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1|Introduction    

The Digital currency is a particular form of digital money created based on cryptography. Most digital 

currencies use blockchain to benefit from basic features such as decentralization, transparency, and 

immutability [1]. 
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Abstract 

The ease of converting an asset (such as stock or cryptocurrency) into cash or another asset without incurring a loss 

is referred to as liquidity, and the relationship between the time scale and the price scale of the investment represents 

this concept. The opposite of liquidity is illiquidity, which creates challenges in converting assets into cash in bearish 

markets. This paper examines the illiquidity of  Bitcoin (BTC) and presents hybrid approaches based on deep learning. 

The hybrid model combines spatial features with CNN and temporal features with RNN. BTC hash rate information 

was collected in 3 different periods to evaluate the combined approaches. Six combined models and seven basic 

models were considered to evaluate the results. The combined model, based on CNN and Bi-IndRNN, achieved the 

best results in the MAE evaluation criterion for all three intervals. This approach achieves MAEs of 0.51, 1.18, and 

4.97 for intervals I, II, and III, respectively. Additionally, the Pearson correlation analysis has shown that the two 

tasks of price prediction and illiquidity prediction are independent of each other, indicating that these tasks are 

completely separate. 
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  The decentralized nature of cryptocurrencies means that no single entity could exercise control over them. 

Cryptocurrencies can be sent over the Internet to another person directly without an intermediary. To carry 

out the transfer of digital currencies between themselves, people do not need to open a bank account or use 

the services of banks or any other intermediary organization [2]. They generate income with digital currencies 

that are created through various mechanisms. For some of these currencies, such as Bitcoin (BTC), mining is 

the process; for others, all coins have already been mined on the network [3]. 

Digital currencies rely on distributed ledger technology, one of whose key products is blockchain technology. 

Public blockchains, which most digital currencies employ, enable every single transaction to be viewed by 

both network members and outsiders [4]. 

Digital currencies enable users to send or receive money without disclosing their identities or visiting a bank 

[5]. Units of virtual currency are created through mining, wherein a vast amount of computer power is 

expended to perform calculations that solve incredibly complex problems, leading to coin production [6]. The 

currencies can be issued from exchanges and then used in encrypted wallets [7]. Cryptocurrencies and 

blockchain are still the babies from a financial perspective, and hence, so many applications will be developed 

in the future [5]. Transactions include bonds, stocks, and financial instruments exchangeable through this 

technology [8].  

The major variation between digital money and conventional money is how they are encrypted and 

stored. Digital money is stored as electronic data in computers or electronic wallets, unlike bank money [3]. 

Cryptocurrencies are untraceable, and none of them is regulated by any bank, money-generating institution, 

or even state. Digital money is transferred between peer-to-peer business places; a peer-to-peer setup is 

a setup where two users conduct transactions without relying on any central organization.  

Liquidity needs a solid and stable definition from an economic point of view; there have been 

numerous definitions that have considered this term at different levels and degrees. 

A very reasonable definition is having the capacity to trade a vast amount of money at a transaction cost that 

is cheap with little impact on the market price. Authors assume liquidity as the facility of an asset to be 

converted into cash or any other asset without loss and exhibit the relationship between an investment's time 

and price scale [9]. Since liquidity is a prime market factor and may reflect the quality of market performance, 

financial investors have always paid significance to liquidity. A whole and normative digital currency market 

would be extremely liquid; market investors would able to swap a certain proportion of hares at ease and at 

high velocity. The market is also able to complete the matching of funds and appreciation of fixed asset value. 

Also, the more liquidity in the market, the more investors will be attracted, the higher investor confidence, 

and external shocks avoided. Thus, knowing its accurate measurement is important in estimating the market 

risk and ensuring the market is stable. 

Currently, cryptocurrencies are the most valued assets to be traded, especially for international transactions. 

Cryptocurrencies have created a new bubble in the economy today, considering that they have recorded 

winning trends in the past. Thus, businesses and individuals have shown interest in investing in 

cryptocurrencies. However, the promise of making a profit is the most prominent consideration individuals 

make before making investments. Therefore, the investors are highly interested in observing the trend of the 

cryptocurrency market. BTC belongs to the initial group of cryptocurrencies that could be used in financial 

transactions. BTC uses a decentralized peer-to-peer network for archiving transactions in blockchain 

technology, and it is unstable in terms of time. It was about $0.5 in 2010, and it is currently around $28,000, 

with a maximum value of around $64,500 as of 04/14/2021. Thus, though BTC is used for investment, its 

price and illiquidity need to be predicted by traders. There are many endeavours to predict the price of BTC 

through machine learning, especially deep learning. However, few efforts have been made to predict its 

illiquidity. Accurate prediction is required to improve the security, stability and effectiveness of various 

technological elements on an international scale. However, even after years of study and monitoring of fluid 

data models, there isn't an instantaneous reaction in predicting future estimations completely. It may be seen 

from several types of research (literature) that aim to prove relevant information on data analysis and 
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  forecasting methods. Time series forecasting is among the usual topics of study that are highly significant for 

analyzing the patterns of existing and past data to predict future data. Online finance and BTC have gained 

increasing popularity and continue to shape the world's financial markets. Moreover, the virtual currency has 

attracted media interest. So many people have subscribed to this scheme. One of the most popular Google 

searches in the US and UK is "what is BTC?" Due to the number of users, cryptocurrencies are some of the 

most prohibited financial institutions in the world. Nonetheless, even though humans have the highest usage 

and involvement in cryptocurrencies, it is crucial to know the most appropriate methods of predicting as well 

as understanding the deep properties of cryptocurrencies. Therefore, literature has been presented in the 

follow-up of this research. 

The literature on cryptocurrency market liquidity is even newer than the literature on its volatility, and it has 

various research: 

I. Description of market structure: to which reference can be made to the study [10]. In the paper, the authors 

investigate investment in BTC by estimating daily trading behaviour and the transaction costs of the BTC-

USD exchange rate. They found that implicit transaction costs are extremely low, and the investment size is 

smaller than in major global markets. Furthermore, the depth is sufficient for midterm trades. BTC has a 

distinct intraday trend with high trade levels throughout the day. Transaction volume is positively related to 

volatility and inversely related to capital appreciation. Overall, their results show that BTC is most suited for 

consumer-level trade. 

II. The dynamics of volatility and liquidity [11], [12]: in [11], the liquidity of 456 different digital currencies was 

examined, showing that the predictability of digital currencies with high market liquidity returns was reduced. 

It was also shown that while BTC returns show evidence of efficiency, cryptocurrencies are autocorrelated and 

not independent. Their findings also illustrate a significant cross-sectional relation between panic intensity and 

liquidity. Therefore, they established the fact that liquidity is an important driver of market efficiency and 

return predictability of new digital currencies. Będowska-Sójka et al. [12] also checked whether digital 

currencies volatility and liquidity are related to each other or not. They considered 12 digital currencies having 

highly traded capital as their sample data. They considered daily and weekly liquidity. To investigate the 

dependence between digital currencies, they employed the causality approach. They used the asymmetric 

causality test to separate the effect of growth and volatility reduction from changes in liquidity and vice versa. 

In total, the empirical results show that high volatility is a Granger cause of high liquidity, meaning that high 

volatility attracts investors and leads to further interest in new financial instruments. The Granger causality 

test, a statistical hypothesis test for answering whether a time series is useful in predicting another, was first 

proposed in 1969. Regression tends to capture "pure" correlations. However, Clive Granger argued that 

economic causality could be tested by the degree to which it is possible to predict future values of one-time 

series based on past values of another time series. 

III. Liquidity forecasting: None of the above research has attempted to forecast or explain market liquidity for 

digital money. Moreover, as a result of the nature of the microstructure of such liquidity, writers [13] assert 

that it is more suitable to use non-parametric models to forecast it. They learned that the K-Nearest Neighbour 

(KNN) algorithm is better suited for the prediction of cryptocurrency market liquidity than a linear model such 

as the Autoregressive Moving Average (ARMA). They have different units in this research, such as the 

Canadian dollar, British pound, Ethereum, Australian dollar, Euro, Japanese yen, Danish krone, Mexican peso, 

South African rand, Swedish krona, Norwegian krone, Swiss franc, New Zealand dollar, BTC, Taiwanese 

dollar, Brazilian real, Ripple, Singaporean dollar, South Korean won. They compared short-term market 

liquidity forecasts of significant cryptocurrencies and fiat currencies using traditional time series models such 

as ARMA and GARCH and a non-parametric machine learning model known as the KNN method. They 

found that the KNN algorithm worked better with market liquidity's nonlinearity and complexity. Its market 

microstructure prediction of cryptocurrency and fiat prices was better than using ARMA and GARCH models. 

In this study, the three main goals are: 

I. Collecting BTC data at different intervals. 

II. Collection of different features and illiquidity labeling for different intervals. 
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  III. Predicting the illiquidity of BTC in different intervals. 

For this purpose, different approaches based on the RNNs  has been proposed, where the RNN network is 

responsible for extracting temporal features.The basic steps of the proposed model include the following 

steps: 

I. Collection of hash rate and historical BTC data. 

II. Data pre-processing (dividing data into different intervals, applying different indicators, imputing missing 

values, removing outliers and labelling data). 

III. Applying the RNN network to predicting illiquidity. 

2| Data collection 

This section will discuss data collection, preprocessing, feature selection, and the preparation of labels. 

Therefore, this section comprises the following subsections. An overview of the data collection is shown in 

Fig. 1. 

Fig. 1. Data collection and manipulation flowchart. 

 

2.1|Hash Rate Data Collection 

First, the BTC dataset, including the BTC hash rate, was collected. Features and prices of BTC data are 

downloadable for free online1. Data harvesting was performed similarly to [14]. The feature selection method 

picked a smaller group of  features out of the enormous feature set. Technical indicators: Simple Moving 

Average (SMA), Exponential Moving Average (EMA), Relative Strength Index (RSI), Weighted Moving 

Average (WMA), Standard Deviation (STD), Variance (VAR), Triple Exponential Moving Average (TRIX) 

and Rate of Change (ROC) were used with these data. Subsequent to pre-processing conducted by Mudassir 

et al. [14], instances of missing values were estimated using the linear interpolation technique wherever 

possible. For all regression as well as classification models, data were shuffled and divided into two datasets, 

namely the training set and the validation set. Twenty percent of the data was set aside for validation, and 

80% of the data was used for training. However, the Isolation Forest method, as proposed by Liu et al. [15], 

was applied to manage outliers. It removed approximately 14% of outlier values. Then, features applied for 

each interval are  presented in Table 1. 

 

1 Data used in this research were collected from https://bitinfocharts.com    

https://bitinfocharts.com/
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  Table 1. Features selected for each interval. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2.2|Illiquidity Label 

In [16], they employed a new illiquidity measurement approach, on which the foundation for the 

summarization of data in this work relies. Considering w,d,h, and m are to be utilized for the weekly, daily, 

hourly and minute period, and  all of them, the period is equal to w=[1,.,W] , d=[1,2,.,7], h=[00,01,.,23] and 

m=[00,01,.,59] and W is used for the weekly period in data collection. According to research [16], in order to 

measure volatility and volume patterns quantitatively, we define relative measures of volatility and volume in 

days, hours and minutes. We adopt the absolute return as a measure of volatility for this reason rather than 

the squared return. The reason is that absolute returns are less responsive than flat sections and are sufficient 

for measuring relative volatility. Absolute returns and strongly correlated amplitude-based measures are 

commonly used tools for estimating and measuring volatility. Absolute returns have the advantage of being 

able to be used, along with volume, to estimate some illiquidity measures below. Relative measures are more 

effective as mean variables are bounded between zero and one. 
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Their relative illiquidity measure was defined as follows: 

The data in three main intervals are given in Table 2. it was gathered. In this table, the amount of training and 

test data is given. 

Table 2. intervals of data and training and test size. 

 

 

 

 

 

3|Proposed Method 

 

Fig. 2. An overview of proposed CNNRNN model. 

 

Due to its advantages in combining the power of automatic feature extraction in CNN and the ability to 

capture long-term temporal dependencies in RNN, the CNN-RNN model has attracted the attention of many 

researchers in classi- fication and regression tasks. The convolution layer in the CNN-RNN separates the 

cross-correlation while preserving the deterministic and stochastic trends embedded among the input time 

series. It produces more accurate feature repre- sentations, enabling the RNN layers to detect the 

dependencies. Learn time more carefully. In addition to financial and textual applications, ensemble CNN-
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. (4) 

Dataset Interval 1 Interval 2 Interval 3 

Range 2013/04-2016/07 2013/04-2017/04 2013/04-2022/04 

# Records 1206 1462 3285 

#  Train (80%) 964 1169 2628 

# Test (20%) 242 293 657 
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RNN models enhanced with attention mechanisms have shown promise in hydrologic forecasting tasks, such 

as long-term flood prediction [17]. CNN- RNN networks for stock market prediction [18], named entity 

recognition [19], textual sentiment analysis [20], machine translation [21], facial expression recognition [22], 

and image description generation [23] have been used. 

In this research, we propose a CNN-RNN-based architecture to predict non- criticism. The topology of the 

proposed CNN-RNN architecture is shown in Fig. 2. The main goal of this method is to predict illiquidity 

using the CNN- RNN network. We formulate the original model with the function, which extracts spatio-

temporal features and predicts future illiquidity. Since a complex nonlinear mapping is expressed by 

accumulating multiple layers, we adopt a direct prediction strategy that avoids the accumulation of bias in the 

recursive strategy. The direct prediction strategy with the direct model h and its parameter ∅_h is formulated 

as follows: 

where [X{t−h}
ω = Rt−h, . . . , Rt−h−1] with time delay ω, ∅h  =  [Ψh, θh] are model 

parameters for the forecast horizon h, where Ψh is a set of hyperparameters and θh is also a set of parameters. 

et, h is the prediction error of Ψh. The proposed model performs forecasts for a 1-day forecast horizon for 

different intervals. The input element Rt is a sequence extracted from the characteristics of the BTC hash 

rate, which is discussed in the data collection section. Convolutional neural networks use filters to extract 

spatial features in time series. Fig. 2 shows the general architecture of CNN-RNN for predicting illiquidity. 

The proposed model for prediction includes two main steps. 

I. First, the data preprocessing step defines the meta-parameters that train the CNN-RNN model. Min-max 

normalization for each feature and slid- ing window is one of the most common preprocessing methods before 

the hyperparameter definition. 

II. Second, the modelling step adjusts the weights of the CNN-RNN model according to the defined meta-

parameters. To extract spatial-temporal fea- tures, we develop a convolutional pooling operation that models 

hidden correlations between hash rate features and a gating operation applied to a recurrent memory cell that 

models temporal relationships from time series data. 

The main configuration of the proposed approach consists of two main com- ponents, which are mentioned 

below: 

I. CNN for extracting spatial features: the 1D-CNN shown in Fig. 1 has three primary layers, including i) 

convolution layer, ii) pooling layer, and iii) output layer. The convolution layer is essential in DCNN, equipped 

with a kernel. The input data fed to the convolution layer are filtered to extract feature maps. A convolution 

kernel performs convolutions on the input data to learn multiple features. Convolution procedures create a 

powerful feature map in the convolution layer. By extracting local features on the input data, the number of 

network parameters and the complexity of the model are minimized. The convolution operation is as follows: 

where x ∈ Rn is the input and w ∈ R2m−1 is the kernel. The constructed feature map is then sent to the pooling 

layer (here Maxpooling was used), which is a subsection of the convolution layer. The pooling layer reduces 

the network parameters and dimensions by applying a downsampling tool. The following expression is used 

to calculate integration: 

where xj
n represents the output, xj

n−1 is the input of layer n, bj
n is the bias, Maxpooling(. ) is the down-sampling 

function, f(. ) is the activation function, and β represents the weights of the network. After pooling, the 

activator function is applied to the outputs. The activation function is a function that interacts with the 

ŷ = ∅h(X{t−h}
ω ;  θh) + et,h,                                     (5) 

h(t) = (x ∗ w)(t) = ∑ x(t − τ)ω(τ),

m

τ=−m

                                     (6) 

xj
n = f(βj

nMaxpoolingxj
n−1bj

n),                                                (7) 
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  neurons of the neural network and is responsible for converting inputs (output of the previous layer) into 

outputs. In the literature, various activation functions, including sigmoid,  corrected linear unit (ReLU), and 

its derivatives are often used. The sigmoid and functions have significant gradient vanishing values. On the 

other hand, ReLU, a non-saturated activation function, partially eliminates the vanishing gradient and 

accelerates the convergence. ReLU maps negative values to 0 and positive values to the same positive values. 

This function works as follows: 

After the pooling layer, the RNN network is located. This network can extract time series features from the 

convolution outputs. This relationship can be shown as follows: 

where ωk is the weight matrix, bk and xk−1 is the output of ReLU application. In the proposed structure, 

three RNN networks were used in simple and bi- directional modes. In the following, these networks are 

discussed. 

RNN for learning temporal features: 

Initially, the input features in the form of vectors denoted by x = [x<1>, x<2>, . . . , x<n>] are considered as 

inputs. This vector is already extracted by CNN in the first stage. This single-distributed vector should capture 

the meaning of the input. Having an input component s containing the attribute h, the output result of the 

encoding phase can be expressed as enc(s)  =  E, where E ⊆  Rh and the value of h represents a 

hyperparameter is shown. We used a recurrent network to encode the input layer. In this layer, the activated 

value in the hidden layer depends on the current input and output values of the previous step. In general, we 

will have the following: 

Where g is the recurrent cell, r<k> the current input feature,  h<k> the output of the hidden layer at time k, and 

hk-1 is the output of the hidden layer at time k-1 and θ_enc are the learnable parameters in the learning phase. 

Accordingly, the encoding phase is as follows: 

We used RNNs as a recurrent cell. Recurrent neural networks are feed-forward neural networks that are 

enhanced by including edges spanning adjacent time steps, adding a sense of time to the model. Edges 

connecting adjacent time steps, called recurrent edges, may form cycles, including cycles of length one that 

are self-connecting (from a node to it self over time). At time t, nodes with frequent edges receive input from 

the current data point x(t) as well as from the hidden node values ht−1 in the previous state of the network. 

The output  ŷ(t) at any time t is calculated according to the values of the hidden node h(t) at time t. An input 

x(t − 1) at time t −  1 can produce an output ŷ(t) at time t and beyond through repeated connections. The 

value of h(t) in each step is obtained through the following equation [24]: 

Also, the value of yˆt is obtained through the following relationship: 

Here, Wyh is the matrix of standard weights between the input and the hidden layer, and Whh is the matrix 

of recurrent weights between the hidden layer and itself in adjacent time steps. The vectors bh and by are bias 

parameters that allow each node to learn an offset. 

ReLU = {
x  if x > 0,
0  if x ≤ 0.

                                                        (8) 

yk = RNN (ωkxk−1 + bk),                                     (9) 

h<k> =  g(r<k>, hk−1;  θenc), (10) 

enc(S) = E = hk = g(rk, hk−1; θenc). (11) 

ht  =  σ(Whxx(t)  +  Whhh(t−1))  + bh). (12) 

ŷ(t) = softmax(Wyhh(t) + by).   (13) 
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The encoding layer is placed with RNN layers, which are discussed in the following three types of layers that 

are placed: 

LSTM: the LSTM input in step 𝑇 is the vector X ∈ RE. The hidden vector sequence is in LSTM, is calculated 

by the following equations: 

Where i the input gate, o the output gate, f the forget gate, and g the update gate, [Wi,Wf ,Wg,Wo, bi, bf , bg, bo] 

is the set of parameters to be learned. qk is updated through the following relationship: 

where the ⨀ symbol represents the element-wise product between two vec- tors. Finally, the activation of the 

cell is accomplished through the following relationship: 

This network can also be used in bidirectional mode. The Bi-LSTM model is built on a simple LSTM network. 

In each cycle, the forward LSTM network (on the input order) and the inverse LSTM network (on the input 

inverse) are trained separately and connected to the same output layer. This model is formulated as follows 

[25]: 

Gated Recurrent Unit (GRU): The inputs of the GRU layer are vectors obtained through CNN layer and the 

output is calculated through the following equations. 

where 𝑧𝑡 is update gate, rt is rest gate, ht is candidate gate, and ht is output activation. WZ,WR,Wh, UZ, UR , UN 

are learnable matrixes, bn, bz, br are learnable biases, σ is sigmoid activation function, and is an element-wise 

multi-plication. 

Bidirectional of this model can be defined as follows: 

Right direction: 

fK = σ(Wfr
k + Ufh

k−1 + bf).                                        

ik = σ(wir
k + Uih

k−1 + bi).                                               

gk = tanh(wgr
k + Ugh

k−1 + bg).                                        

ok = σ(wor
k + Uoh

k−1 + bo). 

(14) 

qk = fk⨀qk−1 + ik⨀gk,                                     (15) 

hk = ok⨀tanh(qk).  

ht
⃗⃗  ⃗ = LSTM⃗⃗⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗(ht−1, ωt, ct−1)), t ∈ [1, T], 

ht
⃖⃗ ⃗⃗ = LSTM⃖⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ (ht+1, ωt, ct+1)), t ∈ [T, 1], 

ht = [ht
⃗⃗  ⃗, ht

⃖⃗ ⃗⃗ ].                                 

(16) 

zt = σ(wzxt + Uzht−1) + bz. 

rt = σ(wrxt + Urht−1) + br. 

ht
′ = (1 − z)ht−1 + ztht

′ ,  

(17) 

z t
i = δ(W⃗⃗⃗ 

i
xxt

i + U⃗⃗ i
rht−1

i ). 

rt⃗⃗ 
i
= δ(W⃗⃗⃗ 

i
rxt

i + U⃗⃗ i
rht−1

i ). 

ht
⃗⃗  ̃⃗ = tanh(W⃗⃗⃗ 

ixt + rt
oU⃗⃗ tht−1). 

(18) 
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 Left  direction:  

 

 

 

 

 

 

The final output from the two-mode combination is obtained as follows: 

Independent Recurrent Neural Network (IndRNN): IndRNN was pro- posed in [26] as a main component 

of RNN, which is as follows: 

Where xt ∈ RM and ht ∈ RN are the input and hidden state in time step t, respectively, W ∈ RN∗M , u ∈ RN and 

b ∈ RN are the weight of current input, return input and bias of neurons.   represents the Hadamard product 

(element product). σ is the essential activation function of neurons, which is Revised Linear Unit (ReLU) in 

this paper, and N is the number of neurons in the IndRNN layer. Bi-directional mode of this model can be 

defined as follows: 

The final output from the two-mode combination is obtained as follows: 

 

4|Experimental Result 

First, in Table 4, the results of the proposed approaches and the proposed approaches in [14] article, which 

were used to predict the price of BTC, are given. These approaches are as follows: 

I. ANN: the neural network that the authors considered includes the following hyperparameters. 

II. Optimizer: adam was considered for this purpose (this value was also consid- ered in this research). 

III. Hidden layers (neurons): two fully connected layers were considered, each layer having 128 neurons. 

IV. Learning rate: the value of 0.08 was considered for this purpose. 

V. Epoch: 5000 was considered, which was integrated with early stopping to avoid overfitting. 

VI. Batch size: the value of 64 was considered for this purpose. 

VII. Activation: set according to ReLU issues. 

VIII. Loss function: logcosh is set. 

This network is used in two modes of regression and classification in the basic article, and we used the 

regression mode to predict illiquidity. 

h⃗ t
i = zt

iht−1
i + (1 − zt

i)ht−1
i .                            

z⃖t
i = δ(W⃗⃗⃗⃖i

zxt
i + U⃗⃗⃖t

iht−1
i ). 

r⃖t
i = δ(W⃗⃗⃗⃖i

rxt
i + U⃗⃗⃖i

rht−1
i ). 

ht
⃖⃗ ⃗̃⃗ = tanh(W⃗⃗⃗⃖ixt + rt

oU⃗⃗⃖tht−1). 

h⃖⃗t
i = zt

iht−1
i + (1 − zt

i)ht−1
i .                                   

(19) 

yt = Softmax(U[h⃗ t
i , h⃖⃗t

i]). (20) 

ht = σ(Wxt + u⨀ht−1 + b),                             (21) 

h⃗ t = σ(w⃗⃗⃗ xt + μ⃗ ⊙ ht−1
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  + b⃗ ). 

h⃖⃗t = σ(w⃗⃗⃗ xt + μ⃗⃖ ⊙ h⃖⃗t−1 + b⃗⃖).  
 

ht = [h⃗ t, h⃖⃗t].                                     (22) 
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  I. Stacked Artificial Neural Network (SANN): stacked models are generally created from the combination of 

several models or the output of several models. In the basic article, 5 ANN networks were used with the 

settings mentioned in the ANN approach. Stacked Artificial Neural Network (SANN) consists of 5 separate 

ANN models that are used to train a larger ANN. Each model is trained in a separate layer. Since ANNs are 

stochastic, each trained model has different weights that enable them to learn their differences well. The final 

ANN uses the results of these models. This network is used in two modes of regression and classification in 

the basic article, and we used the regression mode to predict illiquidity. 

II. Support Vector Machines (SVM): SVM is one of the most popular supervised learning algorithms used for 

classification as well as regression problems. The goal of SVM is to create the best decision line or boundary 

that can separate the n-dimensional space into classes so that we can easily assign a new data point to the 

correct category in the future. This border of the best decision is called hyperplane or margin. This algorithm 

selects the extreme points/vectors that help create the hyperplane. These extreme cases are called support 

vectors, and hence, the algorithm is called a SVM. For small data sets, SVM can provide predictions with a 

low error rate without requiring much training time. In the basic article, this approach is considered with the 

Gaussian RBF kernel, which was considered only in its regression mode (SVR) to predict the illiquidity of 

this approach. 

III. Long short-term memory: this approach is an RNN network that was previously discussed in the proposed 

method section. This approach is used in both regression and classification modes, and in this research, its 

regression mode was used depending on the type of labels. 

To evaluate the performance of regression models, the criteria Mean Absolute Error (MAE) and Mean 

Absolute Percentage Error (MAPE) were used. A model with low MAE and MAPE is desirable. 
 

Table 3. The results were obtained using the baseline approaches and the proposed 

approaches in two random and linear data-splitting policies. 

 

 

 

 

 

 

 

 

 

Validation Method ↓ 

 

Metrics → MAE ($) MAPE (%) 

Intervals → I II III I II III 

Random Split (Run) 
 

ANN 1.05 8.12 6.37 3.00 8.22 1.32 

SVM 1.23 5.37 9.47 0.96 2.09 2.21 

SANN 1.06 5.77 7.45 2.96 6.13 1.22 

LSTM 0.55 4.47 5.54 0.68 1.70 1.11 

Simple RNN 1.22 2.41 9.40 0.98 2.53 2.01 

GRU 1.45 3.65 6.66 0.69 1.91 1.12 

IndRNN 0.52 1.21 5.01 0.65 1.83 1.12 

CNN+LSTM 0.65 1.32 4.02 0.62 1.98 1.19 

CNN+BI-LSTM 0.51 1.18 5.00 0.62 1.76 1.17 

CNN+GRU 0.57 1.31 5.39 0.87 1.94 1.25 

CNN+BI-GRU 0.86 1.56 6.73 0.99 2.04 2.85 

CNN+ IndRNN 0.51 1.19 4.98 0.61 1.77 1.08 

CNN+ Bi-IndRNN 0.51 1.18 4.97 0.61 1.76 1.10 
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  Table 3. Continued. 

 

 

 

 

 

 

 

 

 

 

 

 

The Keras1 was used to implement the ANN, SANN, LSTM, and proposed approaches. for SVM a 

implementation the SKlearn2 library was used. 

The results of regression models for three intervals are given in Table 4. In the first interval, from April 2013 

to July 2016, BTC prices did not experience much volatility; hence, illiquidity was also low. In this interval, all 

the models have performed the predictions well. In Random Split (Paper) mode, the ANN model achieved 

MAE=1.05 and MAPE=3.00 in interval I. This model reached MAE=8.12 and 6.37 in intervals II and III, 

respectively. In interval I, the SVM model provided weaker results than the ANN approach regarding MAE. 

This approach reached MAE=1.23 and MAPE=0.96. The SVM approach in interval III also obtained weaker 

results than ANN. However, in interval II, the SVM approach achieved MAE=5.37 and MAPE=2.09. 

The SANN approach, a combination of ANNs, achieved MAE=1.06 and MAPE=2.96 in the interval I, which 

has performed better than ANN and SVM approaches 

in terms of MAE. In interval II, this approach achieved MAE=5.77 and MAPE=6.13. The SANN approach 

reached MAE=7.45 in Interval III, which provided weaker results than the ANN approach. The LSTM 

approach ob- tained more acceptable results than ANN, SVM and SANN. This approach reached MAE=0.55 

and MAPE=0.68 in the interval I. This approach reached MAE=4.47 and 5.54 in intervals II and III, 

respectively. Also, this approach reached MAPE=1.70 and 1.11 in intervals II and III, respectively. The simple 

RNN model was able to reach MAE=1.22 and MAPE=0.98. This approach reached MAE=2.41 and 

MAPE=2.53 in interval II. Interval III presented weaker results and reached MAE=9.40 and MAPE=2.01. 

The GRU model obtained the worst results among the comparative and proposed models in interval I. This 

approach reached MAE=1.45 and MAPE=0.69 for inter- val I. Also, this approach obtained values of 

MAE=3.65 and RMSE=1.91 for interval II. This approach provided weaker results in interval III and reached 

MAE=6.66 and RMSE=1.12. The IndRNN model was able to reach MAE=0.52 and MAPE=0.65 in interval 

I. Also, this approach recorded 1.21 and 5.01 values for MAE and 5.01 and 1.12 values for MAPE in intervals 

II and III. The proposed combined approaches provided results comparable to other approaches. This 

approach, combined with LSTM, obtained MAE equal to 0.65, 1.32, and 4.02 for intervals I, II, and III, 

respectively. Also, this approach obtained MAPE equal to 0.62, 1.98, and 1.19 for intervals I, II, and III, 

respectively. This approach, combined with Bi-LSTM, reached MAE=0.51 and MAPE=0.62 in interval I. 

Also, the CNN+BI-LSTM model reached MAE=1.18 and MAE=5.00 in intervals II and II, respectively, and 

 

1 https://keras.io/                                                                                                    2 https://scikit-learn.org/   

Validation Method ↓ 
 

Metrics → MAE ($) MAPE (%) 

Intervals → I II III I II III 

Linear Split (Run) ANN 8.21 9.4 8.50 5.70 22.2 3.21 

SVM 2.04 6.19 9.87 0.87 14.49 7.51 

SANN 2.75 12.7 12.13 3.89 9.58 2.10 

LSTM 2.83 5.02 14.77 3.75 1.18 2.51 

Simple RNN 2.05 6.12 6.10 0.90 1.51 7.92 

GRU 2.40 5.67 4.87 3.80 1.90 3.01 

IndRNN 2.01 4.80 3.89 3.70 1.15 2.42 

CNN+LSTM 2.81 4.97 14.65 3.73 1.19 2.51 

CNN+BI-LSTM 2.82 5.05 14.65 3.74 1.17 2.51 

CNN+GRU 2.39 5.67 4.46 3.79 1.87 2.91 

CNN+BI-GRU 2.37 5.45 4.47 3.78 1.86 2.94 

CNN+ IndRNN 2.00 4.81 3.91 3.69 1.16 2.40 

CNN+ Bi-IndRNN 2.00 4.83 3.92 3.69 1.17 2.43 

https://keras.io/
https://scikit-learn.org/
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  this value was equal to 1.76 and 1.17 in the MAPE criterion, respectively. In the interval I, the proposed 

approach, in combination with GRU and Bi-GRU, obtained MAE=0.57 and 0.86 and MAPE=0.87 and 1.94, 

respectively. This approach also obtained MAE=1.31 and 1.56 and MAPE=1.94 and 2.04 in In- terval II 

combined with GRU and Bi-GRU. In interval III, this model provided weaker results. Combined with GRU 

and Bi-GRU approaches, this approach reached MAE=5.39 and 6.73 and MAPE=1.25 and 2.85, respectively. 

In the interval I, the CNN+IndRNN and CNN+Bi-IndRNN approaches could reach MAE=1.51 and 

MAPE=0.61, respectively. These two approaches also ob- tained close results regarding MAE and MAPE in 

Interval II. In interval II, the CNN+ IndRNN approach reached MAE=1.19 and MAPE=1.77, and the 

CNN+ Bi-IndRNN approach reached MAE=4.97 and MAPE=1.10. 

Table 3 also shows the base line results and proposed approaches in the Linear Split (Run) policy. ANN model 

in Linear Split could reach MAE=8.21 and MAPE=5.70 in interval I. The SVM model has obtained more 

acceptable results in interval I than ANN. This approach was able to reach MAE=2.04 and MAPE=0.87. 

This approach reached MAE=6.19 and MAPE=14.49 in interval II. In interval III, the SVM approach’s 

results were weaker than the ANN approach. The SVM approach reached MAE=9.87 and RMSE=7.51 in 

this interval. Compared to SVM, the SANN approach obtained weaker results; compared to ANN, it obtained 

better results in interval I. This approach was able to achieve MAE=2.75 and MAPE=3.89 in Interval I. Also, 

in interval II, this approach reached MAE=12.7 and MAPE=14.49. In interval III, the re- sults of this 

approach in the MAE criterion were worse than those of SVM and ANN. This approach reached MAE=12.13 

and MAPE=2.10 in Interval III. The LSTM approach in the interval I left poor results; this approach reached 

MAE=2.83 and MAPE=3.75, which was better than the ANN approaches and worse than the SVM and 

SANN approaches. The best results obtained by this approach were in interval II, which reached MAE=5.2 

and MAPE=1.18. The Simple RNN approach obtained better results in interval I compared to the reviewed 

approaches. This approach reached MAE=2.05 and MAPE=0.90 in the interval I; compared to LSTM, it has 

improved about 0.78 in MAE. In interval II, this approach provided weaker results than LSTM in MAE. Also, 

compared to LSTM, this approach reached MAE=6.10 in interval III, which has improved by about 8.67. 

The GRU approach obtained the lowest MAE in Interval I and the worst MAE in Interval II. This approach 

obtained MAE=2.40 and MAE=5.67 for intervals I and II, respectively. IndRNN- based approaches obtain 

the lowest MAE for intervals I, II, and III. The IndRNN approach was obtained for Interval I (MAE=2.01 

and MAPE=3.07), Interval II (MAE=4.08 and MAPE=1.15), and Interval III (MAE=3.89 and MAPE=2.42). 

The CNN+ IndRNN approach obtained Interval I (MAE=2.00 and MAPE=3.69), Interval II (MAE=4.81 

and MAPE=1.16), and Interval III (MAE=3.91 and MAPE=2.40). Also, the CNN+ Bi-IndRNN approach 

was able to obtain Interval I (MAE=2.00 and MAPE=3.69), Interval II (MAE=4.83 and MAPE=1.17), and 

Interval III (MAE=3.92 and MAPE=2.43). The com- bined approach of CNN and LSTM in two modes, Bi-

directional and simple, obtained almost equal results in two intervals, I and II. In the CNN+GRU and 

CNN+Bi-GRU approaches, these results were almost close to each other. The bar chart of the comparative 

approaches and the proposed approaches are given in Figs. 3-6. The proposed CNN+ Bi-IndRNN approach 

has reached the lowest MAE values in all three intervals. 

Fig. 5 shows the confusion matrix for different models in price prediction and illiquidity prediction tasks. 

Correlation is used to quantify the relationship between variables. The purpose of presenting confusion 

matrices is to show the relationship between the two tasks of price prediction and illiquidity prediction. First, 

Fig. 7 shows the relationship between forecasting ap- proaches. According to this matrix, it can be concluded 

that price prediction and illiquidity prediction models have a negative correlation. This correlation is shown 

with lower intensity in Fig. 8. It can be concluded that these two tasks are entirely different from each other, 

and there is no connection between them. 
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Fig. 1. Random MAPE.  

Fig. 4. Random MAE. 
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Fig. 2. Linrear split MAPE. 

 

Fig. 3. Linrear split MAE. 
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Fig. 4. Correlation Model between price prediction and illiquidity predication.  

 

Warm colors (red) indicate a positive correlation, cool colors (blue) indicate a negative correlation (random 

split).  

Fig. 5. Correlation model between price prediction and illiquidity predication. 

 

Warm colors (red) indicate a positive correlation, cool colors (blue) indicate a negative correlation (linear 

split). 

5|Conclusion 

This research aimed to predict short-term and medium-term BTC market illiquidity using time series 

models and machine learning algorithms. We found that the IndRNN algorithm is a better predictor than 

other approaches due to the nonlinearity of market liquidity and the complexity of its market mi- crostructure. 

Considering a time series analysis, the IndRNN model performs better for capturing short-term liquidity, while 

the LSTM and GRU models also provide acceptable results. Despite the above results, limitations in this study can 

be seen. First, the sample used in this study is small; the data history used in this research is considered in the daily 

interval, which reduces the number of training samples. Secondly, base crypto currencies and altcoins have much 

less history than BTC, which makes it challenging to present a model for them. For future research, other 
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  GARCH-type models can be investigated in comparative analysis, such as the VAR-BEKK-GARCH model 

proposed by Yu et al. [27] for time series of log spreads. The challenge ahead in this issue is that some intervals 

rarely occur. Each of these intervals can be mapped to classes, and depending on the minority classes, minority 

class control methods can be applied. 
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   λ σ day  ( d ) ≡  1   N d   ∑ w    7   ∑  h ,   m  |  y τ ( w ,   d ,   h   , m ) |    ∑  i = 0 6    ∑  h , m   |  y τ  ( w ,   d − i , h , m ) | and    λ V day  ( d ) ≡  1   N d   ∑ w    7   ∑  h ,   m   V τ  ( w , d , h , m )    ∑  i = 0 6    ∑  h , m   V τ  ( w , d − i , h , m ) .
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   λ σ minute  ( m ) ≡  1   N m   ∑  w , d , h    60 ∗  |  y τ  ( w ,   d ,   h   , m ) |    ∑  k = 0 59   |  y τ  ( w ,   d , h − j , m ) | and    λ V minute  ( h ) ≡  1   N m   ∑  w , d , h    60 ∗  V τ  ( w ,   d ,   h   , m )    ∑  k = 0 59   V τ  ( w ,   d − i ,   h   , m ) .  


   λ IIliquid day  ( d ) ≡  1   N h   ∑  w , d    Illiq  ( w ,   d ,   h   )    ∑  j = 0 6  Illiq  ( w ,   d ,   h − j   )   where   lliq  ( w ,   d ,   h   ) ≡     ∑ m   |  y τ  ( w , d , h , m ) |   V τ  ( w , d , h ) .


   y ^ =  ∅ h  (  X   { t − h } ω ;    θ h ) +  e  t , h ,                                                                        


  [  X   { t − h } ω =  R  t − h ,   . . . ,    R  t − h − 1 ]


  ω


   ∅ h   =   [  Ψ h ,    θ h ]


   Ψ h


   θ h


  h


   Ψ h


   R t


  h  ( t ) =  ( x ∗ w )  ( t ) =   ∑  τ = − m m  x  ( t − τ ) ω  ( τ ) ,                                                                        


  x ∈  R n


  w ∈  R  2 m − 1


   x j n = f  (  β j n Ma  x pooling  x j  n − 1  b j n ) ,                                                                                              


   x j n


   x j  n − 1


  n


   b j n


  Ma  x pooling ( . )


  f ( . )


  β


  ReLU =  {    x     if   x > 0 ,   0     if   x ≤ 0 .                                                                                                              


   y k = RNN    (  ω k  x  k − 1 +  b k ) ,                                                                        


   ω k


   x  k − 1


  x = [  x  < 1 > ,    x  < 2 > ,   . . . ,    x  < n > ]


  enc ( s )   =   E


  E   ⊆    R h


   h  < k > =   g  (  r  < k > ,    h  k − 1 ;    θ enc ) ,


  enc  ( S ) = E =  h k = g  (  r k ,    h  k − 1 ;  θ enc ) .


  x ( t )


   h  t − 1


     y ^  ( t )


  x ( t − 1 )


  t   −   1


     y ^  ( t )


   h t   =   σ (  W hx  x   ( t )   +    W hh  h   ( t − 1 ) )   +    b h ) .


     y ^  ( t ) = softmax  (  W yh  h   ( t ) +  b y ) .    


   W yh


   W hh


  T


   f K = σ  (  W f  r k +  U f  h  k − 1 +  b f ) .                                                                              


   i k = σ  (  w i  r k +  U i  h  k − 1 +  b i ) .                                                                                            


   i k = σ  (  w i  r k +  U i  h  k − 1 +  b i ) .                                                                                            


   g k =  tanh ⁡   (  w g  r k +  U g  h  k − 1 +  b g ) .                                                                              


   g k =  tanh ⁡   (  w g  r k +  U g  h  k − 1 +  b g ) .                                                                              


   o k = σ  (  w o  r k +  U o  h  k − 1 +  b o ) .


   o k = σ  (  w o  r k +  U o  h  k − 1 +  b o ) .


  i


  [  W i ,    W f   ,    W g ,    W o ,    b i ,    b f   ,    b g ,    b o ]


   q k


   q k =  f k ⨀  q  k − 1 +  i k ⨀  g k ,                                                                        


  ⨀


   h k =  o k ⨀ tanh ⁡ (  q k ) .


     h t → =  LSTM → (  h  t − 1 ,    ω t ,  c  t − 1 ) ) ,     t ∈ [ 1 , T ] ,


     h t ⃖ =  LSTM ⃖ (  h  t + 1 ,    ω t ,  c  t + 1 ) ) ,     t ∈ [ T , 1 ] ,


     h t ⃖ =  LSTM ⃖ (  h  t + 1 ,    ω t ,  c  t + 1 ) ) ,     t ∈ [ T , 1 ] ,


   h t =  [    h t → ,    h t ⃖ ] .                                                                


   h t =  [    h t → ,    h t ⃖ ] .                                                                


   z t = σ  (  w z  x t +  U z  h  t − 1 ) +  b z .


   r t = σ  (  w r  x t +  U r  h  t − 1 ) +  b r .


   r t = σ  (  w r  x t +  U r  h  t − 1 ) +  b r .


   h t ′ =  ( 1 − z )  h  t − 1 +  z t  h t ′ ,  


   h t ′ =  ( 1 − z )  h  t − 1 +  z t  h t ′ ,  


    z  t


   r t  


   h t


   h t


   W Z ,    W R ,    W h ,    U Z ,    U R   ,    U N


   b n ,    b z ,    b r


  σ


     z → t i = δ  (    W → i x  x t i +    U → i r  h  t − 1 i ) .


       r t → i = δ  (    W → i r  x t i +    U → i r  h  t − 1 i ) .


       r t → i = δ  (    W → i r  x t i +    U → i r  h  t − 1 i ) .


       h t → ~ =  tanh ⁡   (    W → i  x t +  r t o    U → t  h  t − 1 ) .


       h t → ~ =  tanh ⁡   (    W → i  x t +  r t o    U → t  h  t − 1 ) .


     h → t i =  z t i  h  t − 1 i +  ( 1 −  z t i )  h  t − 1 i .                                                      


     z ⃖ t i = δ  (    W ⃖ i z  x t i +    U ⃖ t i  h  t − 1 i ) .


     r ⃖ t i = δ  (    W ⃖ i r  x t i +    U ⃖ i r  h  t − 1 i ) .


     r ⃖ t i = δ  (    W ⃖ i r  x t i +    U ⃖ i r  h  t − 1 i ) .


       h t ⃖ ~ =  tanh ⁡   (    W ⃖ i  x t +  r t o    U ⃖ t  h  t − 1 ) .


       h t ⃖ ~ =  tanh ⁡   (    W ⃖ i  x t +  r t o    U ⃖ t  h  t − 1 ) .


     h ⃖ t i =  z t i  h  t − 1 i +  ( 1 −  z t i )  h  t − 1 i .                                                                    


     h ⃖ t i =  z t i  h  t − 1 i +  ( 1 −  z t i )  h  t − 1 i .                                                                    


   y t = Softmax  ( U  [    h → t i ,    h ⃖ t i ] ) .


   h t = σ  ( W  x t + u  ⨀   h  t − 1 + b ) ,                                                        


   x t ∈  R M


   h t ∈  R N


  W ∈  R  N ∗ M


  u ∈  R N


  b ∈  R N


  σ


  N


     h → t = σ  (  w →  x t +  μ → ⊙    h  t − 1 → +  b → ) .


     h ⃖ t = σ  (  w →  x t +  μ ⃖ ⊙    h ⃖  t − 1 +  b ⃖ ) .  


     h ⃖ t = σ  (  w →  x t +  μ ⃖ ⊙    h ⃖  t − 1 +  b ⃖ ) .  


   h t =  [    h → t ,    h ⃖ t ] .                                                                        

