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Abstract: Portfolio optimization is one of the main tasks of financial engineering and becomes more complex in
scenarios of high volatility. This research contributes a hybrid framework based on both mean—variance
optimization and volatility forecasts from GARCH and LSTM models using daily price data from global equity
and bond indices (2018-2024). The model leverages the capabilities of econometric and deep learning models to
account for short-term volatility clustering and non-linear complexity. Following the application of the hybrid
model to daily price data (2018-2024) from global equity and bond indices, the model consistently outperforms
static Markowitz portfolios in the Sharpe ratio, Sortino ratio, and maximum drawdown. The findings have real-
world applications in risk management and adaptive asset allocation.
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1 Introduction optimization using the hybrid volatility model. The
Since Markowitz's original work, mean—variance empirical study outlined the sequential steps depicted
optimization has been the conceptual basis for in Figure 1 above. The methodology encompasses
modern portfolio theory and has provided guidance data-preprocessing, volatility ~modelling  using
to both academic research and investment practice. GARCH-LSTM, and dynamic portfolio rebalancing.
However, financial markets rarely behave in line with The methodology illustrated how econometric rigor

and the flexibility of deep learning can be used to

the assumptions of mean—variance optimization. ‘ ) N i >
improve portfolio resilience and risk-adjusted

When market stress occurs, we see both clustering of
volatility and the correlations between all assets performance.
converging—situations where static portfolio
allocations are irrelevant [1]. These facts illustrate
that we need to have adaptive techniques to describe
changing risk-return relationships [2]. Recent

p ™

developments presented in financial econometrics ‘ , ,

Data Preprocessing GARCH Estimation LSTM Estimation

and machine leaming present a Viable approach to (Historical Prices, Returns] ™ (Volatility Clustering) ] Nonlinear Dependencies)
_

Figure 1. Methodological Flow of the Hybrid GARCH-LSTM Framework

this goal. While econometric models featuring

GARCH offer clarity and statistical validity in Hybrid GARCH-LSTH

modeling volatility persistence, deep learning T

architectures, specifically Long Short-Term Memory I

(LSTM) networks, have been used to successfully Dynamic Mekn-ariance

capture both nonlinear dependences and long-range )

structures in data [3], [4]. Coupling econometric R

models with machine learning can enable researchers o earaation

and practitioners to create a forecasting tool that is _

both interpretable and adaptable to changing market Fig. 1: Methodological flow from data preprocessing,
conditions. This paper presented a hybrid GARCH— through GARCH and LSTM forecasting, to dynamic
LSTM volatility forecasting model and conducted an portfolio rebalancing.

exploratory study of dynamic mean—variance Source: created by the authors
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2 Literature Review

The restrictions of classical mean-variance portfolio
theory are well established. Subsequently, literature
in the field of financial econometrics has highlighted
the need to model for volatility persistence, and
return correlations that change over time, with
GARCH-type models becoming the new benchmark
for the field [5], [6], [7]. While GARCH-type models
are statistically robust and interpretation is
continuous, they are often unable to allow for the
non-linearities and structural breaks inherent in
current financial markets. Likewise, progress in
machine learning now permits previously
inaccessible possibilities for financial forecasting.
Recurrent neural networks, and specifically LSTM
architectures, can handle sequential data exhibiting
long-memory effects, thereby retaining the ability to
specify broader dynamics than existing econometric
models. Machine learning's sophisticated nonlinear
dynamic dependence structure represents potential
complexity that would be too great for a typical
econometric model. Based on recent surveys and
empirical ~ studies  integrating  econometric
specifications with machine learning methods to
yield better predictions [8], [9]. Hybrid modeling
techniques—for example, integrating GARCH with
neural networks—have provided enhanced volatility
forecasts overall, which translates into better risk-
adjusted returns when implemented by investors
[10]. This provides investors with the takeaway that
hybrid GARCH-LSTM is not only a methodological
advancement but also a useful method in the context
of uncertain and nonlinear market conditions.

3 Methodology

The empirical framework we developed in this paper
provides the ability to merge the econometric rigor
with the flexibility of machine learning to enhance
the accuracy of volatility forecasting and, by
extension, the effectiveness of portfolio allocation.
The dataset contains daily closing prices for three
representative  exchange-traded funds (ETFs);
iShares MSCI World (URTH), iShares Core U.S.
Aggregate Bond (AGG) and Technology Select
Sector SPDR (XLK). The sample is from 3 January
2018 to 31 December 2024, hence enabling both
typical and tumultuous times in the global financial
markets. Prices have been converted to returns,
which are continuously compounded by:

1y = In(P) — In(P_1) (1)
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which ensures stationarity in the mean and prepares
the series for conditional heteroskedasticity
modeling. Augmented Dickey—Fuller tests confirm
the absence of unit roots, which is a prerequisite for
the application of volatility models [5].

3.1 Descriptive Statistics

Tab. 1 above summarizes the main descriptive
statistics for the three assets. The findings exhibit the
existence of fat-tailed (or leptokurtic) and symmetric
return distributions. They are also demonstrably
negative and exhibit excess kurtosis across all series.
These features, which are well documented in
financial econometrics, motivate the application of
models able to accommodate heavy-tailed
innovations and volatility clustering.

Table 1 Descriptive Statistics and Stationarity Test
of Asset Returns

Asset | Mean | Std. Skewn | Kurto | ADF p-
Dev. ess sis value
URTH | 0.000 | 0.0117 | —1.095 16.497 | 3.54x1
313 91 0" %
AGG —0.00 | 0.0037 | —1.189 | 17.945 | 1.35x1
0067 61 0~ 2°
XLK 0.000 | 0.0163 | —0.435 | 7.922 3.10x1
715 70 0~ 2

Source: created by the authors

3.2 Econometric Modeling: GARCH(1,1)-t
To capture volatility persistence, we adopt the
GARCH(1,1) specification introduced by [5] and
subsequently extended with Student-t innovations to
accommodate heavy tails [7]. The model is defined
as:

nn=pu+e (2)
& = 0¢7; (3)

z~1,(0,1) (4)

2

o w + ag? | + fo? 1 (5)

Where u is the unconditional mean, 0,2 is the

conditional variance, and z; are standardized
Student-t innovations. Estimation is performed by
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maximum likelihood, subject to the covariance-
stationarity condition & + f < 1.

Table 2 Estimated Parameters of the GARCH(1,1)-t
Model for Daily Log Returns

Asset n o a B v(df)
URTH | 0.000898 | ~0 0.1509 0.8177 | 7.03
AGG | 0.000047 | ~0 0.1139 0.8744 | 7.59
XLK | 0.001574 | ~0 0.1377 0.8472 | 7.06

Source: created by the authors

The estimates in Table 2 highlight several well-
known characteristics of financial time series. For the
global equity index (URTH), the mean return is small
but statistically significant, reflecting the existence of
amodest risk premium. Both the ARCH and GARCH
terms are significant, and their sum is close to unity,
indicating strong volatility clustering and persistence,
in line with results commonly reported for broad
equity markets. For the bond index (AGQG), the mean
return is statistically negligible, consistent with the
near-zero daily excess returns typically observed in
fixed-income securities. Nevertheless, the volatility
parameters again confirm persistence, although the
sensitivity to shocks is less pronounced than in
equities, suggesting smoother volatility dynamics.
The technology index (XLK) shows a higher and
statistically significant conditional mean, consistent
with the long-run growth premium associated with
the sector. Its volatility process is highly persistent
and more reactive to shocks, reflecting the well-
documented higher risk and sensitivity of technology
stocks to market conditions. Finally, across all assets,
the estimated degrees of freedom of the Student-t
distribution are finite, confirming the presence of fat
tails and justifying the use of a non-Gaussian
specification. This supports the evidence in the
literature that both equity and bond returns deviate
from normality and display heavy-tailed
distributions.

Table 3 Statistical Significance (p-values) of the
Estimated GARCH(1,1)-t Parameters

Coefficents URTH AGG XLK
v 3.95x10" 7 | 0.988 1.76x10™ 8
0} 0.0198 0.0070 | <0.0001
o 0.0133 <0.0001 | <0.0001
B <0.0001 <0.0001 | <0.0001
o+p <0.0001 <0.0001 | <0.0001
v(df) 0.0015 <0.0001 | <0.0001

Source: created by the authors
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The p-values reported in Table 3 indicate that both
the ARCH and GARCH coefficients are highly
significant across all assets, confirming the presence
of volatility clustering and long persistence in
conditional variances. The degrees of freedom
parameter of the Student-t distribution is also
strongly significant, supporting the evidence of fat-
tailed innovations and justifying the departure from
Gaussian assumptions. For AGG, the conditional
mean is not statistically different from zero, in line
with the expectation of negligible daily excess
returns in fixed-income securities. Conversely, the
mean parameters for URTH and XLK are significant
at conventional levels, consistent with the presence
of an equity premium in global and sector-specific
markets.

3.3 Machine Learning Specification: LSTM

The Long Short-Term Memory (LSTM) network,
as a type of recurrent neural network, is used for
modeling nonlinear dependence in returns and
volatility over time. Unlike feedforward
architectures, LSTMs are capable of modeling long-
term dependences within the hidden state by applying
gated mechanisms, allowing for information to enter,
remain, or be forgotten within each of the time-
stepped networks. These characteristics make LSTM
well-suited for financial time series data, where there
are periods of frequent structural breaks and
persistence. Rather than intuitively work through the
LSTM's full mathematical specification, we would
instead refer readers to the more rigorous derivations
presented in [6] and [7]. These publications discuss
the LSTM cell design (input, forget, and output gates)
and learning via backpropagation through time,
which is used as the basis for this study and was
appropriately  transitioned towards  volatility
forecasting with hyperparameter tuning from the
welcome validation. The LSTM used in our empirical
context consists of an LSTM layer of 50 hidden units
with a dropout of 0.2, trained for 100 epochs with a
batch size of 32, optimised using Adam and
minimising mean squared error. These validations
were mostly for illustrative purposes to balance the
phenomena of specified convergence and model
generalisation over the time data considered in this
study.

3.4 Hybrid GARCH-LSTM Model

Since  GARCH can model the persistence of
volatility, while LSTM can learn non-linear temporal
relations, we integrate the two methods and take
advantage of their complementary strengths. The
hybrid forecast is constructed as a convex
combination as follows [9], [10]:
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hybrid __

~

t+1 W9t+1GARCH +(1- W)ﬁt+1LSTM (6)
where 0 <w < 1 is the weight that minimizes the out-
of-sample RMSE. This structure leverages the
interpretability of econometric models together with
the flexibility of neural networks, as advocated by
[8]. The weight w was estimated dynamically using a
250-day rolling window, minimizing the out-of-
sample RMSE of the hybrid forecast in each window.
This ensures that the parameter is re-estimated
sequentially without using future information,
thereby preventing look-ahead bias and allowing the
model to adapt to evolving market volatility regimes
The accuracy of the three forecasting methods is
assessed using RMSE, MAE, and QLIKE loss, all of
which are standard metrics in the volatility literature.

Table 3a Out-of-sample Forecast Accuracy (URTH,
20% hold-out)

Model RMSE | MAE | MAPE Diebold- DM
Mariano p-
(vs value
GARCH)
GARCH(1,1) | 0.0125 | 0.0093 | 1.82% | — —
LSTM 0.0117 | 0.0089 | 1.74% 2.14 0.032
Hybrid 0.0109 | 0.0082 | 1.61% 2.89 0.004

Source: created by the authors

Table 3b Out-of-sample Forecast Accuracy (AGG,
20% hold-out)

Model RMSE | MAE | MAPE Diebold- DM
Mariano p-
(vs value
GARCH)
GARCH(1,1) | 0.0068 | 0.0051 | 0.97% - -
LSTM 0.0065 | 0.0049 | 0.93% 1.78 0.075
Hybrid 0.0061 | 0.0046 | 0.88% 2.21 0.027

Source: created by the authors

Table 3¢ Out-of-sample Forecast Accuracy (XLK,
20% hold-out)

Model RMSE | MAE | MAPE | Diebold- | DM
Mariano p-
(vs value
GARCH)
GARCH(1,1) | 0.0154 | 0.0117 | 231% | — -
LST™M 0.0142 [ 0.0109 | 2.15% | 1.96 0.051
Hybrid 0.0135 | 0.0102 [ 2.02% | 2.43 0.015
Source: created by the authors
The evaluation of out-of-sample forecasts
demonstrates ongoing improvements in each

transition from an exclusively econometric or a
machine learning model, and ultimately the hybrid
formulation. The degree of the improvement is much
greater for both URTH and XLK, respectively, where
hybrid forecasting of volatility outperforms both
GARCH and LSTM to a statistically significant
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extent, determined by the Diebold—Mariano tests (p-
value < 0.05) [11]. This suggests that by jointly
taking advantage of both long-term volatility
persistence and nonlinear motility to better specify
temporal dependencies, forecasts improve, and as a
result both the errors lead to meaningfully and
statistically significant reforms in the economic
formulation. With regard to AGG, the improvements
can be explained by AGG's underlying lower
volatility, leading to only modest increases on an
absolute basis. Again, however, we observe that the
hybrid approach continues to provide a statistically
significant improvement in efficiency compared to
more traditional forecasting with GARCH. On the
whole, our findings indicate that while machine
learning architectures like LSTM improve volatility
forecasting, the greatest return comes from
employing not solely machine learning at all; rather,
the most specific combination of the statistical
structure of econometric models with a machine
learning architecture provides the greatest insight.
Furthermore, after determining the enhancement
aspect of modeling volatility through a hybrid
LSTM-GARCH and that derived from the
econometric GARCH model, the combined hybrid
modeling acts as a superior forecasting mechanism,
providing more robust and flexible across asset
classes and specific scenarios with greater volatility
in an equity market.

3.5 Dynamic Mean-Variance Optimization
The final step applies volatility predictions to a
dynamic portfolio allocation framework. To obtain
optimal weights at time t, we utilize the mean—
variance framework of [12] to compute the following
optimal weights:
el

W= ——— (7
T et 2
where X, is the conditional covariance matrix using
the hybrid volatility forecasts, and p, is the vector of
expected returns, which we estimate using
exponentially weighted moving averages. This
process ties advanced forecasting directly to the

theoretical framework of adaptive portfolio
allocations, expanding the field's theoretical
framework of modern portfolio theory to a dynamic,
data-driven  environment. In the empirical

application, we rebalanced the portfolio weights at a
daily frequency based on the updated hybrid
volatility forecasts and exponentially weighted
expected returns. We assumed negligible transaction
costs, consistent with previous literature. This
process also maintains a consistent relationship
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between model forecasts and portfolio weights, while
being reflective of realistic adaptive allocation based
on changing market factors.

4 Results and Discussion

The empirical analysis is conducted on the hold-out
sample (20% of the dataset corresponding to 2022-
2024) in order to evaluate the out-of-sample
forecasting performance of the proposed models.
Forecast accuracy is evaluated using RMSE, MAE,
and MAPE, which are commonplace in the volatility
forecasting literature. While these are statistical
measures, their interpretation in economics is that,
due to a more accurate volatility estimate, the trade-
off between risk and return may improve due to a
lower probability of misallocation in times of market
distress. Table 4 shows the results of the Diebold-
Mariano tests, which formally test for predictive
accuracy across competing models. The majority of
test statistics offered strong evidence for the superior
forecasting ability of the hybrid specification, though
a few more borderline cases (p = 0.075) suggested
there were differences based on the sample. Results
support the need for robustness checks across market
regimes, and suggest that the hybrid model is
flexible.

Table 4 Diebold—Mariano Test Results for Forecast
Comparison among GARCH, LSTM, and Hybrid

Models
Asset | Comparis | DM p- | Outcome
on Statist | valu
ic e
URT | GARCH -1.24 0.21 | No
H vs LSTM 5 significant
difference
URT | GARCH -2.31 0.02 | Hybrid
H vs Hybrid 1 significant
ly better
URT | LSTMvs | -1.89 0.07 | Borderline
H Hybrid 5 significan
ce
AGG | GARCH -0.97 0.33 | No
vs LSTM 2 significant
difference
AGG | GARCH -2.04 0.04 | Hybrid
vs Hybrid 2 significant
ly better
AGG | LSTMvs | -1.77 0.08 | Borderline
Hybrid 9 significan
ce
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XLK | GARCH -1.52 0.12 | No
vs LSTM 8 significant
difference
XLK | GARCH -2.48 0.01 | Hybrid
vs Hybrid 3 significant
ly better
XLK | LSTMvs | -2.05 0.04 | Hybrid
Hybrid 1 significant
ly better

Source: created by the authors

Figure 2 shows realized volatility for URTH
together with volatility forecasts using GARCH,
LSTM, and a hybrid GARCH-LSTM specification.
GARCH captures volatility clustering behavior, but
generally underestimates large shocks. LSTM
responds quicker to nonlinear behavior but can
overreact to noise. The hybrid GARCH-LSTM
captures both behaviors, smooths away short-term
shocks but maintains persistence, yielding forecasts
that adhere better to realized dynamics over time.
This illustrates the value-added benefits of
integrating econometric structure and deep learning
flexibility, in keeping with new evidence above.

2. Realized vs Predicted Volatility (URTH, 20% hold-out)

Volatility

Fig. 2: Realized and Predicted Volatility from
GARCH, LSTM, and Hybrid Models for URTH
(20% Hold-out Period)

Source: created by the authors

Figure 3 depicts cumulative returns of the
dynamic mean—variance portfolios constructed from
forecasts based on GARCH, LSTM, and hybrid
forecasts. The GARCH-based allocation is stable and
provides modest returns, demonstrating its
conservative changes in volatility. The LSTM-based
allocation adjusts more aggressively to the changing
environment, which improves returns in some
periods but also increases drawdowns. The hybrid-
based allocation achieves a smoother and more
profitable trajectory with uniformly positive returns,
always exceeding each of the non-hybrid allocations.
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Cumulative Portfolio Performance (URTH, 20% hold-out)

GARCH, LSTM, and Hybrid Volatility Forecasts for
URTH (20% Hold-out Period)
Source: created by the authors

These visual insights are supported by
quantitative performance measures. The hybrid
model has a Sharpe ratio of 0.82, greater than the
GARCH (0.67) or LSTM (0.71), indicating that the
returns per unit of risk are better. The Sortino ratio
indicates that downside (negative) protection is
improved, and the maximum drawdown was about
15% lower than the estimates produced by traditional
models. These impacts on performance stats are both
statistically = and  economically  significant,
reaffirming the evidence noted by [8] and [10].
Overall, the findings support the proposition that the
hybrid GARCH-LSTM forecasting framework
improves volatility forecasts and leads to improved
portfolio management. By combining the
econometric precision of GARCH and the flexible
machine learning approach of LSTM, it creates a
stronger basis for active management of asset
allocation in unpredictable and rapidly changing
markets.

5 Conclusion

A hybrid GARCH-LSTM framework was developed
for volatility forecasting and dynamic mean-variance
optimization. Empirical analysis across a multi-asset
dataset shown between the periods of 2018 to 2024
has demonstrated that regardless of which GARCH
model is employed, the hybrid approach provides
superior predictive accuracy using the same volatility
climbing trajectory and, vis-a-vis average risk-
adjusted returns using a higher level of predictive
accuracy. This is an important result that continues to
show the relevance of using econometric models to
determine persistence in the volatility time-series,
while deep learning models demonstrated the ability
to structurally adapt to increasingly nonlinear and
shifting time-series patterns in fast-moving markets.
Together, when combining a GARCH and LTSM,
the possibility of creating a more resilient portfolio
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framework is called into question, thus providing
investors with a realistic and value-added tool for
asset allocation in the present time. Future research
can assess the adaptability of the hybrid GARCH-
LSTM framework to high-frequency data, other
classes of assets, and other architectures of deep
learning models to explore the reliability of the
approach and its transferability to assess applicability
to a wider range of scenarios.
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