the GARCH model pro-
posed by [2] as its extension computed to model time-varying volatility. Assume rt is the
log return at time t. The conditional mean equation can be specified as:

rt = µ + εt (3)

where µ denotes the conditional mean, εt is the innovation term and εt = σtzt where σt is
the conditional standard deviation and zt is an independently and identically distribution
(i.i.d) innovation with zero mean and unit variance. The GARCH (p, q) process is given
as follows:

σ2
t = α0 + ∑q

i=1 αic2
t−i + ∑p

j=1 β jσ
2
t−j (4)

where α0, αi ≥ 0, i = 1, 2, . . . , q − 1, q, and β j ≥ 0, j = 1, 2, . . . , p − 1, p to ensure that the
conditional variance remains positive. The parameter α measures the immediate impact
of past shocks on current volatility, whereas β captures the persistence of volatility from
the previous period. For the GARCH (1, 1) process to have a finite unconditional variance,
the persistence condition αi + β j < 1 is required. When αi + β j is close to one, volatility
shocks are highly persistent, indicating that periods of elevated volatility tend to persist
over time [23]. Suppose p = q = 1 from GARCH (p, q), then the random variable ct has a
GARCH (1, 1) model if the following is true:

∈t |Ʈt−1 ∼ N(0, σ2
t ) (5)

σ2
t = α0 + α1c2

t−1 + β1σ2
t−1 (6)

The parameters of a GARCH (1, 1) model can be estimated using the Maximum
Likelihood Estimation (MLE) method, which optimises the likelihood function to find the
values that best fit the observed data.

3.4. Temporal Convolutional Network (TCN)

The Temporal Convolutional Network (TCN) is a convolution-based deep learning
architecture designed for sequential forecasting [24]. It employs causal convolutions and di-
lated convolutions to preserve temporal ordering while capturing long-term dependencies
efficiently. Residual connections improve gradient propagation and enable the network
to learn deeper feature representations. According to [25], the main principles of TCNs
are that the network’s output has the same length as the input sequence, and they prevent
leakage of information from future to the past by using causal convolutions. To satisfy the
causal convolutions, the first layer of TCN is a 1-dimensional fully convolutional network,
where every middle layer is the same size as the input layer, and zero paddings of size are
added to make subsequent layers the same size as previous ones. For dilated convolutions,
TCN only convolutes the input from the current time and previous time. The dilated
convolutions are used in TCN to allow for both very deep networks and very long effective
histories [26]. For a 1-dimensional time series x and a filter f , the operation F of dilated
convolution on elements of the time series is defined as follows:

F(s) = (x ∗ f )(s) = ∑k−1
i=0 f (i)·xs−d·i, (7)

where ∗ denotes the convolutional operation, k is the filter size, d is the dilation factor and
s − d·i explains the direction of the past. Therefore, the dilation is equal to utilising a fixed
step size between each two adjacent filter taps.
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3.5. Gated Recurrent Unit (GRU)

The GRU was proposed by [27]. The GRU is a recurrent neural network architecture
designed to capture long-term temporal dependencies while reducing computational
complexity compared with LSTM networks. The model utilises update and resets gates to
regulate information flow, thereby mitigating the vanishing gradient problem commonly
encountered in recurrent networks. The activation hj

t of the GRU at time t is a linear
interpolation between the previous activation hj

t−1 and the candidate activation hj
t:

hj
t = (1 − zj

t)h
j
t−1 + zj

t

∼
h

j

t, (8)

where an update gate zj
t decides how much the unit updates its activation, or content. The

update gate is computed by:

zj
t = σ(Wzxt + Uzht−1)

j. (9)

The candidate activation
∼
h

j

t is computed as in [28]:

∼
h

j

t = tanh(Wxt + U(rt ⊙ ht−1))
j, (10)

where rt is a set of reset gates and ⊙ is an element-wise multiplication. The reset gate is
computed similar to the update gate:

rj
t = σ(Wrxt + Urht−1)

j. (11)

3.6. Hybrid Models

To improve forecasting performance, hybrid models were constructed by combining
the strengths of statistical and deep learning approaches. ARIMA was used to model
the linear component of the time series, while TCN and GRU were applied to model the
remaining nonlinear residuals, resulting in the ARIMA-TCN and ARIMA-GRU models.
Similarly, GARCH captured volatility dynamics before the residuals were modelled using
TCN and GRU, producing the GARCH-TCN and GARCH-GRU hybrid models. The two
approaches are specified separately because ARIMA models the conditional mean of the
return series, whereas GARCH models the conditional variance. For the ARIMA-TCN and
ARIMA-GRU models, ARIMA was first employed to capture the linear dependence in the
log-return series. The residuals obtained from the fitted ARIMA model were then used as
the input to the TCN or GRU to capture nonlinear patterns that remained unexplained by
the linear model. The hybrid forecasting framework can be expressed as:

Yt = Lt + Nt. (12)

where Lt represents the linear component estimated by ARIMA and Nt denotes the nonlin-
ear component estimated using TCN or GRU. For the GARCH-TCN and GARCH-GRU
models, the GARCH model is used to capture the time-varying conditional volatility of the
log-return series. As specified in Section 3.3, the GARCH model provides the conditional
volatility, σ̂t, which contains information about the prevailing volatility conditions in the
series. The estimated conditional volatility is then incorporated as an additional input
feature into the TCN or GRU models. For the GARCH-GRU model, the contribution of the
GARCH-derived volatility is incorporated into the latent representation of the recurrent
component. Specifically, the hidden-state transformation may be expressed as:

ht = tanh(Wxxt + Whht−1 + Wσσ̂t + b) (13)
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where xt is the return-based input feature, ht−1 is the previous hidden state, σ̂t denotes the
conditional volatility estimated from GARCH model, Wx and Wh are corresponding weight
matrices, Wσ is the coefficient associated with the GARCH derived volatility feature and
b is the bias term. The term Wσσ̂t allows the prevailing volatility conditions estimated by
GARCH to influence the latent representation learned by the GRU, while the remaining
terms capture the feature-dependent temporal dynamics of the return series. Similarly,
for the GARCH-TCN, the GARCH model is first estimated on the log-return series to
capture its time-varying conditional volatility. The resulting conditional volatility, σ̂t, is
then incorporated as an additional input feature into the TCN. The input vector to the TCN
can therefore be represented as:

Xt = [xt, σ̂t] (14)

where xt represents the return-based input features and σ̂t represents the GARCH-estimated
conditional volatility. The TCN subsequently applies causal and dilated convolutions to
the combined return and volatility information to learn nonlinear temporal dependencies.

3.7. Model Evaluation

The forecasting performance of all models was evaluated using out-of-sample forecasts.
Three commonly used accuracy measures were employed, namely, Mean Squared Error
(MSE), Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE). The accuracy
measures are computed using the following equations respectively:

MSE =
1
n ∑n

t=1

(
Yt − Ŷt

)2, (15)

RMSE =
√

MSE, (16)

MAE =
1
n ∑n

t=1 | Yt − Ŷt | . (17)

where Yt is the observed value, Ŷt is the forecast value, and n is the number of observations
in the testing sample. The model producing the smallest values of MSE, RMSE, and MAE
was considered to have the best forecasting performance. For the statistical models, one-
step-ahead forecasts were generated across the 30% testing period using a rolling forecasting
approach. At each step, only information available up to that point was used. The same
testing observations were used to evaluate the hybrid and deep learning models, ensuring
a consistent and comparable assessment of forecasting performance across all models. The
study further employed the Diebold–Mariano (DM) test developed by [29] to statistically
compare the forecast accuracy of the competing models. The DM test was then applied
selectively to the leading-performing models to determine whether the observed differences
in forecast accuracy were statistically significant. The DM test statistic is computed using
the following equation:

DM =
d√

γ̂d(0)+2∑m−1
k=1 γ̂d(k)

T

(18)

where d is the average loss differential between the two models; γ̂d(k) denotes the estimated
autocovariance of the loss differential at lag k; m represent the truncation lag and T is the
number of forecasts (sample size). The methodology flowchart is presented in Figure 1.
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Figure 1. Methodology flowchart.

4. Discussion of Results
This section of the study presents the results of the data analysis, and discussions of

the results obtained from the findings. The findings are presented using tables and figures.
Table 1 displays the results for descriptive statistics, which summarise and explain the
dataset used in the study.

Table 1. Descriptive Statistics for the FTSE/JSE Top 40 index.

Original Index Log Returns

Mean 53,052.01 0.0004

Median 48,766.71 0.0006

Maximum 120,296.3 0.0906

Minimum 23,066.67 −0.1045

Standard deviation 20,179.61 0.0115

Skewness 0.99 −0.2838

Kurtosis 0.84 8.6537

Observation 4159 4158

Table 1 presents the descriptive statistics for the FTSE/JSE Top 40 index and its daily
log returns. The dataset contains 4159 index observations and 4158 log-return observations.
The index has a mean of 53,052.01 and a median of 48,766.71, with positive skewness 0.99,
indicating a right-skewed distribution. The standard deviation of 20,179.61 also indicates
substantial variation in index levels.
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The log returns have a mean of 0.0004 and a standard deviation of 0.0115, indicating
that daily returns are centred close to zero. The returns are slightly negatively skewed
−0.2838 and exhibit high kurtosis 8.6537, indicating the presence of heavy tails and extreme
observations. These characteristics are typical of financial return series and provide support
for applying volatility and nonlinear forecasting models.

Figure 2 illustrates the daily closing values of the FTSE/JSE Top 40 index over the
period from 2010 to 2026. The series exhibits pronounced time-varying behaviour, charac-
terised by a clear upward trend and substantial price fluctuations. The index increases from
around 25,000 in 2010 to approximately 50,000 by 2015, followed by periods of fluctuations
between 2015 and 2020. A sharp decline is evident around early 2020, after which the index
recovers and resumes an upward trajectory, reaching approximately 75,000 by 2024. The
index then experiences a substantial increase during 2025 and early 2026, reaching a peak
of around 120,000 before declining to approximately 100,000 by August 2026. The changing
mean level and persistent upward trend provide evidence of non-stationarity in the price
series. In addition, the varying magnitude of price movements suggests time-varying
market dynamics. These characteristics indicate that the series requires transformation
before modelling. Accordingly, the daily log-return series is used in Figure 3 to assess
stationarity, serial dependence, and volatility characteristics.

Figure 2. Graphical representation of the actual data.

Figure 3 shows that the daily log returns fluctuate around zero, indicating a more
stable mean. The series also displays periods of high and low fluctuations, suggesting
changes in market volatility over time. Figure 4 presents the ACF and PACF plots of the
log-return series, which are used to assess the presence of serial dependence.

Figure 4 presents the ACF and PACF plots of the daily log-return series. Most of
the lagged autocorrelations fall within the confidence intervals, indicating limited serial
dependence in the log returns. Table 2 presents the results of the ARCH-LM, Ljung–Box,
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and Jarque–Bera tests, which further assess volatility clustering, serial correlation, and the
normality of the log-return series.

Figure 3. Daily log returns of FTSE/JSE Top 40 closing stock prices.

Figure 4. ACF and PACF of the daily log returns.

Table 2 presents the diagnostic test results for the FTSE/JSE Top 40 log-return series.
The ARCH-LM test is significant χ2 = 1021.047, p < 0.001, indicating the presence of
ARCH effects and volatility clustering. The Ljung–Box test is also significant χ2 = 65.416,
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p < 0.001, indicating significant serial dependence in the returns. The Jarque–Bera test is
significant χ2 = 5577.582, p < 0.001, rejecting the assumption of normality and indicating non-
normal, heavy-tailed return behaviour. These findings motivate the use of models capable
of capturing volatility dynamics and nonlinear patterns in the FTSE/JSE Top 40 series.
Accordingly, the study compares traditional statistical models ARIMA and GARCH, deep
learning models TCN and GRU, and hybrid models ARIMA-TCN, ARIMA-GRU, GARCH-
TCN, and GARCH-GRU to identify the most effective approach for forecasting the South
African equity market.

Table 2. The results for ARCH LM, Ljung–Box and JB tests.

Test Chi-Squared p-Value

ARCH LM test 1021.0471 <0.0000

Ljung–Box test 65.4158 <0.0000

Jarque–Bera (JB) test 5577.5824 <0.0000

Table 3 presents the parameter estimates for the selected ARIMA(2, 1, 2) model fitted
to the log-return series of the FTSE/JSE Top 40 index. The optimal ARIMA specification
was identified using the auto.arima procedure, with model selection based on the AIC.
The procedure selected ARIMA(2, 1, 2) as the preferred specification. The estimated AR
and MA coefficients represent the temporal dependence captured in the log-return series.
The selected model was subsequently subjected to residual diagnostic tests to assess its
adequacy for forecasting.

Table 3. ARIMA model.

Model Order Estimates Standard Error AIC

ARIMA (2,1,2)

AR (1) −0.9454 0.0340

9071.954
AR (2) −0.0797 0.0130
MA (1) −0.1022 0.0450
MA (2) −0.8977 0.0440

Figure 5 presents the diagnostic checks for the ARIMA(2, 1, 2) model. The residual
time series fluctuates around zero, suggesting that the model adequately captures the
underlying trend and linear dependence in the data. However, several pronounced spikes
are observed, particularly towards the end of the sample, indicating the presence of extreme
observations or market shocks that are not fully explained by the model. The residual ACF
shows several autocorrelation coefficients outside the 95% confidence bounds, indicating
that some serial correlation remains in the residuals. Nevertheless, the residual distribution
departs noticeably from normality, with heavy tails and extreme observations, which are
common characteristics of financial time series. Overall, the diagnostics indicate that
the ARIMA(2, 1, 2 ) model captures a key component of the conditional mean, but some
dependence and large fluctuations remain. Consequently, the study employs the GARCH
model to investigate the conditional variance and capture the volatility dynamics inherent
in the FTSE/JSE Top 40 index, with the results presented in Table 4.

Table 4 presents the parameter estimates for the GARCH(2, 2) model fitted to the
daily log returns of the FTSE/JSE Top 40 index. GARCH specifications, including
GARCH(1, 1), GARCH(1, 2) and GARCH(2, 1), were also estimated and compared us-
ing the AIC. Based on the model comparison, the GARCH(2, 2) model was selected as the
preferred specification.
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Figure 5. Diagnostic checks for ARIMA (2, 1, 2) model.

Table 4. Results of the GARCH (2, 2) parameter estimates.

Parameters Estimate Std. Error t-Statistics p-Value

µ 0.0497 0.0174 2.8556 0.0043 **

ω 0.0615 0.0145 4.2334 0.0000 **

α1 0.0681 0.0189 3.5921 0.0003 **

α2 0.1044 0.0153 6.8056 0.0000 **

β1 0.0269 0.1429 0.1880 0.8508

β2 0.7526 0.1317 5.7128 0.0000 **

AIC 2.8999
Note: “**” denotes significant level at 0.05.

Table 4 further shows that the estimated ARCH coefficients α1 = 0.0681 and α2 = 0.1044)
are positive and statistically significant, indicating that recent market shocks significantly
influence current conditional volatility. The second-order GARCH coefficient β2 = 0.7526
is also positive and statistically significant, indicating substantial volatility persistence.
However, the first-order GARCH coefficient β1 = 0.0269 is not statistically significant.
The combined persistence parameter, α1 + α2 + β1 + β2 = 0.9520, is close to but below
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unity, suggesting that volatility shocks are highly persistent but gradually dissipate over
time. The model achieved an AIC value of 2.8999. Overall, the results indicate strong and
persistent volatility dynamics in the FTSE/JSE Top 40 index. The residual diagnostic results
of the fitted GARCH (2, 2) model is presented in Table 5 to assess whether the model has
adequately captured the remaining conditional heteroscedasticity.

Table 5. The results for robustness checks.

Test Chi-Squared p-Value

Heteroskedasticity Test (ARCH-LM Test) 10.9629 0.3604

Portmanteau Test (Ljung–Box Test for white noise of residuals) 23.4498 0.4364

Normality Test (Jarque–Bera Test) 155.0452 <0.0000

Table 5 presents the results of the residual diagnostic tests. The ARCH-LM test pro-
duced a chi-squared statistic of 10.9626 with a p-value of 0.3604, indicating no significant
remaining ARCH effects in the residuals. The Ljung–Box test yielded a chi-squared statistic
of 23.4498 with a p-value of 0.4364, suggesting that the residuals do not exhibit significant se-
rial correlation and can therefore be regarded as white noise. These results indicate that the
GARCH(2, 2) model adequately captures the volatility clustering and serial dependence in
the data. However, the Jarque–Bera test produced a chi-squared statistic of 155.0452 with a
p-value of <0.0000, rejecting the null hypothesis of normality. This indicates that the residu-
als remain non-normally distributed, reflecting the heavy-tailed characteristics and extreme
movements commonly observed in financial return data. Overall, the diagnostic results
support the adequacy of the GARCH(2, 2) model in capturing the volatility dynamics of
the FTSE/JSE Top 40 index. The results for the TCN model are presented in Figure 6 and
Table 6.

Figure 6. TCN rolling one-step-ahead forecast vs. actual FTSE/JSE Top 40 log returns.
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Table 6. TCN accuracy measures.

RMSE MSE MAE

1.1543 1.3324 0.8568

Figure 6 illustrates the rolling one-step-ahead forecasting performance of the TCN
model for the FTSE/JSE Top 40 log returns. The model uses 3 temporal convolutional
layers with 32, 64, and 32 filters, respectively, a kernel size of 3, and dilation factors of 1, 2,
and 4 to capture temporal dependencies across different time scales. Residual connections
are used between the temporal blocks, with a 10-day input window and a batch size of 32.
The model is trained for 50 epochs using the Adam optimiser with a learning rate of 0.001
and a dropout rate of 0.2.

As shown in Figure 6, the actual log returns exhibit substantial short-term fluctuations
and volatility throughout the test period, whereas the TCN forecasts remain close to zero
and display less variation. This indicates that the model captures the general central ten-
dency of the return series but has limited ability to reproduce the magnitude of individual
return movements and volatility spikes.

Table 6 presents the accuracy measures of the TCN model for forecasting the FTSE/JSE
Top 40 log returns. The model recorded an RMSE of 1.1543, an MSE of 1.3324, and an MAE
of 0.8568. These results indicate the forecasting error associated with the TCN model over
the test period, with the MAE showing that the average absolute forecasting error was
approximately 0.8568% in log-return terms. These findings are consistent with those of [11],
who reported that TCN models achieve high forecasting accuracy by effectively learning
long-range temporal dependencies while maintaining stable training performance. The
results for GRU are presented in Figure 7 and Table 7.

Figure 7. GRU rolling one-step-ahead forecast vs. actual FTSE/JSE Top 40 log returns.

Figure 7 illustrates the rolling one-step-ahead forecasting performance of the GRU
model for the FTSE/JSE Top 40 log returns. The GRU architecture consists of two recurrent
layers with 64 hidden units, designed to capture temporal dependencies in the return
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series. A 10-day input window and a batch size of 32 are used. The model is trained for
50 epochs using the Adam optimiser with a learning rate of 0.001 and a dropout rate of
0.2. Overall, the results indicate that the GRU provides limited forecasting accuracy for the
highly volatile FTSE/JSE Top 40 log returns.

Table 7. GRU accuracy measures.

RMSE MSE MAE

1.1900 1.1461 0.8978

Table 7 shows that the model achieved an MSE of 1.4161, RMSE of 1.1900, and MAE
of 0.8978 on the test set. The rolling one-step-ahead forecasts indicate that the GRU
captures some of the short-term temporal structure in the FTSE/JSE Top 40 log-return series;
however, the small variation in the predicted returns compared with the observed returns
suggests that the model has limited ability to capture the magnitude of larger movements.
Overall, the results indicate that the GRU provides limited forecasting accuracy for the
highly volatile FTSE/JSE Top 40 log returns. Figure 8 represents the actual vs. predicted
forecasts of the ARIMA and GARCH-based hybrid models.

Figure 8. The actual vs. predicted forecasts of the ARIMA and GARCH-based hybrid models.

Figure 8 presents the actual FTSE/JSE Top 40 log returns alongside the forecasts gen-
erated by the four hybrid models. The actual return series exhibits substantial volatility
and several pronounced positive and negative shocks, whereas the model forecasts remain
considerably smoother and are concentrated around the conditional mean of the return
process. This behaviour is consistent with the difficulty of predicting individual financial
return innovations, which are characterised by substantial noise and time-varying volatility.
Among the hybrid models, GARCH-GRU generally produces forecasts at a slightly higher
level than the other models, while GARCH-TCN displays a somewhat distinct forecast
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profile. However, the visual differences between the models are relatively small compared
with the magnitude of the realised returns. Therefore, the figure provides qualitative
evidence of forecast behaviour but does not, by itself, establish predictive superiority. Fore-
casting performance was assessed using two complementary approaches: benchmarking
against the Naïve model and formal statistical testing using the DM test. The Naïve model
served as the benchmark against which all competing forecasting models were evaluated,
providing a baseline for determining whether the models offered improvements over a
simple forecasting strategy.

Table 8 compares the forecasting performance of the competing models against the
Naïve benchmark using MSE, RMSE, and MAE. The Naïve benchmark, which uses the
previous observed log return as the one-step-ahead forecast, records an MSE of 2.6342,
RMSE of 1.6230, and MAE of 1.2351, providing a relatively demanding benchmark for
evaluating the forecasting models. All the competing models substantially improve upon
the Naïve benchmark across all three error measures. The GARCH-GRU model achieves the
best overall forecasting performance, recording the lowest MSE of 1.3216, RMSE of 1.1496,
and MAE of 0.8552, representing a substantial reduction in forecasting error relative to the
Naïve benchmark. The standalone GARCH model performs very similarly, with an MSE
of 1.3223, RMSE of 1.1499, and MAE of 0.8566, while the TCN records an MSE of 1.3324,
RMSE of 1.1543, and MAE of 0.8568. The ARIMA-TCN and ARIMA-GRU models also
outperform the Naïve benchmark, with MSE values of 1.3509 and 1.3589, respectively. The
standalone ARIMA model records an MSE of 1.3652, RMSE of 1.1684, and MAE of 0.8691,
whereas the GRU records an MSE of 1.4161, RMSE of 1.1900, and MAE of 0.8978. The
GARCH-TCN model records the highest error among the competing models, with an MSE
of 1.5016, RMSE of 1.2254, and MAE of 0.9231, although it still substantially outperforms
the Naïve benchmark.

Table 8. Forecasting performance of the competing models against the Naïve benchmark.

Models MSE RMSE MAE

Nave 2.6342 1.6230 1.2351

ARIMA (2, 1, 2) 1.3652 1.1684 0.8691

GARCH (2, 2) 1.3223 1.1499 0.8566

TCN 1.3324 1.1543 0.8568

GRU 1.4161 1.1900 0.8978

ARIMA-TCN 1.3509 1.1623 0.8670

GARCH-GRU 1.3216 1.1496 0.8552

ARIMA-GRU 1.3589 1.1657 0.8663

GARCH-TCN 1.5016 1.2254 0.9231

Overall, the results demonstrate that incorporating time-series dynamics and volatility
information provides considerably greater predictive accuracy than simply using the
previous observed return. In particular, the superior performance of GARCH-GRU suggests
that combining conditional volatility modelling with the GRU’s ability to capture nonlinear
temporal dependencies provides an effective approach for forecasting FTSE/JSE Top 40
log returns. The superior performance of the GARCH-GRU model is consistent with
the findings of [11], who reported that hybrid GARCH-deep learning models outperform
standalone statistical and deep learning approaches in forecasting stock prices by effectively
capturing both volatility persistence and nonlinear market behaviour. Similarly, ref. [13]
found that hybrid statistical–deep learning models generate more accurate and robust
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forecasts than individual modelling approaches because they simultaneously account for
conditional heteroscedasticity and complex temporal dependencies. Table 9 present the
results for GARCH-GRU vs. GARCH(2, 2) using the DM test.

Table 9. DM test results.

Models DM Statistic p-Value

GARCH − GRU vs. GARCH(2, 2) 0.9495 0.3424

The DM test produced a DM statistic of 0.9495 and a p-value of 0.3424. Since the
p-value is greater than the significance level 0.05, the null hypothesis of equal predictive
accuracy is not rejected. Therefore, although the forecasting results may show that GARCH-
GRU performs better than GARCH(2, 2) in terms of MSE, RMSE, or MAE, the difference
is not statistically significant according to the DM test. In other words, the results do
not provide sufficient statistical evidence to conclude that GARCH-GRU has superior
predictive accuracy to GARCH(2, 2). The observed improvement in the point forecast
metrics may therefore reflect sampling variation rather than a statistically reliable difference
in forecasting performance.

5. Conclusions and Recommendations
This study evaluated the forecasting performance of traditional econometric models,

deep learning models, and hybrid forecasting frameworks for the FTSE/JSE Top 40 index.
Specifically, the study compared ARIMA and GARCH models with TCN and GRU archi-
tectures, together with four hybrid models: ARIMA-TCN, ARIMA-GRU, GARCH-TCN,
and GARCH-GRU. The objective was to determine whether combining traditional statis-
tical modelling with deep learning techniques could improve out-of-sample forecasting
accuracy in the South African equity market. The empirical results showed that model
performance differs across the forecasting approaches, with the hybrid models producing
competitive results relative to the standalone models. The ARIMA and GARCH models
provided a statistical representation of the dependence and volatility characteristics of the
return series, while the TCN and GRU models are designed to capture nonlinear temporal
relationships. Among the standalone deep learning models, the TCN produced lower
MSE, RMSE, and MAE than the GRU, indicating stronger forecasting performance for the
test-period log returns. Nevertheless, the GRU remained competitive, particularly when
combined with GARCH volatility information. This is consistent with [6,7], who found that
TCN-based architectures can provide an effective balance between predictive performance
and computational efficiency in financial time-series forecasting.

The hybrid results provide further evidence that combining complementary mod-
elling approaches can provide competitive forecasting performance. The GARCH-GRU
model recorded an MSE of 1.3216, RMSE of 1.1496, and MAE of 0.8552, while the stan-
dalone GARCH (2, 2) model produced very similar values of 1.3223, 1.1499, and 0.8566,
respectively. The small differences between the two models indicate that their forecasting
performance is very similar based on the point forecast measures. Although the GARCH-
GRU model records marginally lower errors, the results do not indicate a meaningful
forecasting advantage over GARCH (2, 2). The performance of these models highlights
the relevance of incorporating volatility information when forecasting financial return
dynamics. This finding is supported by [11], who demonstrated the value of combining
GARCH-based volatility modelling with deep learning techniques. The findings are also
consistent with [5,10,12], who reported that integrating traditional statistical models with
deep learning architectures can exploit the complementary strengths of statistical and
nonlinear forecasting methods.
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The comparison with the Naïve benchmark provides further evidence of the value
of the forecasting approaches considered in this study. The Naïve benchmark recorded
an MSE of 2.6342, RMSE of 1.6230, and MAE of 1.2351, which were substantially higher
than those of all the competing models. This indicates that all the models considered in the
study provide considerably greater forecasting accuracy than simply using the previous
observed log return as the one-step-ahead forecast. The results therefore demonstrate that
incorporating time-series dependence, volatility dynamics, and nonlinear relationships
provides a substantial improvement over the Naïve forecasting approach. In particular,
the close performance of GARCH-GRU and GARCH (2, 2), combined with their substan-
tial improvement over the Naïve benchmark, suggests that volatility-based modelling is
particularly relevant for forecasting FTSE/JSE Top 40 log returns.

The DM test revealed that there is no statistically significant difference in predictive
accuracy between GARCH-GRU and GARCH (2, 2). The small differences observed in
their MSE, RMSE, and MAE values should consequently not be interpreted as evidence
that one model is statistically superior to the other. Instead, the findings indicate that
GARCH-GRU and GARCH (2, 2) provide statistically comparable forecasting performance
for the FTSE/JSE Top 40 log returns.

The results also highlight that hybridisation does not automatically guarantee im-
proved forecasting performance. For example, the GARCH-TCN model recorded the
highest MSE RMSE and MAE among the competing models, whereas GARCH-GRU and
GARCH (2, 2) produced substantially lower errors. Similarly, the ARIMA-based hybrid
models did not consistently outperform their standalone counterparts. These findings
indicate that the effectiveness of a hybrid framework depends not only on the inclusion of
statistical information, but also on how that information interacts with the underlying neu-
ral network architecture. Thus, the results provide a more nuanced assessment of hybrid
forecasting rather than if greater model complexity necessarily produces superior forecasts.

The performance of the GARCH-based models further highlights the relevance of
volatility dynamics in financial forecasting. Financial return series commonly exhibit
volatility clustering and time-varying variance, which may not be fully captured by models
focused solely on temporal or nonlinear relationships. Incorporating GARCH-generated
volatility information provides an additional representation of these characteristics, while
the neural network component can model more complex temporal relationships. The com-
parable performance of GARCH-GRU and GARCH (2, 2), together with their substantial
improvement over the Naïve benchmark, suggests that modelling conditional volatility
provides an important contribution to forecasting performance. This finding is consistent
with [13], who emphasised the potential of hybrid statistical–deep learning models to
provide robust forecasting frameworks, and with [4], who argued that hybrid approaches
can benefit from combining complementary modelling paradigms.

This study contributes to the financial forecasting literature in three main respects.
First, it provides a comparative evaluation of traditional statistical, deep learning, and
hybrid forecasting models using data from the South African equity market. Second, it
extends the application of hybrid statistical–deep learning approaches to an emerging
African market, where empirical evidence remains comparatively limited. Third, the
study provides a systematic comparison based on out-of-sample MSE, RMSE, and MAE,
supplemented by the DM test, allowing forecasting performance to be assessed using both
error-based and statistical measures.

The findings also have practical implications for financial forecasting and decision
support. The results demonstrate that the forecasting models considered in this study
provide substantial improvements over the Naïve benchmark. In particular, the compa-
rable performance of GARCH-GRU and GARCH (2, 2) suggests that both approaches
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can provide useful forecasts of FTSE/JSE Top 40 log returns. Importantly, the DM test
indicates that the additional complexity of the GARCH-GRU framework does not produce
a statistically significant improvement over the standalone GARCH (2, 2) model. This
highlights the importance of considering statistical significance alongside conventional
forecasting error measures when selecting forecasting models. Such forecasts may support
portfolio management, risk assessment, and investment decision-making. However, the
results should not be interpreted as implying that one model will always be superior under
all market conditions. Forecasting performance may vary across market regimes, datasets,
forecasting horizons, and asset classes. Several limitations should also be acknowledged.
The analysis focuses on the FTSE/JSE Top 40 index and primarily uses historical market
information. Variables such as macroeconomic conditions, investor sentiment, trading
volume, and firm-specific information are therefore not explicitly incorporated. In addition,
although several statistical, deep learning, and hybrid architectures were considered, more
recent attention-based and Transformer-based approaches were outside the scope of the
present study.

Future research could extend the framework by incorporating macroeconomic indi-
cators, technical indicators, news sentiment, trading information, and other alternative
data sources. Attention-based and Transformer architectures could also be investigated to
determine whether they provide additional forecasting benefits [15,16]. Further compar-
isons across different African and international equity markets would provide additional
evidence regarding the robustness and generalisability of the findings.

Overall, the findings indicate that the forecasting models considered in this study sub-
stantially outperform the Naïve benchmark, demonstrating the value of incorporating time-
series and volatility dynamics when forecasting FTSE/JSE Top 40 log returns. Although
GARCH-GRU records slightly lower MSE, RMSE, and MAE values than GARCH (2, 2),
the DM test indicates that this difference is not statistically significant. Therefore, GARCH-
GRU and GARCH (2, 2) should be regarded as having statistically comparable forecasting
performance rather than one being superior to the other. The findings consequently sug-
gest that volatility-based approaches provide competitive forecasting performance, while
the lack of a significant difference between the GARCH-GRU and GARCH (2, 2) models
demonstrate that increased model complexity does not necessarily translate into statistically
significant forecasting improvements.
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ARIMA Autoregressive Integrated Moving Average
BiLSTM Bidirectional LSTM
DM Diebold–Mariano
EDA Exploratory data analysis
GARCH Generalised Autoregressive Conditional Heteroskedasticity
LSTM Long Short-Term Memory
GRU Gated Recurrent Unit
MA Moving Average
MAE Mean Absolute Error
ML Machine Learning
MLE Maximum Likelihood Estimation
MSE Mean Squared Error
PACF Partial Autocorrelation Function
RMSE Root Mean Squared Error
RNN Recurrent Neural Network
TCN Temporal Convolutional Network
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