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Abstract: The financial crisis augmented the need to predict real estate prices. The current study
examines the application of Artificial Neural Network (ANN) model and Vector Autoregressive
(VAR) model in forecasting real estate prices. The study uses daily observations, which accounted
for a total of 2955 observations collected. We found that ANN outperformed significantly the VAR
model providing evidence that these models can be used for valuation purposes in the area of real
estate and financial markets. These findings are novel and important as they provide evidence of
the usefulness of more sophisticated methodologies for market participants and regulators in real
estate and financial markets.
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1. Introduction

The high cost of global financial crisis and the following Covid-19 pandemic, made economic
problems worse and increased the pressure to regulators and politicians, towards more accurate
prediction models in markets to achieve efficient allocation of scarce resources. Neural Networks
(NN) gained popularity in the past few decades [1] and the term ‘neural network and prediction’,
appeared in searching engines approximately 10,850 at its peak in 2017, and resulted in 892 new
publications (based on the Scopus database). This indicates that NN is an active area of research,
many of which focus on solving prognostic problems. The Artificial Neural Networks (ANN) can be
described as a mathematical in-put-output model inspired by a biological nervous system. The main
basic element that ANN is made up of are called “artificial neurons,” which have a similar function
as a real neuron. The biological neuron is constituted of dendrites, somatic cells, and axons, where
the equivalent in an artificial neuron is weighted input, activation function, and output respectively.

Four main characteristics of the neural network distinguished [2] are: non-linearity the input-
output function is a result not only of a complex neuron structure but also interlinks between other
neurons, non-limited number of neurons, non-qualitative due to its iterative nature, non-convex the
system has more than one stable equilibrium point. Most importantly neural networks have the
ability to self-adaptation/learning and self-organizing.

The Artificial Neural Network is classified as a machine learning algorithm, due to its ability to
recognize the patterns and memorize them. It is achieved by the complex net-work of neurons that
comprises input layer, hidden layers, and output layer.

The proposed research is a comparative study between the Vector Auto Regression (VAR) model
and Machine Learning (ML) based model for forecasting FTSE350 UK Real Estate Index. The study
will be conducted on empirical data utilizing historical data. Based on the recent studies the novel
ANN performs significantly better over VAR considering performance, better adaptability, and less
limitation by the required model assumptions [3]. However, most of the research has been done using
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US data set and very specific applications, hence it cannot be stated that the ANN will perform better
in the considered UK FTSE 350 Real Estate Index forecasting.

The real estate industry is a significant sector for each economy which is highly correlated with
most sectors of the economy, currency prices, commodities, and other macroeco-nomic indicators [4].
Therefore, accurate real estate forecasting is a complex task and highly desired by many parties. One
of the widely used gauges for measuring the performance of the real estate industry in the United
Kingdom is the FTSE350 Real Estate Index that consists of the biggest companies in the sector listed
in the FTSE350 index. Predicting the movement in the FTSE350 Real Estate Index can prove to be
useful for researchers, industry, policymakers, or investors. Forecasting indexes whether, it is a single
company share price, stock market index price, or other it has been a subject of research for many
years. For a few decades, there have been well-known approaches for time forecasting in a classical
econometrical method ie., GARCH, ARCH, VAR [6], however over the past two decades
computational intelligence methods such as Artificial Neural Networks (ANN) have been
increasingly adopted [3]. Therefore, the proposed comparative study between VAR and ANN in
forecasting UK Re-al Estate Index will contribute to the current knowledge.

The objective of this study is to examine differences/similarities in the characteristics, the process
of model creation, and the performance of the forecast FTSE350 Real Estate Index for two models:
Artificial Neural Network Model and Vector Autoregressive Model. The work focuses on the novel
ANN model that will be put in perspective of the classical econometrical tool - VAR.

2. Literature Review and Hypothesis

Although the first mathematical model of the neuron has been proposed in the 1940s the
empirical data suggest that the ANN started to be adopted more frequently to solve practical complex
input-output problems only since around 1980 [2]. In comparison, the time-series sta-tistical analysis
and forecasting have been known for a long time, for example [5] described the statistical tools
available way before 1927. Over the years these statis-tical methods have been developed and gained
popularity especially in the field of econ-omy and econometrics

However, along with the developments in information technology and computing the other
more advanced methods such as ANN can be implemented much easier and faster than ever before,
hence are a frequent subject of research [7]. In 2004, the VAR and ANN models were compared by
[8] to forecast Oil prices in the US. In this research, it has been established that the lagged price is the
most significant factor in predicting future prices. The work revealed significant advantages of ANN
over VAR indicating that ANN is less limited by the assumptions required for VAR. Moreover, the
study proved that in this application for the studied time series the NN outperformed the VAR
model. Note that this study is outdated and does not prove that NN would always outperform the
VAR hence, it cannot be determined which method will perform better in the proposed research. In
more recent work [3] surveyed different computational intelligence and soft computing methods in
an econometric domain comparing intelligent computing methods such as Artificial Neural
Networks, Fuzzy Logic, Genetic Algorithms, and hybrid models and showing the results of the
forecast performance for the S&P500 index, however, does not detail the process of modelling.
Nevertheless, the survey demonstrated the feasibility of the use of Neural Networks models in the
complex task of time series forecasting based on the S&P500 example. The feasibility of a neural
network for time-series forecasting has been demonstrated in [9] where it was demonstrated that the
ANN has the capability of processing and storing knowledge from the historical data through
training process. Another comparative study between VAR and ANN models [10] predicted price
movements for gold prices, USD/TRY ex-change rate, and BIST 100 index. It was concluded that ANN
has better adaptability to the dynamic changes and was more likely to predict TRY currency crashes.
In this case, the ANN also outperformed VAR giving more accurate predictions. The author supports
this result providing reference to the previous research demonstrating ANN superiority. Simi-lar
results were concluded by [11] who did a generic study of time series forecasting methods for land
market values in the US. In this work, the ANN has significantly outperformed the VAR model in all
considered criteria: MAD, MAPE, MSE, RMSE, and Theil’s. All of the above research has contributed


https://doi.org/10.20944/preprints202407.2185.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 July 2024 d0i:10.20944/preprints202407.2185.v1

by providing analysis of the selected time series and variables used for the forecasting model,
different model comparisons, and measurement of the model performance. Although the studies
provide the NN model and VAR models there is a lack of details and justification for the proposed
model. It has not been proved that the proposed models are optimal. It has been observed that most
of the research focuses on the datasets for the US, hence there is a lack of evidence using a dataset for
other countries. This research work will fill this gap by focusing on the dataset for the UK.

Based on the literature review, it is reasonable to state that the Neural Network based models
perform better than the statistical methods. In many studies, it was discovered that the fitness of the
neural network model is multiple times better than the other models. Moreover, Neural Networks
models have shown a greater ability to adapt to data anomalies.

HO: Neural Network model variables do not surpass the VAR method in predicting the UK FTSE350 Real
Estate index considering all common criteria for forecast performance measurement MSE and RMSE.

H1: Neural Network model with exogenous variables surpasses the VAR method in predicting UK FTSE350
Real Estate index considering all common criteria for forecast performance measurement MSE and RMSE.

3. Methodology

The previously examined literature review indicates that the performance of the Real Estate
sector is correlated with other sectors and financial indicators. Therefore, based on that the following
data will be required for the forecasting of the FTSE350 Real Estate Index:FTSE 350 Real Estate, 10
Years UK Treasury Yield, 1 Year UK Treasury Yield, US 1 Year Treasury Yield, FTSE350 Banking
Sector Index, FTSE350 Travel and Leisure Sector and FTSE350 Brokerage & Investment Sector.

Those financial datasets are publicly available and were obtained by using Bloomberg database.

Considerations regarding sample were given to avoid bias, to capture seasonal patterns, to
achieve good precision, and to capture the dynamic of the forecasted time series (Monteiro et al.,
2021). Therefore, to capture the dynamics and patterns in the time series, the sample size has a daily
interval for the period of 11 years - 01.02.2010 to 26.03.2021 - a total of 2955 observations. We divide
the sample into 2 main groups - 2200 observations will be used for the ANN models design and VAR
estimation. The remaining 755 samples will be used for forecasting and comparative analysis. This
will ensure that the data used for analysis and verification were not used for the models creation
hence are “new” and “unknown” and unbiased by the model design.

Furthermore, the NN model design requires additional data split to train and verify the network.
For this purpose, the modelling sample for NN will be divided into 70% of the sample for training,
15% of the sample for test, and 15% of the sample for validation.

The sample division will be done to both dependent and independent variables. The example
has been presented in Figure 1 where the orange vertical line indicates the point of data split. The
data on the left-hand side of the orange line will be used for modelling, where the data on the right-
hand side of the line will be used for forecasting and comparative analysis.

FTSE350 Real Estate Index
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Figure 1. Data sampling in the time series (FTSE350 Real Estate).

The sample division (Figure 1) will be done to both dependent and independent variables. As
dataset for the time series might feature some non-regularity such as missing observation [6] such as
the close price of the index which is recorded at the close of the session on the public market has only
observations available for the weekdays and lacks the observation for weekends and any public
holidays, we will use daily close price, and to avoid irregular missing observations it will be
normalised using a linear extrapolation as per the equation below. For example, the Saturday and
Sunday close prices will be linearly extrapolated using the Friday close price and Monday close price.
The dependant variable is FTSE 350 Real Estate — 350 biggest companies by market cap listed in the
UK publicly listed real estate sector companies. The independent variables consist of the same sample
period and interval for: 10 Years UK Treasury Yield, 1 Year UK Treasury Yield, US 10 Tears Yield,
US 1 Tear Yield, FTSE350 Banking Sector Index, FTSE350 Travel and Leisure Sector, and FTSE350
Brokerage & Investment Sector. We use the logarithm of the pricea and logarithmic day

The graphs for both series have been presented in Figure.

e_n=log (FTSE350_Real Estate_Price_n) 1

r_n=log (FTSE350_Real_Estate_Price_n) -log(FTSE350Real_Estate_Price_(n-1)) 2
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Figure 2. Logarithm of index e,, (left) and logarithm of daily return r,, (right) for selected sample.

Figure left-hand side graph is evidence that the index value is not normally distributed. The
mean value is not constant. The Real Estate Index graph seems to have a positive slope with the
intercept. Figure the right-hand side graph representing daily return seems to have a constant mean
value. The variance cannot be visually confirmed to be constant across the time period. Periods with
increased volatility can be observed in 2011, 2016 and 2020-21. The statistical details have been
presented below.

Both data series are not normally distributed - the skewness of prices (rn) and log returns (en)
are -0.379075 and -1.156150 respectively. The kurtosis of rn and en are equal to 2. and 20.31888
respectively. Comparing to the skewness of a theoretical normally distributed population (skewness
0 and kurtosis 3) it is evident that neither rn nor en are normally distributed. From the histogram
presented in Figure 7 it can be observed how the theoretical distribution line compares to the rn
where symmetric pattern (non-ideal) exists for real estate daily return data distribution. The standard
deviation of the daily return for the Real Estate Index time series is 0.012241. To put it in perspective
the standard deviation of the top 100 companies across all the sectors listed at the FTSE100 index for
the same sample is 0.010211, hence the examined real estate index return is more volatile. ~Based on
the correlations presented in the Table 1, the strongest positive correlation can be observed between
the dependent variable and FTSE350 Index, FTSE350 Travel and Leisure Index, UK 10 Year
Government and US 1 Year Bond Yield. The strongest negative correlation exists between a
dependent variable and UK 10 Year Government Bond Yield. The other independent variables
correlations are relatively low — FTSE350 Banking Sector, UK 1 Year Government Bond Yield and US
10 Year Government bond Yield.
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Table 1. FTSE350 Daily return series statistical information- en and rn.

Parameter price index log return
Mean 6.137 8.86e-05
Median 6.206 0.000362
Maximum 6.458 0.0813
Minimum 5.659 -0.1608
Standard Deviation 0.1963 0.0122
Skewness -0.624 -1.156
Kurtosis 2.197 20.31
b=
2 & £ = e = E =
= S 2 o S g S 5
m o =] 5 M /M Q 4]
= = b 2 v =1 ] = -
2 2 A 8z g S ] 8
£ F 2 =£ Zz 9z z F
2 & 2 7 v v = o
[ v 0
a » = 2 = - = =
(=9}

FTSE350 Estate 1 0.9002 0.0027 09183 -0.5304 -0.1835 -0.0839 0.4383
FTSE350 Brokage 0.9002 1 0.0798 0.9853 -0.5931 -0.1722  0.06112 0.7248
FTSE350 Banking  00>7 00798 1 0.0168 047928 027374 0.63361 -0.0138

FTSE350 Travel 0.9184 0.9854 0.0169 1 -0.6586 -0.2557  -0.0402 0.6980
UK 10 Year Bond -0.5304 -0.5931 0.4793 -0.658 1 0.6479 0.67772 -0.5393

UK 1 Year Bond -0.1835 -0.1722 0.2737 -0.255 0.6479 1 0.64063 0.0394
US 10 Year Bond -0.0839 0.0611 0.6336 -0.04 0.67772  0.64063 1 0.16998

US 1 Year Bond 0.43827 0.7247 -0.0138 0.6980  -0.5393 0.0394 0.16998 1

The autocorrelation for the dependent variable and log daily return of the dependent variable
for 40 legs was examined and ACF and PACF exist and is statistically significant which indicates a
correlation of residuals. For log daily return it can be observed that relatively high autocorrelation
exists for 18, 23, 29. The ACF and PACF follow the same pattern which might indicate non-
stationarity.. The unit root test provides evidence that the FTSE350 Real Estate Index series is
stationary at 1st difference.

4. VAR Model

Vector autoregressive models (VARs) is the type of autoregressive model where there are
multiple dependant variables [12] The most basic example of the VAR model is a bivariate VAR with
two variables, y1 and y2. The y1 and y2 values depend on different combinations of the previous lags
k of y1 and y2 values, and error terms, which can be described by a system of equations below [12].

1)
(2)

Similarly for this research, a VAR model will give a system of equations describing dependencies
between dependant variable and independent variables previous lags. First, we determine which
variables are useful for the model and how many past observations affect present value (length of
lag). In the next step, the model coefficients will be fitted using the modelling samples of 2200
observations, finally, the model will be evaluated.

As it was discovered during data collection/analysis the correlation between variables exists,
moreover it was examined if the correlation between lagged values exists for the considered data
series. Correlation analysis, presented in Table 1., indicates that FTSE350 Brokerage Index and
FTSE350 Travel index are strongly correlated to the FTSE350 Real Estate Index with the correlation
value of 0.90 and 0.91 respectively. On the contrary, UK 10 Years Treasury Yield is inversely
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correlated to the FTSE350 Real estate index, having correlation value -0.53. The number of variables
and lags used in the VAR is important as it determines the degree-of-freedoms. If the variable doesn’t
contribute to the predictive power of the model, then degrees of freedom are “wasted”. For these
reasons VAR is feasible to be used with FTSE350 Travel index, FTSE350 Brokerage Index and UK 10
Years Treasury Yield.

Too small lag length will result in the model not capturing all available correlations, and too
large amount of the lags puts constraints in terms of degrees of freedom. We therefore use the Akaike
information criteria (AIC) to obtain optimum lag value, following [13] The optimal length based on
the AIC criterion (AIC value 24.14983) is 4 lags, as indicated in Table 3.Authors should discuss the
results and how they can be interpreted from the perspective of previous studies and of the working
hypotheses. The findings and their implications should be discussed in the broadest context possible.
Future research directions may also be highlighted.

Table 2. Lag length criteria.

Lag LR FPE AIC SC HQ
0 N/A 1.56E+14 44.0309 44.0413 44.0347
1 41420.7 940752.7 25.1059 25.1579 25.1249
2 2078.71 368355.8 24.1683 24.26180 24.20248
3 57.464 364044.6 24.1565 24.2916 24.2059
4 46.3418 361611.0 24.14983* 24.3264 24.2144
5 26.2725 362515.5 24.1523 24.3705 24.2321
6 28.8696 362979 24.1536 24.4133 24.2485
7 23.8937 364271.4 24.1572 24.4584 24.2673
8 25.5252 365285 24.1599 24.5027 24.2852

Granger Causality/Block Exogeneity Wald Tests for created VAR(4) model has been done. The
three following null hypotheses have been tested:

HO-1: UK 10 Treasury Yield does not Granger Cause FTSE350 Real Estate index

HO-2: FTSE350 Brokerage index does not Granger Cause FTSE350 Real Estate index

HO-3: FTSE350 Travel and Leisure index does not Granger Cause FTSE350 Real Estate index

If p < 0.05 then 5% significance level that causality exists, otherwise the null hypothesis cannot
be rejected. The HO-1 and HO-2 can be rejected hence with 5% significance we conclude that UK 10
Treasury Yield and FTSE350 Brokage Index Granger Cause FTSE350 Real Estate Index. It is worth to
notice that none of the variables proposed for this VAR(4) model Granger Cause UK 10 Treasury
Yield which makes it valuable independent variable.

The VAR(4) estimate Mean Square error is equal to 96.5631. The VAR(4) estimate static response
and residuals for the full modeling sample of 2200 observations have been presented in Figure and
the zoom-in of the last 200 samples (from 2000 to 2200) has been presented in the following Figure.

FTSE350 Real Estate Estimate

= FTSE350 Real Estate
Estimate

1] 500 1000 1500 2000 2500

VAR Residuals

1
imate Ermor
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Figure 3. VAR(4) estimate response vs real output and error residuals for modelling sample.

5. Neural Network Model

Over the last few decades multiple types of ANN have been used across many engineering,
science, and other disciplines, for example, Multi-layer Feedforward Neural Network, Elman Partial
Recurrent Neural Network, Time Delay Neural Network, Auto-Regressive Neural Networks [14].
These could be applied for solving the econometric problem considered in this research.

The Artificial Neural Network (ANN) will be developed using Matlab NN toolbox application.
In the first step, the most suitable neural network model type for the time series forecasting is selected
based on the research. In the next steps, the model is created with the initial network size: number of
hidden layers, number of neurons, and lags. Following that step, the model will be trained with the
sample dedicated for ANN modelling. The process is repeated iteratively until the validation (using
Mean Square Error) will show no model improvement. Additional iterations with the random
parameters will be conducted to confirm no improvement in performance observed from the model
over the one found in the process above.

One specific branch of the ANN type that is commonly used for time series forecasting is the
autoregressive neural network. The main task of the autoregressive NN could be described as
dynamic filtering, where lagged values of one time series vector are used to estimate future values
[15] The autoregressive NN proved to be useful to model the behaviour of nonlinear and complex
dynamic systems [16]. The two types of the autoregressive NN that will be considered for model
creation are:

e Non-linear autoregressive neural network (NAR)
e  Non-linear Autoregressive with External (exogenous) input (NARX)

Previously it was established that correlation for the selected variables exists. Therefore, Non-
linear Autoregressive Neural Network with External (exogenous) input will be used.

Selection of the activation function has a significant impact on the performance and training
ability of the ANN [17]. In [18] examined seven activation functions for deep learning ANN (ReLU,
sigmoid, Tanh, linear, Swish, Sine and Cosine) in the application of time series prediction for 6
different currency rates. In his research, the ReLU was proved to be the best performing activation
function. However as characterized [19] ReLU activation function is more suitable for deep learning
neural networks and as pointed by [20] the ReLU might suffer a problem of dying cells. Therefore,
since the ReLU function is similar to the slope of 0-1 as per the sigmoid function [20], the sigmoid
function will be used in this research. The activation operation of the sigmoid function

Another method is available for estimating an optimal number of hidden layers was presented
in [21]. Applying the number of layers [21] would equal 88 (for 7 dependent variables, 6 lags, and 1
independent variable). However, this method was only used for reference as there is no evidence
provided in mentioned research that the proposed formula results in the optimal number of hidden
layers.

Instead of the mentioned above methods, for the purpose of this research, an automated iterative
script will be developed to search for the satisfactory solution close to the optimal solution by
examining many combinations of the NN performance. The network size will be increased at each
iteration and the improvement in performance will be checked. Once no significant improvement is
observed the NN with the lowest MSE will be selected for forecast comparative analysis with VAR.
The optimal architecture for the final model will be selected based on the lowest value of the MSE
from tested Neural Networks. The results of the experiment are presented in Table 4. Note that the
proposed by [21] method (88 hidden layers) did not give the optimal result.5. Conclusions

This section is not mandatory but can be added to the manuscript if the discussion is unusually
long or complex.

The lags are feedback to the network input, therefore the selection of “Number of Delays” will
determine the size of the NN input layer. The difference in the input layer will affect the structure of
the entire network and will affect interlinks.
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Based on the FTSE350 autocorrelation the NN structure for 2, 4, 6, 8, and 10 lags will be created
and verified with the combination of examined hidden layer numbers searching for minimum Mean
Square Error value of the network fitness (see Table 3).

Table 3. NNs Performances for various lags and hidden layers.

Iteration Layers Lags MSE
1 10 2 10.62521456
2 10 4 10.43579192
3 10 6 10.40362438
4 10 8 11.10665214
5 10 10 10.27700301
6 15 2 11.18394697
7 15 4 11.58470414
8 15 6 12.04079142
9 15 8 10.43845425
10 15 10 13.22750617
11 20 2 11.18394697
12 20 4 11.58470414
13 20 6 12.04079142
14 20 8 10.43845425
15 20 10 13.22750617
16 30 2 10.3368559
17 30 4 9.500408453
18* 30* 6* 8.452163345*
19 30 8 12.68224404
20 30 10 12.95759596
21 50 2 10.32805827
22 50 4 10.25260303
23 50 6 11.23423115
24 50 8 13.50034617
25 50 10 13.44264925
26 88 6 20.12304212

Similarly, the artificial neural network requires training by repeated adjustment of the neurons
using certain input data and respective reference target output. Due to the approach taken where
many iterations of training will be required Lavenberg-Marquardt is the most beneficial training
algorithm for the purpose of this study. Lavenberg-Marquardt is known as an error back propagation
method which uses two technics: the gradient descent method and the Gauss-Newton method [22].

Open model was used for validation and the open model response to the training data, test data
and validation data (modelling dataset of 2200 samples) has been presented in Figure 4
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Figure 4. Response. Left-hand side full period (2200 samples), right-hand side zoom in last 200
samples — Open-loop mode.

The regression graphs representing the correlation between outputs of the neural network vs
targets data (actual values) for training data, validation data, test indicate good fitness of estimates
for all datasets - a value of 1 means a close relationship, 0 a random relationship [15].

6. Comparative Analysis between VAR and NN Models Forecasts

Both VAR and NN models were used for forecasting FTSE350 Real Estate Index using the
Forecasting sample. The sample of 755 observation has been dedicated for comparative analysis and
was not used in the process of model creation hence will be new for both models. The experiments
result for VAR vs. ANN have been presented below.In experiment 1 we use Forecast 710 Samples —
static VAR and open-loop ANN forecast., in experiment 2 — Forecast 710 Sample — dynamic VAR with
exogenous variables and closed loop ANN forecast in Experiment 3 — 30 samples — static/open loop
forecast and in Experiment 4 — One month (30 samples) — dynamic/closed loop forecast.

The VAR and ANN forecasts error measures result (MSE and RMSE) for the respective
experiments above have been presented in Table 4.

Table 4. Experiments — Forecast performance measures.

Error Measure VAR Result ANN Result

Experiment 1 Mean Square Error 106.8880 50.0312

Root Mean Square Error 10.3387 7.0733

Experiment 2 Mean Square Error 529.9981 70.2729

Root Mean Square Error 23.0217 8.3829

. Mean Square Error 15.0500 10.3868
Experiment 3

Root Mean Square Error 3.8794 3.2229

Experiment 4 Mean Square Error 96.7512 39.9825

Root Mean Square Error 9.8362 6.3232

The summary of all experiments has been presented in Table 4 indicates on average 4.4 times
worse than ANN in MSE criteria (all experiments). The highest discrepancy was observed in our
experiment 2 for long-term closed loop/dynamic forecast with exogenous variables where VAR MSE
was 529 and ANN resulted in MSE equal to 70. The smallest discrepancy between VAR and ANN
was observed in experiment 3 for short-term open-loop/static forecast where VAR MSE was 15 and
ANN MSE was 10. In experiment 2 the VAR model with exogenous variables did not follow the
dynamics of the FTSE350 Real Estate Index trend as ANN, hence the MSE and RMSE were multiple
times higher for VAR than ANN. Therefore, our experiment 2 provides evidence that the ANN can
map a non-linear pattern better than VAR. This result is in line with [23] that compared VAR with
ANN featuring one hidden layer, using Levenberg-Marquardt and the sigmoid function in the oil
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sector, finding, in these commodity prices, that ANN (using MSE criterion) performed multiple times
better than VAR. Moreover, [23] arrived at the same conclusion - ANN performed better in periods
of high volatility by being able to recognise nonlinear relations between inputs and outputs. Further
alignment with achieved results can be found in [10] where it was determined that the ANN had
better adaptability to the dynamic changes and was more likely to predict TRY currency crashes due
to the non-linear nature of ANN. It is worth mentioning that [23] only used 1 hidden layer, and a
small sample of 35 observations, hence did not demonstrate long term learning ability of the neural
network. The results presented in section 7 compared results for a larger sample - 2955 observations,
allowing to utilise ANN learning capability. Another unique contribution in our study is that both
models were tested in the sample that included increased volatility caused by COVID-19. In the
selected sample the volatility is not constant in time due to this major event. This might explain the
observed increased error value for VAR post-COVID-19 index price crash is increased. The ANN
resulted in a smaller error value in the period of high volatility. It can be concluded that ANN adapts
better to change in volatility than VAR. This example is evidence of the limitation of VAR. The VAR
is scrutinised by the assumption that heteroscedasticity is a feature of forecasted time series. The VAR
model is a statistical model, hence requires heteroscedasticity of the entire population. Therefore,
with the change of statistical measures in the forecasted time series, we observe an expected
downgrade in the forecast performance. In the process of the VAR modelling, it was observed that
the VAR model loses its degrees of freedom with increasing lags length and independent variables.
This limits the model in comparison to the ANN model where the number of used lags and variables
is less significant. The ANN model’s difficulty of implementation does not change with the increased
number of inputs/lags as it is still “black box” like model. The effort to create model with 5 inputs vs
10 inputs will be similar. The same is not true for the VAR model, where each additional variable
increases complexity and causes limitations. Hence it can be concluded that ANN is more flexible
and allow to use of a larger number of inputs to the model.

7. Conclusions

The main objective of this work was to establish which model performs better in terms of MSE
and RMSE in the area of real estate prices. The results confirmed the that ANN has fewer limitations
and performs better in time series forecasting than the VAR model. These results were in line with
[10,23,24]. Our findings reject the hypothesis that Neural Network model variables do not surpass
the VAR method in predicting the UK FTSE350 Real Estate prices. This finding bridges the gap and
contributes to the field by providing further evidence of the feasibility of a novel ANN model in
forecasting tasks, demonstrating its application for the FTSE350 UK Real Estate Index forecast versus
a VAR model. Moreover, the research contributed by proposing the new original pragmatic approach
of ANN architecture size optimisation by using an iterative process measuring the gradient of Mean
Square Error of network performance for different input/hidden layer sizes. Moreover, due to the use
of new data, the selected sample included increased volatility caused by COVID-19. This allowed to
examine both VAR and ANN in the condition of increased volatility. The result shown that the ANN
performed better forecast post COVID-19 period then VAR that indicates that there is potential for
further use of ANN or hybrid algorithms that will enable to achieve better results. Future
comparative study could consider long term forecasting, where the exogenous variables will be
estimated in a closed loop. Nevertheless, ANN, a so-called shallow network, which is relatively
simple and more complex deep learning or hybrid networks could be considered with non-time series
predictors giving even further advantage against classical statistical methods.
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