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In the field of investment decision-making and risk management, maximum
drawdown is a key measure of downside risk. Time-domain variables such as returns,
volatility, historical drawdowns, trading volume, and turnover are relied on by existing
studies, but frequency-domain structures receive less attention. This study aims to examine,
for the CSI 1000 Index, whether frequency-domain features can improve machine learning
forecasts of future maximum drawdown, and the data is from Eastmoney. Based on the
conventional risk characteristics, three Fourier indicators are constructed, namely Frequency
Energy Shift (FES), Spectral Entropy (SE) and Stock Market Spectral Synchronization
(SSC). The samples are divided into training sets, validation sets, and test sets according to
time. The model used for prediction is LightGBM. In drawdown observations, MAE, RMSE
and Tail MAE are used to evaluate the overall prediction accuracy and performance. The
baseline model only uses conventional features, and the full model adds these three
frequency-domain indicators. Finally, the results of the two models are compared.
Compared with the baseline model, the MAE of the full model has decreased by 12.67%,
RMSE by 11.56%, and Tail MAE by 14.71%. The results show that the frequency-domain
features can improve the overall prediction accuracy and provide some information not
captured by traditional risk variables. This research framework provides a perspective for
the prediction of future maximum drawdown and is also helpful for monitoring the
downside risk of the stock market.

Fourier Analysis, Machine Learning, Maximum Drawdown, LightGBM, CSI
1000

The financial market itself has the characteristics of uncertainty and nonlinearity, so downside risk
prediction has always been very important in quantitative finance and risk management. Maximum
drawdown measures the largest loss from a local high point to the subsequent low point over a given
period of time. Recently, many studies use machine learning models to predict extreme equity risks,
such as maximum drawdown and stock market crashes [1-6]. Accurately predicting maximum
drawdown can help investors find unfavorable market conditions earlier.

Machine learning methods are widely used in financial time series prediction, and the predictors
include time-domain variables such as returns, volatility, transaction activity and liquidity [7-10].
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Research on China's stock market also shows that nonlinear models are useful for predicting yield
and price [11-14]. In addition, financial asset prices fluctuate across multiple frequencies. Some
recent studies show that Fourier, wavelet, entropy, and some other time-frequency features can
effectively complement traditional variables [15-19]. This study selects energy distribution,
complexity, and market synchronization as research subjects, these features may contain information
not captured by traditional statistical methods.

This study examines the constituent stocks of the CSI 1000 Index, and the trading data used is
from Eastmoney. In addition to conventional time-domain risk features, it constructs three Fourier
indicators. Frequency Energy Shift (FES) measures changes in the relative strength of high- and
low-frequency components, Spectral Entropy (SE) describes spectral energy dispersion and
complexity, Stock Market Spectral Synchronization (SSC) captures the frequency-domain
relationships between the CSI 1000 Index and two market benchmarks: the CSI 300 Index and the
CSI 500 Index. Chronological training, validation, and test sets are input into LightGBM to predict
future maximum drawdown. The study will compare two models: a baseline model with
conventional features and a full model that adds FES, SE, and SSC to this baseline, the results will
be used to determine whether frequency-domain structures provide additional predictive information
and, in turn, whether this is a useful feature-engineering approach for downside risk prediction.

2. Methodology

Figure 1 summarizes the whole research workflow, including data processing, feature building,
model parameter selection and experimental evaluation.
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Figure 1. Overall research framework for forecasting the maximum drawdown of the CSI 1000
Index using Fourier features

2.1. Data source, sample design and prediction target

The daily price data of the CSI 1000, CSI 300 and CSI 500 indices all come from Eastmoney. The
time range of the sample is from April 4, 2019 to July 3, 2026.

Referring to the general method of time series evaluation [20], samples are divided into training
set, validation set and test set according to time, accounting for 70%, 15% and 15%, respectively.
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For each trading day t, the prediction target is the maximum drawdown over the subsequent 20
trading days, defined as follows:

MDD® =  min (}3——1) (1)

1<a<b<20

In this formula, P,; represents the index price at trading day t+;.
This target measures the maximum percentage decline from a peak to a subsequent trough during
the next 20 trading days.

2.2. Traditional time-domain features

The baseline model uses seven traditional time-domain features, including the 5-day return, 20-day
return, 20-day volatility, downside volatility, realized maximum drawdown, skewness and excess
kurtosis.

2.3. Frequency-domain feature construction

In the processing for each trading day, the return series is first mean-centered and then multiplied by
a Hann window. Subsequently, the discrete Fourier transform is applied, and the direct current
component is removed [15-19]. The meaning of Frequency Energy Shift (FES) is to capture changes
in the strength of high-frequency components relative to low-frequency components, the definition
of FES is shown below:

FES, = Alog| 3 @

In this formula, S,, represents the spectral energy at frequency k on trading day t, H represents
the high-frequency set, € is a small positive constant used to ensure numerical stability.

The rolling window for FES is 50 days, and the boundary between high-frequency and low-
frequency components is a 10-day period. A positive value indicates that the relative strength of
rapid market fluctuations is increasing.

Spectral Entropy (SE) is calculated using normalized entropy and describes the degree of
dispersion and complexity of the spectral energy distribution, the definition of SE is shown below
[17,19]:

K pelog (pt,k)
log(K)

SE; = — 3)

In the above equation, p,, is the normalized spectral energy at frequency k on trading day t, and
the meaning of K is the number of frequency components. The range of SE is 0-1, and it is
calculated using a 60-day rolling window. The larger the value, the more dispersed and complex the
spectral energy distribution.

The role of Stock Market Spectral Synchronization (SSC) is to capture the frequency-domain
relationship between the CSI 1000 Index and two market benchmarks. The study separately
calculates the Welch coherence between the CSI 1000 Index and the CSI 300 Index and the Welch
coherence between the CSI 1000 Index and the CSI 500 Index, and then averages the two coherence
measures [17, 18].
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The calculation of SSC uses a 60-day rolling window and 15 trading-day Welch segments. Each
adjacent segment overlaps by 8 trading days, which is approximately 50% of the segment length.
The analysis period is required to be longer than 15 trading days. SSC is defined below:

SSC; = %L\ > ker[Coh1000,300 (k) + Cohiooo,500 (k)] ®

Here, Coh, gy 54(k) denotes the Welch coherence between the CSI 1000 and the CSI 300 at
frequency k, while Coh, y, 5,,(k) denotes the corresponding coherence between the CSI 1000 and the
CSI 500. L represents the retained set of frequencies, and |L| is the number of frequencies included
in that set.

2.4. Model specification and hyperparameter selection

The baseline model contains seven conventional time-domain predictors, and the full model further
adds FES, SE, and SSC on this basis. Both the baseline model and the full model are LightGBM
models that use DART as the boosting type. Recent studies have demonstrated that LightGBM and
related boosted-tree ensemble methods are effective in financial prediction [21-24]. The parameter
space is an 8l-combination grid covering num leaves {10, 15, 25}, max depth {4, 5, 6},
learning_rate {0.02, 0.04, 0.06}, and n_estimators {120, 140, 160}. The parameters for the baseline
model, full model, and three 7+1 ablation experiments are all selected according to their respective
lowest MAE values in the validation set.

In the order of num leaves, max_depth, learning rate, and n_estimators, the selected values for
the baseline model are (25, 6, 0.04, 140), the selected values for the full model are (15, 5, 0.06, 120),
the selected values for the 7+FES model are (25, 6, 0.06, 140), the selected values for the 7+SE
model are (25, 6, 0.06, 120), and the selected values for the 7+SSC model are (15, 5, 0.06, 160).

Fourier settings remain fixed: FES uses a 50-day window and a 10-day boundary, SE uses a 60-
day window, SSC uses a 60-day window with 15-trading-day Welch segments. Adjacent segments
overlap by 8 trading days, and only frequency components with periods longer than 15 trading days
are retained.

2.5. Evaluation metrics

In this study, Mean Absolute Error (MAE), Root Mean Squared Error (RMSE) and Tail Mean
Absolute Error (Tail MAE) are used to evaluate predictive performance [20, 25]. MAE is mainly
used to reflect the overall magnitude of the prediction errors. RMSE pays more attention to the
impact of large errors, while Tail MAE is used to specifically measure errors associated with severe
drawdowns.

The formulas for the three metrics are presented below, where y, and §. represent the actual and
predicted maximum drawdowns, respectively, n denotes the number of observations, and T
represents the set of tail observations. For Tail MAE, the threshold for tail observations is the first
quartile, that is, tail observations are those whose actual maximum drawdowns are less than or equal
to the first quartile of the maximum drawdowns in the training set.

MAE = 1 S0 |yi — i (5)

RMSE = /4 L, ()’ ©)
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MAE:a = ﬁ1| Y ier|yi — ¥

(7)

Following comparative forecast-evaluation practice [20, 25], the percentage improvement relative
to the baseline model is calculated using the formula below, a positive value indicates a lower
prediction error:

Improvement (%) = “tageMutt 5 100 (8)

3. Results
3.1. Baseline and full-model performance

Table 1 reports the performance of the baseline model and the full model on the training, validation,
and test sets. Percentages in parentheses indicate the improvements over the baseline.

Table 1. Prediction errors of the baseline and full models

Split Model MAE RMSE Tail MAE
Train 7-feature baseline 0.0193 0.0280 0.0446
Train 7+FES+SE+SSC  0.0178 (+7.87%)  0.0249 (+10.95%) 0.0381 (+14.54%)
Validation  7-feature baseline 0.0328 0.0439 0.0604
Validation 7+ FES+SE+SSC  0.0313 (+4.61%)  0.0420 (+4.45%)  0.0537 (+11.10%)
Test 7-feature baseline 0.0321 0.0483 0.0840

Test ~ 7+FES+SE+SSC 0.0280 (+12.67%) 0.0427 (+11.56%) 0.0716 (+14.71%)

Across all three datasets and all three metrics, the full model outperforms the baseline model.
Figure 2 summarizes the percentage reductions, Table 1 provides the corresponding error values.

On the test set, the MAE, RMSE, and Tail MAE of the full model are reduced by 12.67%,
11.56%, and 14.71%, respectively.

Error reduction of the full Fourier-enhanced LightGBM
Improvement (%)

18

15 14.54% 14.71%

12 11.10%

Train Validation Test

@ MAE B RMSE @ Tail MAE

Figure 2. Percentage reductions in prediction errors of the full model relative to the baseline model
using seven traditional features
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3.2. Independent ablation results for individual fourier features

Table 2. Performance of independently tuned models combining the seven traditional features with
one Fourier feature

Variant Split MAE RMSE Tail MAE
Train 0.0167 (+13.41%) 0.0239 (+14.52%) 0.0365 (+18.12%)
7+FES  Validation 0.0316 (+3.68%) 0.0424 (+3.33%) 0.0535 (+11.49%)
Test 0.0317 (+1.19%) 0.0468 (+3.20%) 0.0755 (+10.12%)
Train 0.0163 (+15.42%) 0.0232 (+17.01%) 0.0356 (+20.17%)
7+ SE Validation 0.0320 (+2.38%) 0.0422 (+3.81%) 0.0556 (+7.93%)
Test 0.0313 (+2.40%) 0.0469 (+2.94%) 0.0800 (+4.71%)
Train 0.0189 (+1.94%) 0.0266 (+4.73%) 0.0415 (+6.92%)
7+ SSC  Validation 0.0305 (+6.84%) 0.0422 (+3.82%) 0.0553 (+8.39%)
Test 0.0307 (+4.30%) 0.0455 (+5.92%) 0.0735 (+12.47%)

Relative to the baseline model, each independently tuned 7+1 model improves all three-test
metrics. 7 + FES reduces MAE, RMSE, and Tail MAE by 1.19%, 3.20%, and 10.12%, respectively.
7 + SE reduces MAE, RMSE, and Tail MAE by 2.40%, 2.94%, and 4.71%. 7 + SSC reduces MAE,
RMSE, and Tail MAE by 4.30%, 5.92%, and 12.47%.

The full model achieves the largest reductions in all three-test metrics. Every ablation is tuned
independently based on validation MAE, Table 2 isolates the contribution of each feature.

3.3. Robustness test under fixed sample division

Using the original method of dividing samples by time, under the condition of 15 local
hyperparameter perturbations, the performance improvement of the model is still positive: the
reduction in MAE is between 5.27% and 12.67%, the reduction in RMSE 1is between 8.41% and
11.56%, and the reduction in Tail MAE is between 9.35% and 29.30%.

In addition, after 10 tests using shortened training windows, the reduction in MAE is still
maintained between 6.87% and 12.67%, the reduction in RMSE is maintained between 6.14% and
11.56%, and the reduction in Tail MAE is maintained between 6.41% and 14.71%. This shows that
model performance does not fluctuate greatly due to changes in the length of the training history and
remains stable.

4. Conclusion

This study attempts to add three Fourier-enhanced features to the seven basic features within the
LightGBM framework to predict the maximum drawdown of the CSI 1000 Index over the next 20
trading days. The data were obtained from Eastmoney. The training set, validation set and test set are
divided according to the ratio of 70%/15%/15%. The full model combines seven basic time-domain
features with FES, SE, and SSC, the combination of these three indicators is mainly used to verify
whether frequency-domain information can provide predictive value beyond conventional
indicators.
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Under the same experimental settings, the baseline model, the full model and three ablation
experiments were analyzed. The selected full model has 15 leaves, a maximum depth of 5, a
learning rate of 0.06, and 120 estimators.

On the test set, the MAE, RMSE, and Tail MAE of the full model were reduced by 12.67%,
11.56%, and 14.71%, respectively. The results of the ablation experiments and robustness tests show
that all three-evaluation metrics improve when each Fourier feature is added separately, and the
performance improvement remains positive under local hyperparameter perturbations and shortened
training windows. These results indicate that frequency-domain features can provide information
that cannot be captured by the baseline model.

In general, frequency-domain information can provide predictive value beyond traditional
variables. The three indicators respectively correspond to changes in the relative intensity of high-
and low-frequency components, the dispersion and complexity of spectral energy, and spectral
synchronization between the CSI 1000 Index and the two market benchmarks. These properties also
provide an interpretable basis for the improvement of model performance. This research framework
shows how frequency-domain representations complement conventional risk indicators without
replacing the useful information already contained in conventional indicators. These findings
provide a new perspective on downside risk management in the financial market and also offer a
more rational basis for investment decisions.
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