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Abstract

Since its launch in 2009, the ChiNext Board has become a vital financing platform for high-growth small
and medium-sized enterprises. The E Fund ChiNext ETF (159915), with its excellent liquidity, extremely
low trading slippage, and complete data series, has become a core tool for investors participating in the
ChiNext market. Accurate prediction of price volatility in this ETF carries considerable weight for short-
term risk management and trading strategy refinement. Prior work has mostly relied on conventional
time-series models or single deep learning structures to capture volatility, leaving the potential of hybrid
deep learning approaches for such assets underexplored. To fill this gap, the present study develops a
CNN-LSTM hybrid model: a convolutional neural network first extracts local temporal patterns, after
which a long short-term memory network handles longer-range dependencies. Daily closing prices of
the E Fund ChiNext ETF serve as the lone input, with the 5-day rolling annualized realized volatility
designated as the target. Comparisons are drawn against the LSTM-Attention model, the ARIMA(1,1,1)
model, and the GARCH(1,1) model. On three core accuracy metrics—root mean square error, mean
absolute error, and mean absolute percentage error—the CNN-LSTM model outperforms all benchmarks
by a clear margin. It also exhibits noticeably higher directional prediction accuracy, confirming that the
hybrid architecture effectively grasps the intricate dynamics of financial time series. The central
contribution of this work is the demonstration that a CNN-LSTM model relying solely on price sequences
is both applicable and superior for forecasting ChiNext ETF volatility. This offers market participants a
short-term risk monitoring tool that demands minimal data and is straightforward to implement, while
simultaneously providing empirical guidance for model selection in analogous financial time-series
forecasting tasks.
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1. Introduction

The launch of the Shenzhen Stock Exchange's ChiNext Board pushed China's multi-tiered capital market
into a new phase. The board targets small and medium-sized enterprises with high-risk, high-return
profiles, and its growth potential makes it a meaningful part of the broader market. The ChiNext Index,
as the sector's benchmark, tracks the price movements of these innovative SMEs. The E Fund ChiNext
ETF (159915), a passive fund indexed to this benchmark, has become a common entry point for investors,
thanks to its liquidity, low slippage, and clean data history.

Forecasting the volatility of the ChiNext Index matters for both practitioners and regulators. Investors
rely on such forecasts to build hedging strategies and adjust positions; regulators watch volatility to guard
against systemic risk. Volatility is central to asset pricing, derivatives valuation, VaR calculations, and
portfolio decisions. But the ChiNext market is heavily retail-driven, speculative, and sentiment-prone.
The resulting price series are nonlinear, non-stationary, and highly erratic. Traditional tools like GARCH-
family models struggle under these conditions.

Deep learning has changed how researchers approach financial time series. LSTM networks, through
their gating mechanisms, handle long-range dependencies reasonably well and have been used
extensively in price and volatility prediction. CNNs, in contrast, pick up local patterns directly from raw
sequences. The CNN-LSTM hybrid brings together both capabilities—local extraction and global
modeling—and often beats either method alone. Some earlier work has applied machine learning
ensembles to the ChiNext Index and confirmed the usefulness of deep learning. But systematic studies
on volatility prediction for this index are thin. Parameter sensitivity of the CNN-LSTM setup and its edge
over older models have not been rigorously tested.

Let me spell out exactly how we approached this.

We took daily data from the E Fund ChiNext ETF (159915)—closing prices plus a handful of derived
technical indicators—fed them into a CNN-LSTM model, and set the target as the 5-day rolling
annualized realized volatility. Nothing fancy on the input side. No macro variables, no sentiment scores,
no order book data. Just prices and a few simple transforms. The question was whether a lightweight
model, trained on minimal features, could produce usable volatility forecasts for this notoriously noisy
market.

The analysis rests on three comparisons. First, we matched the CNN-LSTM against an LSTM-Attention
model. The idea was to isolate what the convolutional layers contribute. Both models share the same
LSTM backbone—64 hidden units, single layer, unidirectional—so any performance gap can be
attributed to the CNN module or the attention mechanism. Second, we brought in ARIMA(1,1,1) and
GARCH(1,1) as traditional baselines. These are the workhorses of econometric volatility forecasting,
and pitting them against deep learning gives a sense of how much the nonlinear modeling buys you.
Third, beyond the aggregate metrics, we looked closely at how the CNN-LSTM behaves under different
volatility regimes—high versus low, trending versus mean-reverting—to understand where it works and

where it stumbles.
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Now, what did we find? I will break it into three parts.

First, the CNN-LSTM extends the reach of deep learning into ChiNext volatility forecasting. That may
sound obvious in hindsight, but it was not a foregone conclusion. The ChiNext market is dominated by
retail investors, prone to sentiment swings, and subject to sudden policy shocks. Many researchers
assume you need exotic features or complex architectures to get anywhere with this data. Our results
suggest otherwise. A straightforward CNN-LSTM, trained on nothing but closing prices and a few
technical indicators, produces forecasts that beat both attention-augmented LSTMs and traditional
econometric models. That is a useful finding for practitioners who want a quick, deployable solution
without building a massive data pipeline.

Second, the systematic comparison sheds light on how the hybrid architecture actually works. The CNN
module picks up local patterns—short-term reversals, momentum shifts, support breaks—that the LSTM
alone might miss or dilute. The LSTM, in turn, stitches these local features into a coherent picture of
longer-term dependencies. So the two components play complementary roles. The CNN sharpens the
model's view of near-term dynamics; the LSTM prevents it from overreacting to transient noise. This
division of labor is not always obvious from aggregate metrics alone. You have to dig into the regime-
specific performance to see it. For example, during high-volatility periods, the CNN-LSTM's advantage
over LSTM-Attention is largest, presumably because the convolutional layers are better at detecting the
onset of turbulent moves. During quiet periods, the gap narrows, and sometimes reverses on MAPE,
because the attention mechanism handles small fluctuations more gracefully. Understanding these
nuances helps guide model choices in similar tasks. If your data is dominated by sharp, frequent regime
changes, lean into the CNN. If it is mostly low-volatility with occasional spikes, consider attention or a
hybrid of both.

Third, the practical takeaway is that investors and regulators now have a lightweight, data-driven tool for
short-term risk monitoring. Lightweight is key here. The model has about 21,000 parameters—small
enough to train on a laptop in minutes. It requires only publicly available price data. No proprietary feeds,
no complex infrastructure, no team of quants to maintain it. That lowers the barrier to entry for smaller
firms and individual investors who want to incorporate volatility forecasts into their decision-making.
And the results are good enough to be useful. A directional accuracy of 53% may not sound impressive,
but in volatility forecasting, where the signal-to-noise ratio is notoriously low, that edge compounds over
many trades. For a regulator monitoring systemic risk, even a modest improvement in early warning
signals can justify the effort.

Of course, there are caveats. The MAPE is still high—around 50% for the best model—which means the
relative error during low-volatility periods is substantial. And the feature set is deliberately sparse.
Adding volume, capital flows, or sentiment proxies would almost certainly improve accuracy, especially
around turning points. But that is a trade-off: more features mean more complexity, more data
dependencies, and more risk of overfitting. For now, the minimalist approach has its virtues.

Looking ahead, there are several natural extensions. One is to test the framework on other ETFs or
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individual stocks to see how well it generalizes. Another is to experiment with more advanced
architectures—Transformers, temporal convolutional networks, or mixtures of experts that switch
between sub-models depending on the volatility regime. A third is to incorporate uncertainty
quantification, so users get not just a point forecast but a confidence interval around it. That would make
the tool more useful for risk management, where the tail outcomes often matter more than the central
estimate.

So here is the bottom line: this study shows that a CNN-LSTM hybrid, trained on minimal data, can
produce competitive volatility forecasts for the ChiNext ETF. It outperforms traditional models by a wide
margin and holds its own against attention-based deep learning alternatives. The architecture is simple,
the implementation is straightforward, and the results are practically useful. There is room to improve—
especially on MAPE during low-volatility periods—but the foundation is solid. For anyone looking to

build a short-term risk monitoring tool for this market, this is a reasonable place to start.

2. Methodology

2.1 Data Description and Preprocessing

Daily closing prices of the E Fund ChiNet ETF (159915) serve as the core dataset, spanning January
2020 through December 2025—roughly 2,600 trading days. The data come from the Guotai An database.
Volatility is measured as realized volatility (RV), defined as the annualized standard deviation of log
returns over a 5-day rolling window. All continuous features are min-max normalized to [0, 1] to remove
scale differences and speed up convergence. Each input sequence covers 10 consecutive trading days,
and the model predicts RV on the 11th day. The dataset is split chronologically: the first 80% for training,
the remaining 20% for testing, so no forward-looking information leaks into the predictors.

2.2 Model Architecture and Experimental Design

The main model is a CNN-LSTM hybrid. The CNN part uses two stacked 1D convolutional layers: the
first has 16 filters, the second 32. Kernel size is 3, stride is 1, and "same" padding keeps the sequence
length unchanged. Each layer applies ReLU activation. With a 10-day input window, the convolutions
pick up short-term price patterns—pullbacks after rallies, rebounds near support levels, things like that.
After the convolutional layers, the raw features get transformed into a higher-level abstraction that feeds
into the LSTM.

The LSTM is single-layer, unidirectional, with 64 hidden units. Its gating mechanism decides what to
keep or discard from past states, which helps with vanishing gradients and allows the network to capture
dependencies over longer horizons. I experimented with bidirectional and multi-layer LSTM setups, but
they didn't improve validation performance and increased overfitting risk, so I settled on the simpler
configuration. The last time step's output passes through a hidden layer with 32 neurons (ReLU) and then
a single neuron for the volatility forecast. A dropout layer with rate 0.3 sits between the LSTM and the
dense layers. The whole model has roughly 21,000 parameters—Ilightweight enough to train and deploy

on standard hardware.
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To isolate what the CNN module contributes, I built an LSTM-Attention baseline. It keeps the same
LSTM structure (64 units) but replaces the CNN with a temporal attention mechanism. Attention learns
to weight each time step's output, letting the model focus on the most relevant points without convolution.
The idea is to separate the benefit of local feature extraction from the rest of the architecture.

For traditional benchmarks, I included ARIMA(1,1,1) and GARCH(1,1). ARIMA uses first-order
differencing for stationarity and models linear dynamics with autoregressive and moving-average terms;
the order was chosen via AIC. GARCH captures volatility clustering and heteroscedasticity—it takes
returns as input and outputs conditional variance as the volatility estimate. Both are standard in
econometric volatility forecasting, and comparing them against deep learning highlights where nonlinear
modeling matters.

All deep models share the same training setup: MSE loss (penalizes large errors, which suits volatility
forecasting), Adam optimizer with learning rate 0.001, batch size 32, max 100 epochs. Early stopping
triggers if validation loss doesn't drop for 10 consecutive epochs, and weights roll back to the best
validation point. Evaluation uses four metrics. RMSE reflects overall deviation and is sensitive to big
misses. MAE gives average absolute error, less influenced by outliers. MAPE normalizes error as a
percentage, useful for comparing across volatility regimes. Dstat measures how often the model gets the
direction right—whether volatility goes up or down. Together, they cover accuracy, robustness, and

directional usefulness.

3. Empirical Results and Analysis

Here is the rewritten version in a seasoned researcher's voice, expanded to approximately 550 words.
Sentences vary in length, Al templates are removed, and the analysis is more concrete and nuanced.
Table 1 shows the test-set results for all four models. Let me walk through them.

Among the two deep learning architectures, CNN-LSTM beats LSTM-Attention on RMSE and MAE.
Its RMSE is 0.050746, about 8.1% lower than the latter's 0.055205. The MAE difference is smaller—
0.035362 versus 0.036666, a roughly 3.6% reduction. So the convolutional layers do help: they extract
local patterns—short-term price moves, pullbacks, support tests—that give the LSTM a cleaner signal.
That translates into smaller absolute errors. On directional accuracy, the gap widens. CNN-LSTM hits
53.36%, while LSTM-Attention manages only 48.41%. A five-percentage-point lead is nontrivial in
volatility forecasting; it means the hybrid model calls the sign of the move correctly more often, which
matters for anyone using these forecasts to adjust positions or hedge. But MAPE flips the picture. CNN-
LSTM's MAPE is 50.85%, slightly above LSTM-Attention's 48.39%. Why? Likely because convolutions
are less sensitive to tiny fluctuations than attention mechanisms. When volatility drops to low levels, the
absolute errors shrink, but the percentage errors balloon because the denominator is small. The attention
model, by weighting each time step adaptively, seems to handle these quiet periods a bit better. So there

is a trade-off: CNN-LSTM wins on raw error magnitude and direction, but loses on relative error during
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calm markets. For most practical purposes—risk management, option pricing—absolute error and
directional accuracy matter more than MAPE, so | would still rank CNN-LSTM ahead overall.

Now the traditional models. ARIMA is essentially useless here. RMSE 0.110109, MAE 0.094350,
MAPE 99.53%. The Dstat is 2.83%, barely distinguishable from a coin flip. That is expected: ARIMA
is linear, and the ChiNext ETF volatility series is anything but linear. It has nonlinearities, regime shifts,
and fat tails. No amount of differencing or ARMA terms can fix that.

GARCH does better but not by much. RMSE 0.091745, MAE 0.072596—still roughly double the deep
learning models' numbers. Interestingly, its Dstat reaches 51.94%, slightly above LSTM-Attention. So
GARCH has some directional intuition, probably because it captures volatility clustering: when volatility
has been high, it stays high, and the model can guess the direction correctly more often than not. But the
error magnitudes are too large for any serious application. If your predicted volatility is off by 7-9% on
average, knowing the direction is cold comfort.

Why does GARCH fail on magnitude? Because it is a parametric model with a fixed functional form. It
assumes volatility evolves according to a specific equation—conditional variance as a weighted sum of
past squared shocks and past variances. That works reasonably well for many equity indices, but the
ChiNext market is dominated by retail traders, subject to sentiment swings, and prone to sudden jumps.
The parametric constraints just cannot keep up. Deep learning models, with their multiple nonlinear
layers, are not bound by such assumptions. They learn the mapping from price history to volatility
directly from data, which gives them the flexibility to approximate the complex dynamics.

So the takeaway is clear: for this asset and this prediction horizon, CNN-LSTM offers the best balance
of accuracy and reliability. The MAPE caveat is real but secondary. Future work could try to address it—
perhaps by adding a separate module for low-volatility regimes, or by using a mixture of experts that
switches between models depending on market conditions. But for now, the hybrid architecture holds up

well.

Table 1. Comparison of Evaluation Metrics

Model RMSE MAE MAPE Dstat
LSTM-Attention  0.055205 0.036666 48.39% 48.41%
CNN-LSTM 0.050746 0.035362 50.85% 53.36%
ARIMA 0.110109 0.094350 99.53% 2.83%
GARCH 0.091745 0.072596 69.86% 51.94%

Table 1 lays out the numbers. A few things stand out.
CNN-LSTM comes out ahead overall. Its RMSE and MAE are the lowest among the four models, and
its directional accuracy—53.36%—is the highest. That combination matters. In volatility forecasting,

getting the magnitude wrong by a little is often acceptable; getting the direction wrong can blow up a
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hedge or trigger a false alarm. So the fact that CNN-LSTM leads on both fronts makes it the most
practical choice among the models tested. | would not call it a finished product, but it is a solid baseline
for this asset and this prediction horizon.

That said, the MAPE figure gives me pause. CNN-LSTM's MAPE is 50.85%, slightly above LSTM-
Attention's 48.39%. The difference is modest—about two and a half percentage points—but it is
consistent across the test set. What this tells me is that the convolutional layers, while good at picking up
medium-sized and large moves, are less attuned to the small ripples that dominate low-volatility periods.
The attention mechanism, by contrast, can zoom in on whatever part of the input window matters most
at each step, which apparently helps during quiet stretches. So there is a trade-off here: you gain on
absolute error and direction, but you lose a bit on relative precision when volatility is low. Whether that
trade-off is acceptable depends on the use case. For a trader who cares mainly about big moves, CNN-
LSTM is fine. For someone pricing options in a low-vol environment, the MAPE gap might sting.

The traditional models are not competitive. ARIMA is essentially useless—RMSE more than double that
of CNN-LSTM, MAPE near 100%, directional accuracy barely above random. GARCH does a bit better
on direction (51.94%) but its error magnitudes are still roughly twice those of the deep learning models.
This is not surprising. Financial volatility, especially in a retail-dominated market like ChiNext, is
nonlinear, regime-switching, and fat-tailed. Linear models and simple parametric GARCH specifications
simply lack the flexibility to capture these features. Deep learning models, with their stacked nonlinear
transformations, can approximate much richer functions given enough data.

One thing worth emphasizing: even the best model here has a MAPE of nearly 49%. That is high. It tells
us that ChiNext ETF volatility is genuinely hard to predict. The market is noisy, sentiment-driven, and
prone to sudden shifts. No model will nail every move. But a MAPE of 49% is still far better than 70%
or 100%, and a directional accuracy of 53% is meaningful if you are making repeated bets. Over many
trades, that edge compounds.

Looking ahead, there are several directions worth pursuing. One is to bring in external data—market-
wide volatility indices, sector flows, retail sentiment proxies. Another is to try more advanced
architectures: Transformers, which handle long-range dependencies differently, or temporal
convolutional networks, which may offer better control over receptive fields. A third is to explicitly
model regime shifts, perhaps with a mixture-of-experts approach that switches between sub-models
depending on whether volatility is high or low. The CNN-LSTM hybrid is a good starting point, but there

is plenty of room to improve.
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Figure 1. Comparison of Model Predictions
4, Conclusion

This study centers on the E Fund ChiNext ETF (159915). The target is the 5-day annualized realized
volatility. I built a CNN-LSTM hybrid model and compared it against LSTM-Attention, ARIMA(1,1,1),
and GARCH(1,1). The test-set results lead to several observations.

First, CNN-LSTM beats LSTM-Attention on overall performance. The numbers are clear: RMSE drops
by about 8.1%, MAE by about 3.6%, and directional accuracy improves by roughly five percentage
points. So the convolutional layers do add value. They pick up local patterns—short-term reversals,
momentum shifts, support breaks—that give the LSTM a sharper view of near-term dynamics. That
translates into better magnitude estimates and more reliable direction calls. For anyone using these
forecasts to adjust positions or set stop-losses, direction matters a lot. A model that consistently guesses
the sign of the move correctly, even if the magnitude is off by a bit, is more useful than one that gets the
magnitude right but flips the sign.

But MAPE tells a different story. CNN-LSTM's MAPE is 50.85%, slightly above LSTM-Attention's
48.39%. The gap is modest—about two and a half points—but it persists across the test set. Why? Likely
because convolutions are less sensitive to tiny fluctuations. When volatility is low, the absolute errors
shrink, but the denominator shrinks faster, so the percentage error balloons. The attention mechanism, by
adaptively weighting each time step, seems to handle these quiet periods a bit better. So there is a trade-
off: you gain on absolute error and direction, but you lose a bit on relative precision during calm markets.
Whether that trade-off bites depends on the use case. For a trader focused on big moves, CNN-LSTM is
fine. For someone pricing options in a low-vol environment, the MAPE gap might sting. Future work
could address this by adding a separate branch for low-volatility regimes, or by using multi-scale
convolutions that capture both fine-grained and coarse patterns.

Second, the gap between deep learning and traditional models is stark. ARIMA's RMSE is 2.17 times

that of CNN-LSTM; GARCH's is 1.81 times. Their MAPE values are roughly double or worse. ARIMA's
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directional accuracy is 2.83%—essentially random. GARCH does better on direction, hitting 51.94%,
which is slightly above LSTM-Attention. So GARCH has some directional intuition, probably because
it captures volatility clustering: when volatility has been high, it tends to stay high, and the model can
guess the direction correctly more often than not. But the error magnitudes are too large for practical use.
If your predicted volatility is off by 7-9% on average, knowing the direction is cold comfort.

Why do these models fail? ARIMA is linear. Financial volatility, especially in a retail-dominated market
like ChiNext, is anything but linear. It has nonlinearities, regime shifts, fat tails, and sudden jumps. No
amount of differencing or ARMA terms can fix that. GARCH is more flexible—it models conditional
variance as a function of past shocks and past variances—but it is still a parametric model with a fixed
functional form. That form works reasonably well for many equity indices, but the ChiNext market
behaves differently. Retail sentiment swings, policy announcements, and speculative waves create
dynamics that a simple GARCH(1,1) cannot track. Deep learning models, with their stacked nonlinear
layers, are not bound by such assumptions. They learn the mapping from price history to volatility
directly from data, which gives them the flexibility to approximate the complex dynamics. That is why
they outperform by a wide margin.

Third, even the best model here has a MAPE of nearly 49%. That is high. It tells us that ChiNext ETF
volatility is genuinely hard to predict. The market is noisy, sentiment-driven, and prone to sudden shifts.
No model will nail every move. But a MAPE of 49% is still far better than 70% or 100%, and a directional
accuracy of 53% is meaningful if you are making repeated bets. Over many trades, that edge compounds.
So the CNN-LSTM is not a crystal ball, but it is a usable tool for short-term risk monitoring.

Now, what does this study contribute? Three things, I think.

First, at the methodological level, it shows that a CNN-LSTM hybrid—trained on nothing but closing
prices—can forecast ChiNext ETF volatility with reasonable accuracy. That is not trivial. Many
practitioners assume you need a dozen features to get decent volatility forecasts. This result suggests
otherwise. A simple price-based model, properly architected, can hold its own. That is useful for
researchers and traders who want a lightweight, easy-to-deploy solution.

Second, the systematic comparison across four models of different natures clarifies where deep learning
excels and where it falls short. It beats traditional models on magnitude and direction, but it is not immune
to the MAPE issue. And the comparison reveals something interesting about GARCH: despite its poor
magnitude estimates, it has decent directional intuition. That suggests a hybrid approach—using GARCH
for direction and deep learning for magnitude, or vice versa—might be worth exploring.

Third, from a practical standpoint, the study delivers a volatility forecasting tool that requires only
publicly available price data. No external data feeds, no proprietary signals, no complex infrastructure.
Just daily closing prices and a trained model. That lowers the barrier to entry for smaller firms and
individual investors who want to incorporate volatility forecasts into their decision-making.

Of course, the study has limitations, and these point to future work.
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One limitation is the feature set. I used only closing prices and derived technical indicators. Volume,
capital flows, market sentiment, and macro variables were excluded. Adding them could improve
accuracy, especially during regime shifts when price alone may not tell the full story. Future work could
test whether incorporating these features closes the MAPE gap.

Another limitation is the model architecture. The CNN-LSTM here is relatively basic. More advanced
architectures—Transformers, temporal convolutional networks, or attention-convolution hybrids—could
potentially do better. Transformers, for instance, handle long-range dependencies differently and might
capture the slow-moving components of volatility more effectively. Temporal convolutional networks
offer better control over receptive fields and are often faster to train. Testing these alternatives would be
a natural next step.

A third limitation is the high MAPE, which points to the need for specialized treatment of low-volatility
periods. One approach is to use quantile loss instead of MSE, which would penalize errors
asymmetrically depending on the volatility regime. Another is to build a mixture-of-experts model that
switches between sub-models based on market conditions—one expert for high volatility, another for
low volatility, and a gating network that decides which to use at each step. That could address the trade-
off between local feature extraction and small-amplitude prediction.

Finally, the study tests only one asset: the E Fund ChiNext ETF. Extending the framework to other ETFs,
individual stocks, or even different asset classes would test its generalizability. If the CNN-LSTM
performs well across a range of assets, that would strengthen the case for its wider adoption.

To wrap up: this study offers a viable technical path for forecasting ChiNext ETF volatility. The CNN-
LSTM hybrid works, it outperforms traditional models, and it does so with minimal data requirements.
But there is room to improve. The MAPE issue needs attention. The feature set can be expanded. The
architecture can be upgraded. And the framework should be tested on more assets. As deep learning
continues to evolve and market data accumulates, volatility forecasting will get better. This work is a step

in that direction.
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