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Abstract—Crude oil is fundamental for global growth and
stability. The factors influencing crude oil prices and more
generally, the oil market, are well known to be dynamic, volatile
and evolving. Subsequently, crude oil prediction is a complex
and notoriously difficult task. In this paper, we evaluate the
Multi-recurrent Network (MRN), a simple yet powerful recurrent
neural network, for oil price forecasting at various forecast
horizons. Although similar models, such as Long Short-Term
Memory (LSTM) networks, have shown some success in this
domain, the MRN is a comparatively simplified neural network
model which exhibits complex state-based memories that are both
flexible and rigid. We evaluate the MRN against the standard
Feedforward Multilayered Perceptron (FFMLP) and the Simple
Recurrent Network (SRN) in addition to the current state-of-
the-art LSTM for specifically modelling the shocks in oil prices
caused by the financial crisis. The in-sample data consists of
key indicator variables sampled across the pre-financial crisis
period (July 1969 to September 2003) and the out-sample data
used to evaluate the models, is before, during and beyond
the crisis (October 2003 to March 2015). We show that such
simple sluggish state-based models are superior to the FFMLP,
SRN and LSTM models. Furthermore, the MRN appears to
have discovered important latent features embedded within the
input signal five years prior to the 2008 financial crisis. This
suggests that the indicator variables could provide Central Banks
and governments with early warning indicators of impending
financial perturbations which we consider an invaluable finding
and worthy of further exploration.

I. INTRODUCTION

Approximately, 99 million barrels of petroleum were con-
sumed daily in 2018 [1]. Crude oil is therefore arguably the
world’s most important commodity, it is particularly key in
ensuring nations are able to meet their energy demands [2].
Furthermore, oil prices have a massive effect on the price
of other commodities and heavily influence macroeconomic
projections for gross domestic product and inflation [3], [4].
Accordingly, it is not surprising that forecasting tools for crude
oil prices are constantly being researched and developed [5].

These forecasting tools provide insight and foresight of
crude oil price trajectories and possible shocks, which aid the
attempts to reduce the associated risks to the economy from oil

price uncertainty. Recent shocks and their impacts have further
heightened interest in understanding oil price behaviour [6].
However, due to the number of factors that influence oil prices,
the evolving oil market dynamics and the increasing oil price
volatility, the oil price prediction task is not trivial [3].

Traditional statistical and econometric models have been
applied to the oil price prediction task. The most common
classes of models are linear and include Auto-Regressive In-
tegrated Moving Average (ARIMA) and Generalised / Autore-
gressive Conditional Heteroskedasticity (G/ARCH). However,
given the complexity of the task, the high non-linearity and
irregularity of oil prices, these methods are not able to capture
the underlying behaviour and dynamics sufficiently well [3].

Consequently, since 2001, researchers have applied Artifi-
cial Neural Networks (ANNs) to the task due to their non-
linearity and universal function approximation abilities [3].
An evaluation of ANNs for the task highlights the need
and importance of effective state-based memory in Recurrent
Neural Networks (RNNs) [7].

The embedded memory mechanisms found within RNNs
enable them to capture temporal dependencies in oil prices,
which are crucial for identifying latent interactions amongst
relevant feature variables thereby providing insights into their
evolving behaviour dynamics [8]. Authors have applied a
range of RNNss to the task; such as Simple Recurrent Network
(SRN) and current state-of-the-art, Long-Short Term Memory
(LSTM), and these models outperformed Feedforward Multi-
layered Perceptrons (FFMLPs).

While SRNs have provided better accuracy, they have a
simple memory mechanism which favours the most recent
state-based response over any historical responses. Conse-
quently, gradients concerning historical yet important input
observations typically begin to vanish quickly, thus limiting
their predictive ability. Similarly, LSTMs have been shown
to alleviate the vanishing gradient issue however, they use
a complex gating mechanism. Ulbricht [9] applied a simple
modification of the SRN, called the Multi-recurrent Network
(MRN), and others such as Tepper [10] have found that minor



modifications such as noise injection improved the learning
ability of MRNs and also the quality of their underlying
state dynamics. In this paper, we seek to identify whether
the MRN has the ability to capture shocks in oil price
trajectory and additionally identify if the MRN can provide
early indications of the 2008 financial crisis; which could then
be used by macroeconomic policymakers to mitigate against
any subsequent risk to economic stability.

The structure of this paper is as follows. A summary of the
existing approaches to modelling oil prices is given in Section
2, The methodology is given in Section 3. An empirical
application to oil prices and results are given in Section 4
and Section 5 concludes.

II. LITERATURE REVIEW

A summary of the key techniques used to predict crude
oil until 2013 is categorised by [2] into quantitative and
qualitative models. They further classify quantitative models
into econometric (e.g. time-series) and non-standard.

Traditional models such as ARIMA, ARCH, GARCH,
Markov Switching (MS) model, Regime Switching (RS)
model and the Random Walk (RW) model (which is a common
benchmark), have been widely applied to crude oil price
forecasting [11]. For example, in Sadorsky [12] the authors
reported the application of univariate and multivariate statis-
tical models, such as, RW, Historical mean model, Moving
Average (MA) model, Exponential Smoothing, Least squares
linear regression model, Auto-Regressive model, GARCH(1,1)
model, GARCH(1,1) in mean model with variance, Threshold
GARCH(1,1) model, State space model, Vector autoregression
and Bivariate GARCH (BIGARCH). The predictive value of
these models is typically evaluated with respect to the RW.
The random walk refers to a model where the best forecast of
the volatility for the next time step is the volatility of the
current time step and it indicates the efficiency of the oil
market!. These models were applied to daily closing future
price returns on West Texas Intermediate (WTI) crude oil,
heating oil, unleaded gasoline, and natural gas. The authors
show that the best model is dependent on the chosen series and
points out that most of these models outperform the random
walk. However, a number of these traditional methods are
linear methods and consequently, they are unable to predict the
structural shifts found in non-linear time-series data such as oil
prices properly. In addition, the need for iterative training and
parameter re-estimation is time-consuming without guaranteed
efficacy [13].

Due to the limitations of traditional statistical and econo-
metric models, machine learning techniques such as FFMLPs,
Support Vector Machine (SVMs) and Genetic Programming
(GP) have been employed. We focus on the application of
Artificial Neural Networks (ANNs) for crude oil prices fore-
casting. FFMLPs are considered a standard class of ANNs
which are biologically inspired models of machine learning

IPrices fully reflect all available information.

that can estimate powerful non-linear auto-regressive moving
average models under appropriate conditions [2].

In particular, Hamdi [3] provide a review on research that
has exploited FFMLPs for oil prices forecasting using data
samples up until 2015. Moshiri [13] forecast crude oil futures
prices for data samples between 1983 and 2003 using ARIMA,
GARCH and FFMLP models where they show that the
FFMLP outperformed the other models. However, Shabri and
Samsudin [14] point out that they suffer from local minima,
parameter selection sensitivity and over-fitting [15], [16], [17],
[18]. Natarajan [7] highlight the need of advanced models
such as RNNs for the oil price prediction task as FFMLPs
can not properly identify interactions between variables across
time thus they believe that the RNN’s ability to utilise past
observations recurrently is a more suitable approach for the
task.

RNNs, are ANNs with recurrent connections to the same or
preceding layers which creates a mechanism that is capable
of modelling sequential data for sequence recognition and
prediction. The hidden states in an RNN stores information
from previous states thus creating a memory for the network
[19]. This memory mechanism enables RNNs to handle se-
quential and time-series data properly thus enabling temporal
processing [20].

Hu [21] compared the performance of three neural net-
works; FFMLP, Elman’s SRN and Recurrent Fuzzy Neural
Network (RFNN). In particular, they found that the RFNN
had the best predictive power. Their results validate the ap-
propriateness of RNNs for oil price prediction task as both
RNNs outperformed the FFMLP. Some researchers, [22] used
Multiple Wavelet Recurrent Neural Network (MWRNN) to
predict the Brent and WTI crude oil prices. While, others
researchers [23] have applied the Long Short-Term Memory
(LSTM) to forecast crude oil prices between July 23, 2007 to
February 24, 2017. LSTMs have presented a lead to combat
the vanishing gradient problem by incorporating a gating
mechanism that uses feedback connections and controls feed-
back weights [24]. However, LSTMs are ad-hoc techniques
with high dimensionality and researchers such as [10] and
[25] debate whether there are more optimal architectures for
prediction tasks. Additionally, Chen, et al [23] argue that
LSTMs are not adaptable to new changes that occur when
predicting oil prices - we therefore maintain our focus on
enhanced variants of the much simpler SRN.

RNNs have been shown to be generally effective for the
oil prediction task. However, there are criticisms with the
methods currently employed for example; the recurrency in
SRNs enables the formation of temporal states. Nevertheless,
due to its simple feedback loops, the historical knowledge
(past inputs and states) decays rapidly [9]. Tepper [10] states
this decay occurs as early as 5 to 10 discrete time steps. In
this paper, we therefore seek to determine whether a slightly
more sophisticated class of SRN, the MRN, is better able to
capture the volatility and structural shocks naturally found in
the oil price trajectory and therefore effecting higher predictive
accuracy.



TABLE I
KEY INDICATOR VARIABLES OF OIL PRICES AND SOURCE FOR DATA.

Variable Data source

Real WTI Crude Oil Price, Month-End | Energy Information Admin-

Prices istration, BLS MacroTrends
Data Download

Gold Fixing Price 10:30 A.M. (London | DataStream

time) in London Bullion Market, based

in U.S. Dollars Average daily price

US External Trade: Goods, Defla- | DataStream

tor/Unit Value of Imports NADJ

US Unemployment Rate SADJ DataStream

US average weekly hours - Total Private | DataStream

Nonfarm VOLA

III. METHODOLOGY
A. Data

We use five common indicator variables to predict monthly
crude oil prices from July 1969 to March 2015, consisting
of 549 observations. (see. Table. I for data source). Monthly
data is preferred over daily data as there is less noise and
the signal is not obscured which is essential for learning in
the network.The change of direction for each variable was
calculated, this is indicative of the direction between any given
oil price and the month before and this was included as a
feature for prediction. The data was divided into training and
testing sets, training data accounted for 75% of the data and
the remaining 25% of the data was out-of-sample testing. In
particular, the in-sample (pre-financial crisis) was from July
1969 to September 2003 and the out-sample was from October
2003 to March 2015.

The data was transformed by standardization, where a
variable is transformed into a normal variable using the mean
and standard deviation. Muralidharan [26] shows that training
the network with standardized data yields better results (note:
the change of direction feature was not standardized). The
transformed variables and the change of direction as described
above are used as inputs for modelling thus for any given time,

there are 10 input variables.
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Fig. 1. The architecture of an MRN without noise injection (adapted from

[10]).

B. Multi-recurrent Neural Network (MRN)

Multi-recurrent Neural Networks (MRNs) originally pro-
posed by [9] are a class of RNNs with a combination of
repeated memory banks with varying strengths. These memory

banks comprise of feedback activations from the input, hidden
or output layers and previous memory states.

As shown in (1) and (2), the composition is determined
by a ratio of layer-level recurrency and self-recurrency within
a set of memory banks, with the link recurrency ratio and
number of memory banks being key hyper-parameters. The
ratio between these links determines whether we have a
sluggish or rapid memory and this memory in turn forms
the context of the network. Such a combination of different
degrees of recurrences enables rigid and flexible learning that
effectively captures both variant and invariant properties of the
time series [9].

The MRNs dynamic memory state enables it both to forget
and retain knowledge which is the catalyst for enhanced
performance [9]. In addition, the MRNs memory state enables
the formation of a more comprehensive averaged history which
is required when solving long term dependency problems [10],
[27].

An adapted MRN architecture without noise injection from
[10] is illustrated in Fig. 1 employing the following feedbacks:

1) Hidden layer recurrency: the hidden layer is fed back to
the input layer

2) Output layer recurrency: the output layer is fed back to
the input layer

3) Self-recurrent links for the context units

The MRN functions are as follows, given the inputs at time
t, I;, the hidden units at time ¢ — 1, H;_; and the hidden
memory at time ¢t — 1, M;_4, as

My, = (1/nn x Hi—) + (1= 1/na) x My_1,) (1)

where ny, is the total number of hidden memory banks, the
output units at time ¢ — 1, O;_; and the output memory at
time ¢t — 1, M;_4_ as:

M, =(1/no x Or—1) + (1 = 1/ny) x My—1,) (2)

where n, is the total number of output memory banks, and
their respective weights to the hidden layer W;,, Wy, , and
W, , the net hidden units at time t are calculated as:

];[t = Z Wih[t + Z W]thhMth, + Z WMohMto 3)

The hidden units at time t are derived by calculating the
sigmoid of the net input to the hidden units at time t using the
formula below:

Hy = f(Hy), f(z) =1/(1+ e 4)

and given the hidden units H; at time t and the hidden to
output weights W, the output units at time t are calculated
as:

Oy =Y Wy, H, (5)

To date, few researchers have successfully applied the MRN
for prediction tasks, for example; [9] for weather forecasting,
[28] for inflation forecasting, [29] for next word prediction
task and [10] for grammar prediction task where it faired
favourably with the LSTM. In addition, Tepper [10] also



demonstrated how the underlying representations formed by
the MRN were superior to those formed by the SRN, NARX
and Echo-state Network for a complex grammar induction
task, thus providing evidence that the MRN has the potential to
model oil prices and improve prediction accuracy. This paper
is the first to demonstrate conclusively the superiority of the
MRN over other RNNs for the oil-price prediction task.

C. Forecasting Methodology

Sliding Window: A sliding window technique with a
shift factor of 1 was used to generate the input sequences
(see Fig. 2). These sequences also known as temporal input
windows consist of a given number of previous input/output
observations along with the current observation and are used
as inputs at any given time-step to predict the output. The
length of the input window is empirically established for each
of the individual models evaluated.

Forecast Horizon: The desired output for any given time
step is determined by the forecast horizon, that is how many
months ahead the prediction is made.

For this task, the temporal input window size was between
60 and 300 monthly input observations to predict oil prices at
forecast horizons of 1, 3, 6 and 12 months ahead. A number
of experiments were undertaken to understand the impact on
prediction with varying window sizes and horizons for the
models.

X1, X2, X3|X4, X5, X, X7, Xg, X9, X10) X11) X125 X13, X14., wev wev wvs wus wnee Xag) X9, X50 ty
X1|X2, X3, X4)|X5, X6) X7, X8, X9, X10) X115 X125 X13) X14,, +00 vee wev vev vuee X8, X349, X50 ty
X1, X2,|X3, X4, X5,[X, X7, Xg, X9, X105 X115 X12, X13, X14, wov wev wuv wuv oo X48) X409, X550 ts

X1,X2,X3, X4, X5, X6, X7, X8, X9, X10) X11, X12, X13) X14, vev vee wevvenvuns

X48, X49, Xs0)| [

Fig. 2. Example of the sliding window technique with 50 input observations

D. Model Training

The MRN and SRN were trained with back-propagation
through time [30] for a fixed number of epochs with a decaying
learning rate that is, after each epoch, given n. as the total
number of epochs, the learning rate, L is recalculated as:

L=L-L/n, (6)

The models are treated as finite memory models and there-
fore the state memory is reset at the beginning of each input
sequence (window). For each time step, a sequence is fed
to the network as inputs and the network reads the inputs
sequentially (i.e. one month at a time).

Furthermore, a simple ensemble average of 6 models was
used as model forecasts?. Finally, the models were evaluated
using Root Mean Squared Error (RMSE) and Improvement
over Random Walk (IORW).

2A simple ensemble approach consistently appeared to be more computa-
tionally effective than cross-validation for this type of time series task.

IV. RESULTS AND DISCUSSION

In this section, the RW, FFMLP, SRN and MRN models will
be used for the oil price prediction task and comparative results
presented. The best of these models will then be compared
with the currently accepted state-of-the-art LSTM model.
Various combinations of parameters and hyper-parameters
were exploited for the task.

A. FFMLP, SRN and MRN

Random Walk (RW): For a RW model, the best prediction
of volatility for any time in the future is the current volatility.
The RW model is used as a benchmark.

Feedforward Multilayered Perceptrons (FFMLP): The
FFMLP model accounts for the time factor by mapping time
onto space, that is a fixed number (depending on the window
size) of monthly observations for each feature variable is
presented simultaneously as inputs to the FFMLP network.
There were 100 hidden units for all the FFMLP models with
an initial learning rate of 0.0007 and momentum of 0.0025.

Simple Recurrent Network (SRN): The SRN used is as
described in [31], the previous hidden state along with the
current observation is fed as inputs at any given time to the
network. The SRN models had 20 hidden units, an initial
learning rate of 0.01 and a momentum of 0.9999.

Multirecurrent Neural Network (MRN): The MRN com-
bined both hidden and output layer recurrency and similar to
the SRN, all the MRN models had 20 hidden units, with an
initial learning rate of 0.01 and a momentum of 0.9999.

A descriptive summary of the prediction accuracy for all the
models at 4 different horizons (1, 3, 6, 12) with 4 different
window sizes (60, 120, 240, 300) is shown below in Fig. 3.

The tables in Fig. 3 show the RMSEs for all the models
and IORWs for the neural networks (the best model for each
horizon is highlighted in red). In general, the RMSEs for the
MRN models are lower and they outperform both the FFMLP
and SRN models thus supporting [9] and [10] claim of superior
performance. This superior performance is attributed to the
MRNs ability to exploit and latch onto past information more
effectively which informs its prediction.

In particular, the FFMLP RMSE worsened as the window
size increased indicating its poor ability to handle and process
temporal data. On the other hand, the SRN in general had a
better performance with larger window sizes, particularly, a
window size of 240 had better prediction accuracy for both
a horizon of 6 and 12 than a window size of 300. These
results are indicative of the SRNs limited processing ability
due to its simple feedback loops which cause a rapid decay
of knowledge [9]. The MRN performed best with the largest
window size due to its ability to combine both ’flexible’ and
'rigid’ memory thus forming stable representations that can
latch onto important temporal invariant patterns.

The best models are visualised for each horizon, see Fig. 4
(note the window size varied for the best models). As expected

3The LSTM used a dropout regularization technique to reduce over-fitting
and an adam optimiser.



Random Walk
t+1 | t+3 | t+6 | t+12
RMSE 6.85602266 | 15.1886427 | 23.20913236 |  26.97517002
MLP.
Horizon t+1 t+3 t+6 t+12
RMSE___IORW | RMSE___IORW | RMSE___IORW | RMSE __TORW
g 60 | 11791 82.8025| 1.6810 88.9327] 22075 90.4886 | 2.3806 91.1750
z 120 | 13955 79.6460 | 2.4261 840270 | 2.2208 90.4314 | 24131 91.0544
é 240 | 1.3430 804110 | 3.0466 79.9416| 23965 89.6741| 2.3066 91.4491
= 300 | 1.5382 77.5647| 3.1619 79.1827] 23844 89.7266 ] 2.3838 91.1629
RMSE average | 13639 80.1061 | 25789 83.0210] 2.3023_ 90.0802 | 2.3710__91.2103
SRN
Horizon t+1 t+3 t+6 t+12
RMSE___IORW | RMSE__IORW | RMSE___IORW | RMSE___IORW
8 60 | 05591 91.8449| 09132 93.9879| 1.0890 953078 | 1.2670  95.3030
z 120 | 05403 92.1187] 0.8654 943020 1.1037 95.2447| 12947 952003
2 240 | 05033 92.6585| 0.8824 94.1901] 09654 958402 | 1.1127 958752
= 300 | 03761 945143) 08592 943431] 09749 957994 ] 1.1997 95.5527
RMSE average | 0.4947 92.7841| 0.8801 942058 | 1.0333_ 95.5480 ] 1.2185 054828
MRN
Horizon t+1 t+3 t+6 t+ 12
RMSE___IORW | RMSE___IORW | RMSE___IORW | RMSE__IORW
3 60 | 05330 92.2262] 0.8036 947093 1.0160 95.6223 | 1.2046 95.5344
z 120 | 04912 92.8358| 0.8726 942552| 1.0632 954193 | 1.1597 95.7010
é 240 | 04904 92.8467| 1.0193 93.2888| 1.0416 955121 | 1.3474 95.0049
= 300 | 0.3679 94.6346| 0.7455 95.0916| 0.9585 95.8702| 1.0152 96.2365
RMSE average | 0.4706_ 93.1358 | 0.8603 _94.3362] 1.0198 _95.6060] I.1817 _95.6192
Fig. 3. Descriptive Summary of Results for the test dataset
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Fig. 4. Crude oil price forecast for the best models for each horizon (the
in-sample is on the left of the vertical line and the out-sample on the right.)

the models performed best for the shortest horizon, ¢ + 1,
predicting a month ahead which has the least volatility than
the other horizons which are further ahead in time.*

The main impact and benefit of a model is seen in its
ability to estimate and model unseen data. The graphs in Fig. 4
shows that the FFMLP overfits on the training data (fitting too

4The point where the vertical line appears in the graph is dependent on the
window size and horizon which determine the number of observations.

closely to the training set) but generalizes poorly (deviating
when predicting the test set) which is indicative of the lack
of robustness in the FFMLP. The SRN and MRN appear to
have a good trade-off between over-fitting and generalizing. In
particular the MRN, outperformed the SRN as it consistently
had both a lower training RMSE and test RMSE thus showing
not only its appropriateness for the task but its ability to
deal with noise and recognise patterns in the signal better.
The MRN’s ability to capture temporal dependencies in the
evolving oil market and superior performance is consistent
with the improved learning, attributed to the varying degrees
of its embedded memory.

In addition, we see that the MRN’s prediction of crude oil
prices provides early indication of the 2008 financial crisis
thus showing the ability of the MRN to act as an Early
Warning System. This finding in and of itself is significant
as the MRN demonstrates that there is important latent signal
within the indicator variables to predict the perturbations in
oil prices 12 months ahead that would have been invaluable
to macroeconomic policy makers such as governments and
Central Banks. (Note that the MRNs weights are only tuned
up to September 2003, with the outsample data starting from
October 2003, showing the robustness of the results.)

B. MRN and LSTM

The LSTM has been widely accepted as the current state-
of-the-art. In particular, it has memory blocks and similar to
the MRN these blocks utilise self-connections to store the
temporal state. The LSTM has gates that control the flow and
storage of information and these gates are widely believed
to mitigate a common weakness of RNNs; gradient descent
problem which results in loss of information. Particularly,
the forget gates control what information is forgotten when
new information is obtained which is believed to ensure the
network retains valuable information which aids learning and
better prediction accuracy is achieved [32].

The MRN and LSTM differ mainly in information process-
ing, the MRN utilises and stores all the information in varying
capacity that is different strengths of memory thus providing
an averaged informed overview whereas the LSTM forgets
some information and retains others. Thus the LSTM has a
limited overview. In addition, the LSTM suffers from uncon-
trolled and uncoordinated writing (of information) leading to
chaos and overflow [23]. The best MRNs are compared to an
LSTM (see. Table. II), the MRNs are substantially simpler
in terms of architecture and number of free parameters and
achieve a better prediction accuracy.

V. CONCLUSION

In this paper, four neural network models, the FFMLP,
SRN, LSTM and MRN were applied for the crude oil price
prediction task. The performance of these models was bench-
marked against the random walk of crude oil prices. The
results obtained indicate that the MRN is consistently better
able to model crude oil prices more robustly than the other
models. We further demonstrate that the MRN is an effective



TABLE II
HYPER-PARAMETERS FOR EACH NETWORK AND COMPARATIVE NETWORK PERFORMANCE OF THE MRN AND LSTM.

Horizon 1 3 6 12
MRN LSTM MRN LSTM MRN LSTM MRN LSTM

Layer 3 4 3 4 3 4 3 4
Memory bank 9 0 5 0 8 0 7 0

Total trainable parameters | 2624 205,301 1664 52,651 2224 13,826 2144 810,601
Learning Rate 0.01 - 0.01 - 0.01 - 0.01 -
Momentum 0.9999 - 0.9999 - 0.9999 - 0.9999 -
Dropout - 0.7 - 0.9 - 0.9 - 1
RMSE test set 0.36785 0.4244 0.74552 0.70107 0.9585 0.99568 1.01521 1.15299

and comparatively simple modelling technique, compared to
the more complex state-of-the-art LSTM. In addition, it is a
strong candidate for an early warning model of impending
financial crises. The results show that there was important
information in the indicator variables 4-5 years before the
crisis. Additionally, varying window sizes and horizons were
exploited to identify the impact on the models performance
accuracy. Given the positive outcome of our experiments, fu-
ture work will involve further optimizing the gradient descent
learning algorithm to better utilize the architecture of the
MRN to determine the sluggish nature of the representations
formed to identify temporal patterns and provide early warning
signals for medical applications. Furthermore, the MRN will
be rigorously compared to other state-of-the-art techniques
for such early warning systems with an overriding evaluation
principles of parsimony, simplicity and interpretability.
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