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Abstract: Financial prediction persists a strenuous task in Fintech research. This paper introduces
a multifractal asymmetric detrended cross-correlation analysis (MF-ADCCA)-based deep learning
forecasting model to predict a succeeding day log return via excitatory and inhibitory neuronal
synapse unit (EINS) using asymmetric Hurst exponent as input features, with return and volatility
increment of Shanghai Stock Exchanges Composite Index (SSECI) from 2014 to 2020 as proxies
for analysis. Experimental results revealed that multifractal elements by MF-ADCCA method as
input features are applicable to time series forecasting in deep learning than multifractal detrended
fluctuation analysis (MF-DFA) method. Further, the proposed biologically inspired EINS model
achieved satisfactory performances in effectiveness and reliability in time series prediction compared
with prevalent recurrent neural networks (RNNs) such as LSTM and GRU. The contributions of
this paper are to (1) introduce a moving-window MF-ADCCA method to obtain asymmetric Hurst
exponent sequences used directly as an input feature for deep learning prediction and (2) evaluate
performances of various asymmetric multifractal approaches for deep learning time series forecasting.
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1. Introduction

Financial trends fluctuations have amassed complexities by rapid global markets
development in the recent decades. Time series prediction is a strenuous task since it
contains chaotic, fuzzy, and incomplete information [1]. The focus of this paper is to
interpret the financial fluctuation patterns and to predict their future trends.

Financial researchers often used statistical and econometric methods to construct
prediction models by studying the characteristics and operating rules to assess and forecast
volatility before the advent of machine learning algorithms. They indicated that financial
market is a synthetical object with nonlinear multifractal characteristics [2,3], where mul-
tiscale properties and nonlinear evolution can be quantitatively analyzed by self-similar
behavior of multifractal theory. These multifractal analysis techniques include rescaled
range analysis (R/S) [4], detrended fluctuation analysis (DFA) [5], and multifractal de-
trended fluctuation analysis (MF-DFA) [6]. To compare, DFA can eliminate estimates of
long-term relationships and increase credibility than rescaled range analysis, whereas
multifractal detrended cross-correlation analysis (MF-DCCA) [7] is proposed to combine
MF-DFA and DCCA [8] identifying the cross-correlation between two non-stationary data
to quantify multifractal characteristics of the correlation. MF-DCCA method has extended
to numerous research [9,10] such as multifractal asymmetric detrended cross-correlation
analysis (MF-ADCCA) [11] studying asymmetric cross-correlations of non-stationary time
series by integrating MF-DCCA with asymmetric DFA [12] to address its predicting upward
(or downward) trend of cross-correlation characteristic limitation in time series. It studied
the scaling features of cross-correlation between finance market stability and real estate
price changes [13], in cryptocurrency markets research [14], and in gold futures market’s
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price-volume correlation [15] indicating that MF-ADCCA is effective to complex nonlinear
dynamics.

The generalized Hurst exponent (H) is an econophysics concept to describe time
series features and evaluate their complexities as a quantitative metric to study time series
long-range dependence by various multifractal analysis approaches. A time series is
characterized by anti-persistent behavior when 0 < H < 0.5, which means that the data
are uncorrelated temporally. In this case, the relative tendency shows the potential for
an enormous reversal signal and continuity. When 0.5 < H < 1, the relative tendency is
characterized by persistent behavior, its current trend continuity is likely in time series
contrary to the previous case. If H = 0.5, the time series is expected to be neither anti-
persistent nor persistent but is characterized by a negatively correlated dataset with any
definable behavior. Hence, the generalized Hurst exponent is valuable for quantifying time
series tendency.

Although asymmetric Hurst exponents can provide probabilistic trend assessments
to express the likelihood of a continuous trend, but cannot provide a precise forecast of
future values as they are sensitive to non-stationary or precipitous data changes in time
series behaviors [16–18]. Deep learning methods for financial prediction has gradually
become the core direction of fintech research in recent years [19,20]. Recurrent neural
networks (RNNs) are mostly used time series prediction models for long-range time series
dependence with their unique memory mechanisms to generate the current state by using
the hidden state of previous time step as input to store past information [21]. Nevertheless,
vanishing and exploding gradients problems occurred when the network parameters
are trained repetitively in model training process inducing RNNs inability to guarantee
generality and reliability of the prediction model. A biologically motivated recurrent unit
based on neuronal synaptic activity mechanism and chaotic behaviors called excitatory
and inhibitory neural synapse unit (EINS) is proposed by the author’s previous research to
address these problems.

Additionally, a novel deep learning model is introduced to forecast absolute return
of SXP500 Index by combining RNNs and asymmetric fractality exponent (A-MFDFA)
to explore asymmetric multifractal elements [22]. Experimental results indicated that
asymmetric Hurst exponents improved deep learning approaches for absolute return
prediction accuracy and robustness in volatile financial markets, but A-MFDFA method
only analyzed multifractal characteristics of single non-stationary time series inducing the
loss of cross-correlation information in financial factors. MF-ADCCA is a comprehensive
technique to consider asymmetric structure and multifractal scaling features between two
time series to improve complex nonlinear financial dynamics understanding, which is more
appropriate than A-MFDFA as an input feature in financial forecasting.

Hence, this paper focuses on predicting financial time series via EINS using asym-
metric Hurst exponent based on MF-ADCCA. First, it used a moving-window method
to modify MF-ADCCA so that times series of past T days can obtain asymmetric Hurst
exponent of the day. Second, MF-ADCCA is to estimate asymmetric multifractal features
of cross-correlations between price fluctuations and realized volatility of Shanghai Stock
Exchanges Composite Index (SSECI). Third, the succeeding day log return is predicted by
EINS using asymmetric Hurst exponent based on MF-ADCCA and log return of past T days
as input. Then, the predictive capacities of MF-ADCCA are examined and compared with
MF-DFA-based RNNs model (delete and to be mentioned in results section-Experimental
results showed that MF-ADCCA predictive capacities outperformed MF-DFA in deep
learning financial forecasting tasks, and EINS model achieved satisfactory performances for
effectiveness and reliability in time series prediction compared to RNNs such as LSTM [23]
and GRU [24]).

This paper is organized as follows: Section 2 introduces a moving-window MF-
ADCCA method and EINS; Section 3 presents the financial time series analyzed by MF-
ADCCA and deep learning forecasting experiment implementation; Section 4 discusses the
experimental results followed by conclusion in Section 5.
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2. Materials and Methods
2.1. Multifractal Asymmetric Detrended Cross-Correlation Analysis (MF-ADCCA)

This subsection introduces MF-ADCCA method used in time series prediction experi-
ment to measure the asymmetric cross-correlations between two non-stationary time series
{xt : t = 1, . . . ., N } and {yt : t = 1, . . . ., N }, and examine the aggregated index to present
a positive or a negative increment [11] summarized as follows:

Step 1: Construct profile of the original time series as

X(k) =
k

∑
t=1

(xt − x), t = 1, . . . , N, (1)

Y(k) =
k

∑
t=1

(yt − y), t = 1, . . . , N, (2)

where x and y are average values over the entire return series respectively. The index proxy
series is calculated by I(k) = I(k− 1) exp(xk) for k = 1, . . . , N with I(0) = 1 to assess
positive and negative trend of the index.

Step 2: Divide profiles X(k), Y(k), and index proxy I(k) into NS = bN/sc non-
overlapping segments of length s. Repeat the division from other end of the series to
consider the whole profile for a total of 2NS segments for each series.

Step 3: Calculate detrended covariance for each 2NS segment as

f 2(s, v) =
1
s

s

∑
i=1

∣∣∣X((v− 1)s + i)− X̃v(i)
∣∣∣∣∣∣Y((v− 1)s + i)− Ỹv(i)

∣∣∣ (3)

for v = 1, . . . , N, and

f 2(s, v) =
1
s

s

∑
i=1

∣∣∣X(N − (v− Ns)s + i)− X̃v(i)
∣∣∣∣∣∣Y(N − (v− Ns)s + i)− Ỹv(i)

∣∣∣ (4)

for v = 1, . . . , 2NS. By fitting a least-square degree-2 polynomial X̃v and Ỹv, calculate
profiles local trend and applied to detrend X(k) and Y(k) respectively. Further, the local
asymmetric direction of the index is determined by assessing the least-square linear fit
Ĩv(i) = aIv + bIv i(i = 1, . . . , s) for each segment, where the sign of slope bIv is to discriminate
the index trend. If bIv > 0, the index trend has a positive trend, or a negative trend if
otherwise.

Step 4: Calculate directional q-order average fluctuation functions as

F+
q (s)|=

{
1

M+

2Ns
∑

v=1

1+sgn(bIv )
2

[
f 2(s, v)

]q/2
}1/q

,

F−q (s)|=
{

1
M−

2Ns
∑

v=1

1−sgn(bIv )
2

[
f 2(s, v)

]q/2
}1/q

,

q 6= 0 (5)

and

F+
0 (s) = exp

{
1

2M+

2Ns
∑

v=1

1+sgn(bIv )
2 In

[
f 2(s, v)

]}
,

F−0 (s) = exp
{

1
2M−

2Ns
∑

v=1

1−sgn(bIv )
2 In

[
f 2(s, v)

]}
,
q = 0 (6)

where M+ = ∑2Ns
v=1

1+sgnb(Iv)
2 and M− = ∑2Ns

v=1
1+sgnb(Iv)

2 are subseries numbers with positive
and negative tendencies in which bIv 6= 0 for v = 1, . . . , 2NS, thus M+ + M− = 2NS.
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Step 5: Calculate q-order fluctuation functions for overall trend as

Fq(s) =

{
1

2Ns

2Ns

∑
v=1

[
f 2(s, v)

] q
2

} 1
q

, q = 0 (7)

and

F0(s) = exp

{
1

4Ns

2Ns

∑
v=1

In
[

f 2(s, v)
]}

, q 6= 0 (8)

Step 6: Calculate generalized Hurst exponents as

F+
q (s) ∼ sh+xy(q), F−q (s) ∼ sh−xy(q), and Fq(s) ∼ shxy(q) (9)

when q-order fluctuation functions follow a power-law of forms F+
q (s) ∼ sh+xy(q), F−q (s) ∼

sh−xy(q), and Fq(s) ∼ shxy(q), the two non-stationary series present long-range power-law
cross-correlated features. Scaling exponent hxy(q), known as generalized Hurst exponent,
is used to express the long-range power-law correlation features that can be calculated by
fitting a log-log linear regression, while h+xy(q) and h−xy(q) are used to measure the positive
and negative increments. To avoid errors and preserve estimation validity, this paper used
a scale range from smin = max(20, N/100) to smax = min(20smin, N/10) and 100 points in
the regression [14].

If 0 < hxy(q) < 0.5, the two series present an anti-persistent cross-correlation indicat-
ing that one series is likely to be followed by a fluctuation opposite to the current trend
in the other series. If 0.5 < hxy(q) < 1, the two series present persistent cross-correlation
indicating that one series is likely to be followed by a fluctuation similar to the current trend
in the other series. When hxy(q) = 0.5, the two series have neither obvious cross-correlations
nor any correlation.

The order q represents to various volatility magnitudes degree assessed. If 0 < q,
scaling exponents present larger or smaller fluctuations behavior. Additionally, if hxy(q) is
independent of q, a series is multifractal. It is noted that the Hurst exponent of target series
can be calculated by setting q = 2. Since the generalized Hurst exponents series calculated
by MF-ADCCA cannot be used directly as input feature for deep learning forecasting, a
moving-window method is used to modify MF-ADCCA by calculating asymmetric Hurst
exponent value of the day using past T days data depicted in Algorithm 1.

Algorithm 1. Algorithm to Moving-window MF-ADCCA Method.

Input: Time Series: Xt; < Size (w ∗ l) >
Time Series: Yt; < Size (w ∗ l) >
Days Scaling: T;
Step: t;

Output: Asymmetric generalized Hurst exponents;
Function Moving-window MF-ADCCA (Xt, Yt, T, t)
Initialize Hurst← A rray[0, . . . Nw−T+1] , Hurst+ ← A rray[0, . . . Nw−T+1],

Hurst− ← A rray[0, . . . Nw−T+1]
for i in range (0, Nw−T+1, step) do

Series A← Xt[i, . . . i + T]
Series B← Yt[i, . . . i + T]

Hurst, , Hurst+, Hurst− ← MF− ADCCA(Series A, Series B)
Hurst[i] ← Hurst
Hurst+

[i] ← Hurst+

Hurst−
[i] ← Hurst−

return Hurst, , Hurst+, Hurst−

End function
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2.2. Excitatory and Inhibitory Neuronal Synapse Unit (EINS)

This section explains an EINS illustrated in Figure 1. It is a biologically inspired
neural network model with synaptic activity mechanism to simulate the neurodynamics
of spike alternation and neurotransmitter transmission within neurons during memory
behavior [25–27]. The design is based on memristive synapse-coupled bi-neuron networks
structure enabling the model to have the same memory mechanisms as human brain [28–30].
A single EINS unit is expressed as follows:

D(t + 1) = Tanh [x(t + 1)Wd− Bd ] (10)

E(t + 1) = Sigmoid[A(t)Wea + E(t)Wee− I(t)Wei + D(t + 1)Wed− Be] (11)

I(t + 1) = Sigmoid[A(t)Wia− E(t)Wie + I(t)Wii + D(t + 1)Wid− Bi] (12)

A(t + 1) = [E(t + 1)− I(t + 1)]e−kD2(t+1) + D(t + 1) (13)

where x(t+1) denotes the external stimulation at each time step; D(t + 1), E(t + 1), I(t + 1),
A(t + 1) denote the neuronal dendrite layer, excitatory neurotransmitter state layer, in-
hibitory neurotransmitter state layer, and the neuronal axon layer, respectively; Wea, Wee,
Wei, Wed, and Be express weights and bias of neuronal axon, excitatory neurotransmitter
state, inhibitory neurotransmitter state, neuronal dendrite, and excitatory state layer in
the excitatory state layer E(t + 1) respectively; similarly, Wia, Wie, Wii, Wid, and Bi are
weights and bias of corresponding terms in the inhibitory state layer, I(t + 1).
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It showed that the dendrite layer receives external input and sends processed results to
the hidden state with previous state values. The updated hidden state values are preserved
in the hidden state to be learnt in subsequent time steps. Further, the proposed unit outputs
the learnt result via an axon layer using the neurodynamic mechanism of memristive
synapse-coupled bi-neuron networks and sends it to the next hidden state. Its model is
depicted in Algorithm 2.
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Algorithm 2. Algorithm to Excitatory and Inhibitory Neural Synapse Model.

Input: Time Series: Tt; < Size (batch, time step, input size) >
Input Size: I; Hidden Size: H; Output Size: O;
Step: t;

Output: Prediction Result: Tt+1;
Procedure EINS (n, p, i, j, θ0)
Initialize Et ← 0; It ← 0 ; At ← 0 ; θ ← θ0 ; i← 0 ; j← 0 .
for Xi in Tt do

Dt ← tanh
(
XiW I∗H

d − bH
d
)

Et ← δ
(

At−1WH∗H
ea + Et−1WH∗H

ee − It−1WH∗H
ei + DtWH∗H

ed − bH
e
)

It ← δ
(

At−1WH∗H
ia − Et−1WH∗H

ie + It−1WH∗H
ii + DtWH∗H

id − bH
i
)

At ← (Et − It)� exp−k∗D2
t + Dt

Tt+1 ←
(

AtWH∗O
O − bO

O
)

return Tt+1
End for
While j < p do

Update θ by running training algorithm for n steps
i← i + n
Tt+1 ← ValidationSetError(θ)
if Tt+1 < Tvalid then

j← 0
θ∗ ← θ

i∗ ← i
else

j← j + 1
End if

End while
return θ∗ and save the trained EINS model weights
End Procedure

RNNs memory mechanisms rely on preserving past information in hidden layer, their
training encounters vanishing and exploding gradients problems occurred due to these
trainable parameters are repetitively applied to the hidden state. The proposed experimen-
tal model used chaotic property of memristive synapse-coupled bi-neuron networks to
mitigate them and explore the feasibility of combining biologically inspired approach with
deep learning algorithms.

3. Data and Experiments
3.1. Data Description

The data are a log return series extracted by Shanghai Stock Exchanges Composite
Index (SSECI). The experiment introduced a deep learning forecasting model with asym-
metric multifractal characteristics, using close prices from 2014 to 2020 for calculation as
depicted in Figure 2. The log return rt is calculated by:

rt = ln pt − ln pt−1 (14)

where pt is daily close price on day t; rt is the log return on day t. The log return series of
SSECI from 2014–2020 is illustrated in Figure 3. Additionally, the volatility increments from
this period are another proxy for MF-ADCCA analysis given by:

vt = ln σ̂t − ln σ̂t−1 (15)

where σ̂t =
√

BPVt, and BPVt represent the realized bipower variation [31] given by:

BRVt = ∑
t
|rt||rt+1| (16)
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Figure 4 illustrated the volatility increments (volatility changes) of SSECI. The data
length of volatility increments series is 2177 similar to log return series. Augmented Dickey–
Fuller (ADF) test [32], Kwiatkowski–Philips–Schmidt–Shin (KPSS) test [33], and Jarque-Bera
statistic tests are implemented to examine statistical characteristics of two proxy series.
The descriptive statistics information of the log return and volatility increments of SSECI
are listed in Table 1. It showed that the mean values of return increments and volatility
increments are close to 0 indicating that these series are self-regression equilibrium. The
absolute value of return increments is larger than volatility increments indicating that
the return increments have greater asymmetry. Further, Jarque-Bera statistic test result
showed that all series are not null hypothesis of Gaussian distribution at 1% significance
level. It is noted that the null hypothesis of unit root existence in ADF test is rejected at 1%
significance level, and KPSS tests showed that the null hypothesis of stationarity is rejected
at 1% significance level.
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Table 1. Descriptive statistics for log return and volatility increments of SSECI.

Mean Max Min Std Skew Kurt J-Bera 1 ADF 2 KPSS 3

rt 4.6× 10−5 5.6× 10−3 −8.9× 10−2 1.3× 10−2 −0.953 6.695 4372.8 * −9.148 * 8.27× 10−2 *
vt 2.1× 10−4 3.7987 −3.7436 0.8384 7.8× 10−3 1.0185 93.18 * −15.769 * 7.88× 10−2 *

1 denotes Jarque-Bera statistic tests; 2 denotes Augmented Dickey–Fuller test; 3 denotes Kwiatkowski–Philips–
Schmidt–Shin (KPSS) test; * represents 1% significance level. Note: (1) The ADF test uses null to express the
existence of a unit root; (2) the KPSS test uses the null to express stationary.

The log return series and volatility increment series are used as proxies for MF-ADCCA
analysis. Figures 5 and 6 illustrated up-trend Hurst exponents (h+xy(2)) and up-trend Hurst
exponents (h−xy(2)) of SSECI log returns based on the moving-window of MF-ADCCA
analysis accordingly.
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3.2. Experiments

The succeeding day log return of SSECI using past days log return with asymmetric
Hurst exponents for experiment implementation are illustrated in Figure 7. The imple-
mentation code is written in Python 3.9 using Pytorch library on a hardware environment
with Intel CPU Xeon@2.00 GHz, GPU Tesla V100, 12 GB RAM, and Windows 11 operating
system. First, a moving-window MF-ADCCA is used to estimate the asymmetric Hurst
exponent of Shanghai Stock Exchanges Composite Index (SSECI) and log return series
volatility increments series are used as proxies. Second, the succeeding day log return
of SSECI is predicted by EINS using asymmetric Hurst exponent based on the moving-
window MF-ADCCA. Third, RNNs predictive capacities with MF-ADCCA are examined
and compared with MF-DFA-based RNNs model such as LSTM and GRU. All datasets are
normalized to the range from −1 to 1 with Min-Max normalized method prior feeding into
the network as expressed by:

yi =
xi − xmean

max
1≤i≤n

{
xj
}
− min

1≤i≤n

{
xj
} (17)

where yi is the normalized value, xi is a data in the dataset, xmean is the mean value of sample
set, max

1≤i≤n

{
xj
}

is the minimum data while min
1≤i≤n

{
xj
}

is the maximal data in the dataset. Each

dataset is divided into three parts with the same train-valid-test split rate—80% is used for
models’ training, 10% for validation, and the remaining for performance testing.
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The experiment used a four-layer deep learning model structure for time series forecast
two recurrent layers connected by two fully connected layers as illustrated in Figure 8, and
used hyper-parameters to examine RNNs predictive capacities with MF-ADCCA as listed
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in Table 2. Further, three regression indicators including mean square error (MSE), mean
absolute error (MAE), and coefficient of determination (R2) are used to evaluate models’
performances as given by:

MSE =
1
N

N

∑
i=1

(ỹi
t − yi

t)
2

(18)

MAE =
1
N

N

∑
i=1

∣∣∣ỹi
t − ỹi

t

∣∣∣ (19)

R2 = 1− ∑N
i=1
(
yi

t − ỹi
t
)
)

∑N
i=1

(
yi

t − ỹi
t

) (20)

where yi
t, yi

t, and ỹi
t represent the actual, the mean, and the predicted value of test set

respectively; N is the total samples number indicating that the lower MSE and MAE
values represent more accurate prediction results. Further, the closer R2 value to 1 represent
the model robustness to fit dataset and prediction performance.
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Table 2. Hyper-parameters setting list.

Hyper-Parameters Settings

Hidden neurons 128,256
Time Horizons 32,128
Learning rate 1× 10−3

Dropout rate 0.2
Epochs 100

Optimizer Adam
Error function Mean squared error

4. Results and Discussion

The experimental forecast results are listed in Table 3. They showed that MF-DFA
asymmetric Hurst exponents achieved predictive capacities for forecasting time series
with RNNs [19]. In particular, the performance of up-trend Hurst exponents (h+xy(2))
and up-trend Hurst exponents (h−xy(2)) for deep learning forecasting outperformed the
generalized Hurst exponent (hxy(2)). They are used as benchmarks to compare with
MF-ADCCA asymmetric Hurst exponents to examine predictive capacities of various
asymmetric multifractal analysis approaches.
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Table 3. Forecasting performance with various hyper-parameters (note: best results highlighted in
BOLD).

Multifractal Model MSE MAE R2

Hidden neurons = 128, Time horizons = 32, Learning rate = 1× 10−3

MF-DFA
EINS 0.02584 0.11069 −0.01746
LSTM 0.02704 0.11351 −0.06485
GRU 0.02769 0.11494 −0.09042

MF-ADCCA
EINS 0.02549 0.10999 −0.00398
LSTM 0.02577 0.11091 −0.01469
GRU 0.02580 0.11130 −0.01605

Hidden neurons = 128, Time Horizons = 128, Learning rate = 1× 10−3

MF-DFA
EINS 0.02324 0.10689 −0.00691
LSTM 0.02337 0.10810 −0.01262
GRU 0.02354 0.10885 −0.02011

MF-ADCCA
EINS 0.02372 0.10770 −0.02798
LSTM 0.02507 0.11252 −0.08636
GRU 0.02496 0.11118 −0.08178

Hidden neurons = 256, Time Horizons = 32, Learning rate = 1× 10−3

MF-DFA
EINS 0.02582 0.11069 −0.01666
LSTM 0.02727 0.11501 −0.07390
GRU 0.02699 0.11419 −0.06298

MF-ADCCA
EINS 0.02532 0.11003 0.00296
LSTM 0.02704 0.11489 −0.06500
GRU 0.02593 0.11145 −0.02102

Hidden neurons = 256, Time Horizons = 128, Learning rate = 1× 10−3

MF-DFA EINS 0.02366 0.10756 −0.02516
LSTM 0.02467 0.11103 −0.06923
GRU 0.02774 0.11885 −0.20226

MF-ADCCA EINS 0.02335 0.10705 −0.01197
LSTM 0.02419 0.10989 −0.04810
GRU 0.02418 0.11025 −0.04761

They also showed that three evaluation metrics values MSE, MAE, and R2 of MF-
ADCCA-based forecasting models outperformed MF-DFA under corresponding hyper-
parameters. However, the multifractal elements obtained by MF-ADCCA method lacked
stability when fitted into deep learning model due to proxy design diversities. Hence,
it is recommended to use indicators related to financial technical analysis as proxies for
MF-ADCCA method since prerequisite fintech knowledge is essential. It is noted that the
improvement in MF-ADCCA performance to multiple proxies mechanism allowed to retain
more time series’ past information indicating that asymmetric multifractal elements by MF-
ADCCA method as input features are applicable to time series forecasting in deep learning.

For deep neural network prediction performance, it examined the feasibility of combin-
ing neuroscience and brain science into deep learning algorithms. The results showed that
EINS prediction error is lower than LSTM and GRU under corresponding hyper-parameters
as its architecture and information flow are based on memristive synapse-coupled bi-neuron
networks to simulate synapse activity mechanisms during electric signals exchange and
chemical transmitters between neurons. It has a deep neural network model with neuro-
dynamics of spike alternation and neuro-transmitter transmission within neurons during
memory indicating that EINS is a significant comparison method for effectiveness and
reliability in time series prediction.
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5. Conclusions

This paper focused not only on predicting financial time series via EINS with asym-
metric Hurst exponent based on MF-ADCCA, but also examined the predictive capacities
of various asymmetric multifractal approaches in deep learning. The log return and volatil-
ity increment of Shanghai Stock Exchanges Composite Index (SSECI) from 2014 to 2020
are used as proxies for MF-ADCCA analysis. It used a moving-window MF-ADCCA to
estimate the asymmetric Hurst exponent, and a succeeding day log return predicted by
EINS using asymmetric Hurst exponent based on moving-window MF-ADCCA with log
return of past T days as input to examine MF-ADCCA predictive capacity in deep learning
to compare with MF-DFA-based RNNs model. A four-layer deep learning model structure
is constructed for time series forecast where two recurrent layers are connected by two
fully connected layers. Further, mean square error (MSE), mean absolute error (MAE), and
coefficient of determination (R2) are used to evaluate the models’ performances. The results
showed that MF-ADCCA outperformed MF-DFA in deep learning financial forecasting
tasks. Further, the biologically inspired EINS model achieved satisfactory performances for
effectiveness and reliability in time series prediction as compared with prevalent RNNs
such as LSTM and GRU.

The contributions of this paper are to (1) introduce a moving-window MF-ADCCA
method to calculate asymmetric Hurst exponent of the day using times series of the past T
days by setting q = 2 to obtain asymmetric Hurst exponent sequences that can be directly
used as an input feature for deep learning prediction and (2) evaluate various asymmetric
multifractal approaches performances for deep learning time series forecasting.

Future research will focus on other financial markets such as cryptocurrency markets,
gold markets, and other state-of-the-art multifractal methods as benchmarks.
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