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Abstract: The COVID-19 pandemic has brought economic activity to a near standstill as many coun-
tries imposed very strict restrictions on movement to halt the spread of the virus. This study aims at
assessing the economic impacts of COVID-19 in the United Kingdom (UK) using artificial intelligence
(AI) and data from previous economic crises to predict future economic impacts. The macroeconomic
indicators, gross domestic products (GDP) and GDP growth, and data on the performance of three
primary industries in the UK (the construction, production and service industries) were analysed
using a comparison with the pattern of previous economic crises. In this research, we experimented
with the effectiveness of both continuous and categorical time-series forecasting on predicting future
values to generate more accurate and useful results in the economic domain. Continuous value
predictions indicate that GDP growth in 2021 will remain steady, but at around −8.5% contraction,
compared to the baseline figures before the pandemic. Further, the categorical predictions indicate
that there will be no quarterly drop in GDP following the first quarter of 2021. This study provided
evidence-based data on the economic effects of COVID-19 that can be used to plan necessary recovery
procedures and to take appropriate actions to support the economy.

Keywords: COVID-19; economic impacts; UK; industry; gross domestic products

1. Introduction

The COVID-19 pandemic has triggered a massive health crisis across the globe and
forced many countries to take severe preventive measures to mitigate the spread of the virus
including enforcing national lockdowns and social distancing measures (Huang et al. 2020).
Subsequently, many businesses were pushed to the brink of collapse and the national
economy suffered significantly in almost all aspects (Song and Zhou 2020). Although all
countries and businesses are affected, the magnitude of the impacts have varied massively.
The duration and the pattern of the lockdown and the social distance measures imposed
by the governments to limit the spread of the pandemic has caused asymmetric effects not
only between countries but also between business sectors and in the demand-supply chains
within each country. This asymmetry of the economic shock may indicate that predicting
the gross domestic products (GDP) will be challenging and could be unexpectedly different
from the forecasted figures (BFPG 2020).

The first United Kingdom (UK) government advice on social distancing was published
on 12 March 2020, before a formal “lockdown”, which was announced on 23 March 2020.
As in other affected countries, this led to a fall in the consumer demand and business
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and factory closures, as well as supply chain disruptions. Although early data indicated
that the UK is less affected compared to some other European countries, as the pandemic
developed the performance of the UK relative to these other European countries worsened
(Boissay and Rungcharoenkitkul 2020). While initially much emphasis had been placed
upon the UK’s favourable performance compared to other countries, with time the UK
government has attempted to provide a positive representation of trends of the disease
spread (Balmford et al. 2020; Paisley 2020).

The unstable and changing situations make forecasting the economic performance and
predicting the immediate and long-term economic impacts challenging for many reasons.
These include the global nature of the pandemic with disruption of the demand and supply
chains, transportation restrictions, the national measures taken, which affecting almost all
business, and extended duration of the pandemic, the huge job losses, and the significant
rise in the unemployment rates, the way education and other business are delivered and the
lack of similar models that can be used to predict the future performance (Saker et al. 2004).
The stagnation of business, the drop in the national tax income and GDP will limit the
ability of the government to react and take remedial actions to ensure a balanced recovery
of all sectors (Child 2021). Therefore, data on the performance of different sectors, and
accurate forecasting of the performance and recovery are needed to allow future planning
and distribution of the already stretched resources (Kim et al. 2021). In addition, a robust
forecasting model that can consider the multidimensional nature of the pandemic, and
learn from previous economic crises and pandemics is needed.

Artificial intelligence (AI) has been successful in a variety of fields including com-
puter vision, robotics, fraud detection, drug discovery, and epidemiology (Ahuja 2019;
Ibrahim et al. 2020; Wahl et al. 2018; Arslan and Benke 2021; Fu et al. 2019). There is a great
hope that AI approaches can be a key to supporting studies of COVID-19 and future crises
to build dynamic and resilient forecasting models that can utilise the data of previous
pandemics and other economic crises. Developing intelligent systems that can help gov-
ernments predicting performance and economic outcomes, offering solution models can be
very helpful in such multidimensional crises and help to tackle future crises and challenges.

This study aims to characterise the impacts of COVID-19 on the UK macroeconomic
indicators with comparison to previous economic crises in the recent history and to utilise
AI to predict the future economic impacts of COVID-19 in the UK. We mainly focused on
both continuous and categorical time series forecasting methods to predict future measures.
Even though there was a high tendency to use continuous forecasting methods for such
predictions, we involved categorical forecasting to mitigate the impact of unexpected
variations due to the pandemic situation on predictions. Data on the macroeconomic
indicators, gross domestic products (GDP) and GDP growth, and data on the performance
of three primary industries in the UK (construction, production, and service) were analysed.

2. Literature Review

In this section, we provide an overview of some of the rapidly growing literature on
the economic impact of COVID-19 to synthesize the insights emerging from these studies,
allow for a comparative review, and relate the results to our study.

- The impact of COVID-19, associated behaviours and policies on the UK economy has
been studied by a computable general equilibrium model (Keogh-Brown et al. 2020).
The authors of the study used a computable general equilibrium (CGE) model linked
to a population-wide epidemiological demographic model to analyse the potential
macroeconomic impact of the COVID-19 on the UK economy. The study found out
that the mitigation strategies that the government imposes for 12 weeks would reduce
case fatalities by 29% but impose a total cost to the economy of 13.5% of GDP, due to
business closure and labour loss from working parents during school closures. The
mitigation strategies to face the pandemic that lasts for a longer period would reduce
deaths by 95% but would increase the total cost to the UK economy to 29.2% of GDP,
where 7.3% of GDP is due to school closures and 21.9% of GDP to business closures.
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The authors concluded that COVID-19 has the potential to impose unprecedented
economic impact on the UK economy and those impacts are likely to be dominated
by the indirect costs of mitigation of the pandemic. The duration of the policies of
mitigating the spread of the disease is a key to determining the economic impact.

- The impacts of COVID-19 and Brexit on the UK economy were investigated (De Lyon
and Dhingra 2021) using real-time data provided by the Confederation of British
Industry (CBI) to assess the impact of COVID-19 on firms’ activities and predicted
the economic consequences of the preventive measures that the government imposed.
The authors have demonstrated that the pandemic has caused a sharp reduction in
the growth rate of nominal wages. Before the pandemic, in January 2020 nominal
wages had grown by 3.1% over the previous 12-month period compared with 0.9%
a year later. However, average prices have continued to increase 0.5% throughout
the pandemic, with a producer price inflation of 0.6% reported by the ONS for all
manufactured products. Lower wages often reduce demand for goods and services
and put downward pressure on prices. Yet despite lower earnings growth since the
pandemic, prices have increased. This is partially explained by rising average costs,
at least in the manufacturing sector. The increase in costs was mainly due to the
increased input costs by increasing barriers to trade between the UK and the EU
imposed by Brexit in addition to delays at the border, burdensome administrative
costs, the adopted new technologies and management practices due to the pandemic.
These costs contributed to the sharp fall in UK trade in 2021, leading to rising costs,
higher prices, and reduced competitiveness.

- Another study (Stephens et al. 2020) has been conducted on the UK economy by
analysing the overall impacts of the (COVID-19) pandemic on GDP during July 2020
using an online questionnaire, and the Monthly Business Survey (MBS) as the pri-
mary data source for 75% of production industries and 50% of services industries.
The authors concluded that total services output during July 2020 were significantly
affected by the COVID-19 pandemic and fell at 12.6% below the February 2020 level,
the last full month of “normal” operating conditions. The transport sector remained
one of the biggest areas of services affected by the coronavirus as people have been
homeworking, land transport has been affected by a reduction in commuters, espe-
cially the London Underground, which in July 2020 was at 23% of its usage in July
2019. Production output during July 2020 was at 7.0% below the level of February
2020, the last full month of “normal” operating conditions. In July 2020, wearing
apparel was 32.9% below the February 2020 level. Construction output was 11.6%
below its February 2020 level.A five-part framework (O’Donnell and Begg 2020) has
been proposed for assessing why the UK performed poorly compared with other
countries regarding the medical, social and economic challenges brought about by the
COVID-19. They suggested that there have been problems as to how evidence about
the pandemic and its anticipated effects has been collected, processed and circulated.
Subsequently, this affected policy maker’s ability to evaluate the risk and providing
them with inadequate information to face the multidimensional challenges brought
about by the pandemic with the proper policy response. The study also revealed that
the UK’s institutional setting may have been a driver of this poor performance towards
the pandemic. The authors argued that UK policymakers may have over-relied on the
medical sciences at the expense of other (social) scientific evidence. Another study
emphasised the importance of widening organisational decision making as an ap-
proach (Child 2021) to address the problems that were brought about by the pandemic.
The author defined ‘organisational participation’ and provided a framework for the
different forms of participation, concluding that a combination of co-determination
and workplace self-management is likely to have the most consequential effects. The
author argued that the public response to the crisis might lead to a constructive way
forward to deal with the pandemic and emphasised the need to develop effective
systems of participation at all levels of human organization.
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- Moreover, the main challenges facing policymakers, when trying to balance between
finding jobs for the layout workers and getting them back to the right jobs, were
highlighted in the study by (Costa Dias et al. 2020). These authors concluded that
the nature of the economic shock associated with the COVID-19 pandemic is highly
unusual; it has led to not only a sharp fall in labour demand in many sectors of the
economy, much more than in a typical downturn or slowdown in economic activity,
but also a radical change in the types of economic activity in the UK which will cause
employers to expect large changes to their workforce over the next year. This would
lead the government to take a forward-looking approach and equip people with the
skills that are likely to be in demand in the future, provided a potential shift towards
e-commerce, and the need to move to a net-zero, which is the target for the UK to
reach by 2050.

- The Impact of COVID-19 on share prices in the UK (Griffith et al. 2020) was investi-
gated by Rachel Griffith and colleagues. These authors described how the impacts of
the COVID-19 pandemic have varied across industries, using data on the share prices
of the firms listed on the London Stock Exchange. The value of traded shares in the
stock market reflects not only how well a company is doing today, but also how well
it is expected to do in the future. In addition, share prices reflect market expectations
about changes in final demand, intermediate demand, and restrictions in supply. The
authors concluded that the industries that have been hit the hardest include tourism
and leisure, fossil fuels production and distribution, banking, insurance, and retailers.
On the other hand, other industries have outperformed the market, including food
and drug manufacturers and retailers, utilities, high-tech manufacturing, tobacco,
and firms in medical and biotech research. As social distancing measures continue,
capital-intensive firms might lose the skills and experience of their workers. If those
firms are not able to reduce their costs, they are more likely to suffer in the future if
not backed by government support.

From the above section, we conclude that most of the research that investigated the
impact of the COVID-19 on the UK economy has focused on the different sectors of the
economy and the overall GDP growth rate. However, none of these studies used AI model
to forecast the pattern of change in the future and to compare with the pattern of previous
economic crises, which highlights the importance and uniqueness of our study.

3. Methodology
3.1. Sample Section

The data for this study were collected from the Office for National Statistics (ONS 2021),
which is the UK’s largest independent producer of data. It was essential to consider the
pandemic will affect various sectors differently, and each industry will impact the econ-
omy differently (Coakley et al. 2014). In this study, data on three industries (the service,
manufacturing and construction industries) and gross domestic product (GDP) were col-
lected on a monthly, quarterly, and yearly basis. Prediction analysis utilised the quarterly
data collected from January 1997 to January 2021. Data on GDP were also collected from
1947 to February 2021 to allow the comparison with more previous outbreaks and for the
calculation of economic growth (ONS 2021). For the service industry, the data were col-
lected from the Monthly Business Survey (MBS) report for turnover of services industries.
The total output of all of the sectors and 37 different sections inside the industry were
observed (ONS 2021). The data for the manufacturing industry were collected from the
MBS turnover of the production industries. The total turnover for the production and man-
ufacturing sectors and 45 different sectors inside the industries were observed (ONS 2021).
For the construction industry, data for the outputs, seasonally and non-seasonally adjusted
were observed. Furthermore, yearly and quarterly growth was observed (ONS 2021). For
this study, a nowcasting model based on a dynamic factor model was used to predict
quarterly GDP for 2021 by analysing monthly GDP data. This model uses real-time and
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high-frequency data to establish a closer examination of the UK economic impact before
the official data gets released.

3.2. Prediction Using AI

This section presents the methodology used for economic predictions. Both continuous
and categorical time-series forecasting methods were focused. A time-series is defined to be
a collection of observations made sequentially through time (Chatfield 2000). The concept of
time-series forecasting is to predict future values based on previous observations. Based on
the data type, forecasting can be divided into two categories (continuous and categorical).
Among them, continuous-value forecasting is widely used in different domains such as
meteorology (Singh and Mohapatra 2019), epidemiology (Benvenuto et al. 2020), and
economics. Following this tendency, initially, we used a continuous time-series forecasting
approach to make future predictions, as detailed in the section ‘Continuous Time-series
Forecasting’.

However, results obtained by initial experiments demonstrated that continuous time-
series forecasting cannot accurately capture the unexpected fall of the economy due to
COVID-19. It was an extreme fall compared to the previous values, which are used to
train the models. From the perspective of machine learning, models cannot accurately
predict such unseen behaviours. Therefore, we decided to conduct categorical forecasting
considering the growth and fall of the economic measures as described in the ‘Categor-
ical Time-series Forecasting’ section. The growth or fall of a particular time point t was
measured compared to a previous time point. The main purpose of using categories is to
convert unexpected variations into known formats.

3.2.1. Continuous Time-Series Forecasting

For continuous time-series forecasting, we chose the Autoregressive Integrated Mov-
ing Average (ARIMA) model, considering its popularity among previous research and
simplicity 24. Referring to recent literature, the ARIMA model was successfully used to
predict the epidemiological trend of COVID-19 (Hewamalage et al. 2021), food demand
(Fattah et al. 2018), and growth in GDP. As a statistical model, ARIMA works well with
small data sets, while artificial neural network-based models such as long short-term
memory (LSTM) need a huge amount of data for proper learning.

ARIMA model is a generalised version of the Autoregressive Moving Average (ARMA)
model. As the name depicts, ARIMA combines the Autoregression (AR), Moving Average
(MA) model and a differencing preprocessing step named integration (I) which makes
the time-series stationery. Based on these three components, ARIMA requires three hy-
perparameters, the order of AR(p), the order of differencing (d) and the order of MA(q).
Mathematically, ARIMA(p, d, q) model is formed using the equation:

xt = c +
p

∑
i=1

∅ixt−i + εt +
q

∑
j=0

θjεt−j

where x are time-series values, c is the constant term, ∅i is the coefficient of ith autoregres-
sive parameter, θj is the coefficient of jth moving average parameter and ε are residuals or
error terms (Fattah et al. 2018).

3.2.2. Categorical Time-Series Forecasting

We propose a categorical time-series forecasting approach to mitigate the impact of
unexpected changes on model predictions. Due to unexpected variations, the error rate
between the actual and the predicted values can be highly increased, and predictions can
become less useful. To provide useful predictions in such situations, we can use categorical
time-series forecasting, since the limitation of possible values by categories allows the
conversion of anomalous variations into known representations.
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ARIMA-based Categorical Forecasting: As the initial approach, we converted actual
time-series and predictions by the ARIMA model into a series of categories considering
consecutive value changes. After the conversion, we used a set of evaluation metrics
commonly used with classification tasks to evaluate the model performance from the
aspect of categorical predictions.

The categories need to be defined considering the targeted user group and information
requirements. Focusing on these aspects, we considered three categories ((1) growth, (2)
constant, and (3) fall) in this research. Each value at time t is converted into the categorical
format according to the strategies mentioned below.

value at t > value at t− 1→ Growth
value at t = value at t− 1→ Constant
value at t < value at t− 1→ Fall

SAX-VSM-based Categorical Forecasting: Later, we applied a classification proce-
dure named SAX-VSM which combines Symbolic Aggregate approXimation (SAX) and
Vector Space Model (VSM) to make categorical predictions. SAX was found to be an efficient
algorithm for finding time series discords (Keogh et al. 2005) and it was widely used with
time-series pattern discovery tasks such as heatwave event detection (Herrera et al. 2016)
and micro-blog event discovery (Stilo and Velardi 2016). Since the focused economic mea-
sures have unexpected changes due to the pandemic situation, this algorithm’s abilities
can be effectively used to make accurate predictions. The VSM model is combined with
SAX to facilitate time-series classification.

SAX converts a time series (C) to a w-dimensional space c = c1, c2, . . . cw using
Piecewise Aggregate Approximation (PAA) following the equation:

ci =
w
n

n
w i

∑
j= n

w (i−1)+1
cj

where cj is the jth element and n is the length of the original series. Then each PAA repre-
sentation is converted into a symbol of an alphabet of size a using a lookup table so that the
series is finally represented by a word which uses for further analyses (Keogh et al. 2005).
SAX-VSM converts a training set into a bag of words per class using a sliding window of
length w′ over the series and SAX algorithm. In summary, three hyper-parameters word
size (w), alphabet size (a), and window size (w′) are required by SAX-VSM. Using the
generated words, a term frequency-inverse document frequency (tf-idf) weighted vector
space is built for the training data to facilitate the classification (Senin and Malinchik 2013).

Given a series, we converted it to a set of subseries with corresponding classes to use
with this algorithm. Similar to the above-mentioned approach; ARIMA-based categorical
forecasting, we considered three categories ((1) growth, (2) constant, and (3) fall) as the
classes in this approach too. However, unlike the above scenario, comparisons between
values will not always happen between consecutive values, since the comparisons should
use at least one known value during the data preparation. For example, if the focus is to
predict the category of the value at p succeeding time points, initially the original time
series need to be separated into s-length subseries as shown in Figure 1 to prepare training
data. Then the values in the last time point of each subseries are compared with the values
at p succeeding time point to generate classes. For subseries 1, class assignment happens
according to the following strategies.
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Figure 1. SAX-VSM training data preparation.

xs+p > xs → Growth
xs+p = xs → Constant
xs+p < xs → Fall

Similarly, classes are assigned to other subseries and the target of the model built using
these training data is to predict the category of value at p succeeding time point compared
to the last available value. If p = 1, values at consecutive time points and otherwise, values
at non-consecutive time points will be compared during category generation. Also, unlike
the above-mentioned approach, separate SAX-VSM models need to be generated per each
targeted p value.

4. Results

This study included data on GDP and three industries over an extensive period to
compare the impact of COVID-19 with previous economic crises observed in the recent
history of the UK economy in which reliable data are available. When the pattern of changes
of GDP was analysed since 1947, which is the data first available in ONS, we identified
significant drops which were related to specific events. However, the drop resulted from
COVID-19 is unprecedented (Figure 2 and Table A1 in Appendix A). Appendix A represents
the most significant economic recessions in quarterly GDP since records began in 1955.
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Figure 2. Pattern of changes in GDP from 1955 until the end of 2020 highlighting the most significant drops and the pattern
of recovery.
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Table 1 shows that the decline in the quarterly GDP following the initial period of the
COVID-19 pandemic is severe (−21%) compared to other drops in the quarterly GDP over
the last 60 years in the UK (p < 0.0001).

Table 1. Periods of major recessions in the UK with the pattern of changes in the gross domestic product (GDP).

Period Reason for the Downturn Total Drop in GDP
over the Period/%

Lowest Figure Quarter
Following the Start of

the Crisis

How Many Quarters
Did It Take to Return

to Baseline

2019 Q4 to 2020 Q2 COVID-19 −21.2 Second quarter of 2020 Ongoing

2008 Q1 to 2009 Q2 The 2008 global
financial crisis −5.9 Fourth quarter of 2008 Six quarters

1974 Q2 to 1975 Q3 1974 Miners’ strikes −5.4 Second quarter of 1975 Five quarters

1979 Q2 to 1981 Q1 During the 1980′s
economic downturn −5.3 Second quarter of 1980 Seven quarters

1990 Q2 to 1991 Q3 The early 1990 recession −2.0 Third quarter of 1990 Five quarters

The second most significant drop was observed following the global financial-economic
crisis of 2008, and the influenzas pandemic that hit the UK at the same time (Barro et al. 2020).
However, the GDP drop was >3.5 folds smaller than that observed in COVID-19 (−5.9%)
and it took 4fourquarters to reach the greatest drop compared to two quarters in the COVID-
19 pandemic. The two other crises in the recent UK economic history were observed in 1974
(Miners’ strikes) and 1980 (economic downturn) with GDP drops of −5.4% and −5.3%,
respectively. During the first few months of 1974, there was a four-week miners’ strike
across England. During that period, the UK unemployment increased, and inflation hit
26% (Partington 2020). No other crises were associated with a drop greater than 5% as the
following decline identified was −2% that was associated with the early 1990′s recession
(Table 1). The output level for each industry (service industry, manufacturing industry and
construction industry), can be seen in Figure 3.
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Figure 3. (a) Shows the output level for the service industry in the United Kingdom from 1997 to 2021. (b) shows the
output level for the manufacturing industry in the United Kingdom from 1997 to 2021. (c) shows the output level for the
Construction industry in the United Kingdom from 1997 to 2021.

4.1. AI-Based Model Predictions

As mentioned in the ‘Predictions Using AI’ section, we experimented with two ap-
proaches (i.e., continuous and categorical time-series forecasting) to generate AI-based
predictions. Following these approaches, separate models were built for GDP (CVM) and
industrial outputs (service, manufacturing, and construction (CVM)) using quarterly data.
For the model generation, GDP measures and construction outputs from 1997 Q1 to 2020
Q4 were considered. Due to lack of data availability for the other two industries, data from
1998 Q1 to 2020 Q4 were used. With the target of predicting values until the end of 2021,
each model was built to predict four future values. More details about continuous and
categorical predictions including used evaluation metrics, evaluation results, and predicted
values are described in the following sections.

4.1.1. Continuous Time-Series Forecasting

The approach described in the ‘Continuous Time-series Forecasting’ section was used
to make continuous predictions. We used two commonly used error metrics to validate
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the results. Details of evaluation metrics, evaluation results, and future predictions are
described in the following sub-sections.

Evaluation Metrics: To validate continuous value predictions, the rolling forecasting
method was used. Each model was validated on 30% of the time series using rolling
predictions. During the validation phase, model predictions were evaluated using the
following evaluation metrics which are negatively-oriented. In the equations stated below,
xi represent the actual values, x̂i represent the predictions, and n represents the total
number of observations used for testing.

• Root Mean Squared Error (RMSE): Square root of the average of squared differences
between actual and predicted values. This measure was widely used and preferred by
this research considering its sensitivity to large errors.

RMSE =

√
1
n

n

∑
i=1

(xi − x̂i)
2

• Mean Absolute Percentage Error (MAPE): Average of absolute percent error. Unlike
the RMSE, MAPE is a unit-free measure, which can use to compare performance
between models.

MAPE =
1
n

n

∑
i=1

∣∣∣∣ xi − x̂i
xi

∣∣∣∣
Performance Evaluation: The evaluation results obtained for continuous time-series

forecasting of each model are summarised in Table 2. Here we list the results of the best
models obtained by parameter optimisation. ARIMA model requires three hyperparam-
eters and all possible combinations were tested to recognise optimal parameter settings.
According to the results, GDP predictions have the lowest error and service predictions
have the highest error in MAPE. RMSE measure mainly depends on the underlying value
range and it cannot be used for comparisons.

Table 2. Continuous time-series forecasting evaluation results.

Time-Series RMSE MAPE

GDP (CVM) 27,202.4208 0.0227

Service 42,746.6305 0.0559

Manufacturing 7898.8470 0.0370

Construction (CVM) 3344.7944 0.0489

Future Predictions: We used the optimal model built per each time-series to make
future predictions. Using available data, values of four future quarters until 2021 Q4 were
predicted. The summary of predictions is plotted in Figure 4. To make the visualisation
clear, we only used values from 2007 Q1 with a relative index. More details about the
prediction are available with Figure 5 which summarises the predictions over the next four
quarters corresponding to GDP and industry outputs.
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Figure 4. Quarterly output of UK sectors: actual measures 2007 Q1–2020 Q4, predicted measures 2021 Q1–2021 Q4.
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Figure 5. Predicted outputs of GDP (CVM), service, manufacturing, and construction (CVM) 2021 Q1–2021 Q4.

4.1.2. Categorical Time-Series Forecasting

Following the strategies mentioned in the Categorical Time-series Forecasting section,
we converted continuous time-series into categorical series to conduct categorical forecast-
ing. Even though we defined three categories as growth, constant and fall, within the used
data sets no constant scenarios were found. Similar to continuous value evaluations, a set
of commonly used evaluation metrics were used to evaluate model performance. Details
of evaluation metrics, results, and future predictions are further described below.

Evaluation Metrics: To evaluate the accuracy of categorical predictions, we used the
following evaluation metrics which are commonly used with classification tasks. Unlike
the measures used with continuous predictions, these are positively-oriented. In the below
equations, tp stands for the number of true positives, f p stands for the number of false
positives, and f n stands for the number of false negatives.

• Recall: Fraction of the correctly identified categories among the total observations.
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Recall =
tp

tp + f n

• Precision: Fraction of correctly identified categories among the predicted categories.

Precision =
tp

tp + f p

• F1: Weighted harmonic mean of precision and recall.

F1 = 2× precision× recall
precision + recall

Due to the imbalance class distribution in the data set, we used the weighted average
to calculate the final recall, precision and F1 values. After calculating the metrics for each
category, the average values were calculated using a weight that is based on the number of
actual instances for each group.

Performance Evaluation—ARIMA-based Categorical Forecasting: The evaluation
results obtained for ARIMA-based categorical forecasts are summarised in Table 3. Accord-
ing to the results, similar to the scenario of continuous forecasting, GDP values are more
accurately predicted by the model with the highest F1 than the other industrial values. The
second highest F1 is reported with the construction industry and the lowest F1 is reported
with the manufacturing industry.

Table 3. ARIMA-based categorical time-series forecasting evaluation results.

Time-Series Recall Precision F1

GDP (CVM) 0.8889 0.7901 0.8366

Service 0.5185 0.5472 0.5266

Manufacturing 0.5185 0.5153 0.5104

Construction (CVM) 0.5926 0.6442 0.6120

Future Predictions—ARIMA-based Categorical Forecasting: Using ARIMA-based
categorical forecasting, we predicted whether it can be a growth or a fall in the next quarter
value compared to its previous quarter value. Similar to continuous forecasting, categories
of the next four quarters were predicted until 2021 Q4. The obtained results are summarised
in Figure 6.

According to the predictions, in 2021 Q1 there will be a fall in GDP and other industry
outputs compared to 2020 Q4 values. Outputs of the industries service and construction will
be further dropped in 2021 Q2. However, in contrast to them, GPD and the manufacturing
industry show growth in 2021 Q2 than 2021 Q1. GDP has a further growth until 2021 Q4
and the manufacturing industry has growth until 2021 Q3 with a fall in 2021 Q4. After
having falls until 2021 Q3, the outputs of the service industry show growth in 2021 Q4. The
construction industry is predicted to follow a fall in 2021 Q4 after its growth in 2021 Q3.

Performance Evaluation—SAX-VSM-based Categorical Forecasting: The evaluation
results obtained for SAX-VSM-based categorical forecasts are summarised in Table 4.
Targeting the generation of predictions for all quarters in 2021 compared to the values in
2020 Q4, four SAX-VSM models (p = 1, 2, 3, 4) were fine-tuned. As subseries length,
values from 3 to 6 were considered to have a sufficient number of instances for model
training and validation. For other hyper-parameters, we considered all possible values to
identify the optimal setting. Only the F1 values are reported because they represent the
overall performance concerning recall and precision. To provide insight into the overall
prediction effectiveness of a measure, the average F1 value was also reported.
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Figure 6. Categorical quarterly output of GDP (CVM), service, manufacturing and construction (CVM): actual measures
2007 Q1–2020 Q4, predicted measures 2021 Q1–2021 Q4 using ARIMA-based categorical forecasting (growth is represented
by the positive side and fall is represented by the negative side of the vertical axis).

Table 4. SAX-VSM-based categorical time-series forecasting evaluation results.

Time-Series F1 (p = 1) F1 (p = 2) F1 (p = 3) F1 (p = 4) Average F1

GDP (CVM) 0.8693 0.8872 0.9559 0.9007 0.9033

Service 0.8739 0.9167 0.6901 0.8482 0.8322

Manufacturing 0.7713 0.7500 0.7273 0.7967 0.7613

Construction (CVM) 0.7320 0.7366 0.7641 0.7330 0.7414

According to the results, the F1 measure is improved in all time-series predictions
compared to ARIMA-based categorical forecasts. However, similar to continuous and
ARIMA-based categorical forecasts, GDP values are more accurately predicted than other
industry outputs. All the other outputs were also predicted with above 0.74 F1 values with
the lowest F1 of 0.7414 from the construction industry.

Future Predictions—SAX-VSM-based Categorical Forecasting: Using SAX-VSM-models,
we predicted whether the economic measures can show growth or fall in the quarters of
2021 compared to the values reported in 2020 Q4. The obtained results are summarised in
Figure 7.

According to the predictions, in 2021 Q1 there will be a fall in GDP and other industry
outputs except construction output compared to 2020 Q4 values. In 2021 Q2 and Q3, all
industry outputs are predicted to have a fall while GDP is having a growth relative to 2020
Q4. In the last quarter of 2021, relative growth in GDP, service and construction can be
expected. There will be no growth in manufacturing industry outputs though out all the
quarters in 2021 than the values in 2020 Q4.
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5. Discussion

The COVID-19 pandemic has resulted in significant negative impacts on the global
economy and the UK economy is not an exception (Kelso 2020). The impact on the UK
is likely to be more than many other countries (Beckett 2020). Our results indicate that
the pandemic has caused the largest fall in quarterly GDP in the UK since consistent
records began in 1948 (ONS 2021). During this study, a steep decline in the GDP index was
observed from February 2020, following the sharp rise in the spread of the virus in the UK
and the lockdown. The largest fall in quarterly GDP figures was observed in the second
quarter of 2020, from April to June. This decline in the quarterly GDP was more than any
other drop in the quarterly GDP over the last 60 years in the UK (−20.4%, p < 0.0001). The
2020 Quarter 4 (Oct to Dec) GDP increased by 1.0% following a rise of 16.1% in 2020 Quarter
3 (July to Sept). However, GDP in 2020 Quarter 4 was 6.6% below 2019 Quarter 4 levels
(ONS 2021). The headline 2020 GDP declined by 9.9%, which is more than twice the fall in
2009 (ONS 2021). In comparison with other crises, the second-largest quarterly GDP drop
was observed in the first quarter of 1974 (miners’ strike crises (Partington 2020)), which
was −2.7%, eight times smaller than the observed decrease in COVID-19 Quarter 2. The
1958 economic recession comprised the third most significant drop in the second quarter of
1958 in which the GDP declined by−2.4%. The other drop (−2.0%) was observed in the last
quarter of 2008, which resulted from the 2008 (and 2009) financial crisis and the influenzas
pandemic that hit the UK at the same time (Barro et al. 2020). When comparing the drop
in GDP caused by COVID-19 and Influenza outbreaks, two infectious diseases, COVID-
19 had more than ten times the impact of the influenza outbreak on the national GDP
(Grantz et al. 2016). For the COVID-19 impacts on the individual industry see Appendix B.

The published data indicate that the UK economy is following a kinked recovery
profile (Forrest et al. 2021) and accurate predictions remain a challenging task. Given
the unexpected variations and uncertainty, it is important to analyse the impacts of this
complex situation on the future economy with and without further restrictions. However,
economists differ in their forecasts and how quickly they expect the economy to recover.
For instance, the latest surge in COVID-19 cases in late 2020 and early 2021 has led to a
re-introduction of stricter lockdowns across the UK by the beginning of January 2021. As
a result, the GDP is expected to fall significantly more than expected during the first 2
quarters of 2021 (Harari et al. 2021). However, the fall in GDP is not expected to be as large
as that resulting from the first lockdown. The 2020 annual GDP growth was forecasted to be
−12.4% (Harari et al. 2021) and −5.2% in the economic prospect forecast (TWB (The World
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Bank) 2021), while the observed decline was −8.4%. The PwC group (Forrest et al. 2021)
using the dynamic factor model predicted GDP growth rate yearly and monthly. However,
their prediction model showed a slight difference from the observed figures. For instant, in
September 2020 they predicted a decrease of −14% for the third quarter of 2020 and that
the overall decrease in GDP would be between −11% and −12%. However, the observed
ONS data indicated that the third-quarter GDP was +15.5% compared to the previous
quarter and it was −12.4% compared to the baseline quarter (Q4 2019) whereas the yearly
GDP decrease was −8.4%. In 2020 Quarter 4, GDP showed an increase of 2.2%, which
was significantly higher than the predicted figure of −3.7% in the previous PwC economic
report (Forrest et al. 2021). The published average forecast for 2021 GDP growth was from
3.7% to 4.3% (Harari et al. 2021). The average forecast of 2021 Q1 GDP was a decline by
3.5% (HM Treasury 2021) to 4% (BoE (Bank of England) 2021) compared with the previous
quarter based on the effect of the lockdown.

In this study, we used continuous and categorical time-series forecasting-based ap-
proaches to make future predictions considering their successful application in a wide
range of fields. Unlike most studies conducted in the area of economic analysis, we focused
on categorical forecasting in our approach to mitigate the impact of unexpected variations
on predictions. Our predictions cover the future values of GDP and other industry (service,
manufacturing and construction) outputs in all the quarters in 2021. In addition to the
continuous-value predictions, we predicted the categorical values considering the cate-
gories growth, constant and fall compared to the values in the previous time point and the
last quarter of 2020 to provide more insight into the future economy.

Based on the predictions, GDP indicates a nearly steady-state with a growth of around
0.1% in all quarters of 2021 with no significant increase or decrease. This figure seems
different when it is compared to the predicted figure of PwC using their forecasting model
ranging from +3% to +7%, depending on their quick or slow response scenarios. Further-
more, when comparing the predictions made for yearly GDP growth compared to the final
quarter of 2019, they obtained a decrease ranging from −6%–−8%. This is comparable to
the results we have obtained from −8.4% in GDP growth compared to the baseline using
our AI model. Our predictions on GDP estimate that in the first quarter of 2021 there will be
a decrease of 0.3%. This can be expected as the third lockdown was enforced during the first
quarter of the year and businesses were much more prepared than the previous lockdown
to be able to still operate and thrive under the new conditions. However, in the rest of the
quarters of 2021, there will be growth in GDP according to the predictions.

6. Conclusions

Most studies that analysed the impacts of the COVID-19 on the UK economy have similar
conclusions to our study, emphasizing the extraordinary impacts on the different sectors of the
UK economy. The common line in the economic literature is represented in the unprecedented
impacts of the pandemic on the UK economy, which is associated with the mitigation strategies
that the government imposes and is depending on how long these strategies will last. The costs
of these strategies are due to lost jobs because of lower demand and business closures. The
research papers also revealed a similar negative impact of the pandemic on the same sectors
we focused on in our study (construction, services, and production)l

The specific nature of the UK makes it more likely to face larger economic impacts of
the pandemic due to Brexit which is likely to increase input costs by increasing barriers to
trade between the UK and the EU. Furthermore, the UK is likely to face a major change
in its labour market, which will require more support from the government to improve
skills and cope with this change to efficiently allocate its resources. The UK’s institutional
setting may also have been a driver of this poor performance towards the pandemic, which
leads to the provision of inadequate information that affected the evaluation process of the
pandemic and the implementation of the proper policy. One of the important policies in
dealing with the pandemic is the need to develop effective systems of participation at all
levels of human organization.
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The pandemic represents not only additional costs on the UK’s economy but also
the challenges of the balance between the different economic goals of the government,
increasing jobs and promoting efficiency on the one hand and balancing between the
burden of the pandemic on the UK economy and the burden of the post-pandemic costs on
the other. Imposing mitigation strategies would lower death rates and fight the pandemic,
but it imposes much higher costs, in the long run, costs that would represent even much
more challenges for the policymaker in the future.

In short, the case of the UK economy with its nature facing the pandemic creates a
dilemma that represents a major challenge to any decision maker.

Studying the pattern of recovery following previous economic crises may help to
accurately forecast the pattern of change in the future. In addition, studying the impacts of
the crisis utilising a sufficient time period following the pandemic is likely to provide more
accurate figures on the long-term changes in the economy as the very early figures may
be misleading and could exaggerate the impacts. AI provides an important tool for large
scale analysis of economic data and can provide the robust tool for multiparameter and
multidimensional data analysis for evaluating the impacts and predicting future patterns.
The forecasts provided in the current study can help make better decisions, determine
monetary and fiscal policies, and could be used by the government and business to help
determine their future strategy, budgets and multi-year plans. However, further validation
of AI models is warranted to ensure more reliability and utility of this approach. The more
variables, events, and time points are used in the model, the more accurate the prediction.

Author Contributions: Conceptualization, A.R., M.M.G., E.R. and M.M.A.; methodology, H.H.,
M.M.G. and M.M.A.; software, H.H.; validation, A.R. and H.H.; formal analysis, A.R. and H.H.;
investigation, A.R. and H.H.; resources, A.R.; writing—original draft preparation, A.R. and H.H.;
writing—review and editing, A.R., H.H., D.R., M.M.G., E.R. and M.M.A.; visualization, A.R. and
H.H.; supervision, M.M.A.; project administration, M.M.A.; All authors have read and agreed to the
published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The data used in this study were collected from the Office for National
Statistics (ONS 2021) and the implementation code is available online at https://github.com/HHansi/
Economic-Prediction.

Conflicts of Interest: The authors declare no conflict of interest.

Appendix A

Table A1. The main eight recessions in quarterly GDP observed since records began in 1955.

First Quarter Last Quarter Number of Quarters
of Negative Growth

Total
Decline/%

1956 Q2 1956 Q3 Two quarters −0.3

1961 Q3 1961 Q4 Two quarters −0.7

1973 Q3 1974 Q1 Three quarters −4.1

1975 Q2 1975 Q3 Two quarters −2.0

1980 Q1 1981 Q1 Five quarters −4.2

1990 Q3 1991 Q3 Five quarters −2.0

2008 Q2 2009 Q2 Five quarters −6.0

2020 Q1 2020 Q2 (Keogh-Brown et al. 2020) Two quarters −22.1

https://github.com/HHansi/Economic-Prediction
https://github.com/HHansi/Economic-Prediction
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Appendix B

The construction industry was the most affected industry showing a decrease of 35%.
This is the largest quarterly fall in the construction industry’s GDP since records began,
more than four times bigger than the second-largest fall in the construction industry. The
influenzas pandemic for instance resulted in a reduction in the GDP by −2.25% to −5.2%
(Keogh-Brown et al. 2020; McKibbin and Fernando 2020). This study also showed that
all new investments in the construction industry have decreased by 11% since February
2020, an index of 473,444 was obtained for the figures in July. The most significant drop
and the lowest value obtained were in April, just following the introduction of the first
lockdown; the index dropped by 35.6% from 503,234 to 298,961. Following on from
April, the output levels for the industry as a whole started to rise, as businesses began
to adapt to the situation. The sector that was the most significantly affected was public
housing. This sector’s output levels dropped by 67% in April 2020, as the majority of public
construction work on new housing was halted (Boissay and Rungcharoenkitkul 2020).
Keogh-Brown et al. (2020) identified a reduction in the consumer industry output level
during the influenzas outbreak, which was 9% higher than the index obtained in this study.
The only sector of the construction industry that achieved a higher index was the public
infrastructure sector, achieving an index that was 6.1% higher than before the lockdown.
This sector was least affected by the lockdown overall.

The production industry was affected but not as badly affected as the construction
industry. The second quarter of 2020 GDP for the production industry was −20%. The
second-largest quarterly fall for the production industry was observed in the first quarter of
2009. However, the fall in GDP was 5%, Four times smaller than the decrease in GDP in the
second quarter of 2020. This is further evidence that each industry was affected differently
by the pandemic, which represents that the production industry was the most affected
industry by the lockdown period, but not to the extent that the construction industry’s
GDP had dropped. As highlighted above, the absolute reduction in the three categories
indicated that construction was affected the most with a 35% reduction compared to the
service industry and production industry (19% and 20%). However, when analysing
the relative reduction as compared to the previous falls in these industry performances
during the recent economic history in the UK, we found that the relative reduction in
the service industry was the highest with more than 24 folds compared to influenzas
outbreak which affected the UK in 2009. At the same time, the drops in construction
and service were five times and four times when compared to the 2009 economic hit,
respectively. Interestingly in the 2009 virus outbreak, the biggest impact was observed in
the construction and production industry, and the least affected industry was the service
with a relative reduction in service was nine times and six times less compared to the
construction and production industry. However, during the COVID-19 crisis, the relative
reduction in the service industry was three times as big as the construction industry and
was two times as big as the production industry. These changes in the patterns of drops of
various industries are likely to be a reflection in the scale of the preventive measures taken
in both outbreaks and the global nature of the COVID-19 compared to the limited effect of
the influence outbreak in 2009.

The service industry GDP saw the smallest decline of all three industries. In the
second quarter of 2020, the GDP fell by 19% because of the lockdown imposed in March.
That is nearly ten times the value of the second-largest decrease in the service industry
GDP of −2.3%, which was observed in the first quarter of 2020. The 2009 financial crisis
and the influenza outbreak caused a decrease in the first quarter by 0.8%. This decrease
is 96% smaller than the decline observed due to the lockdown imposed. This is further
evidence that each industry was affected differently by the pandemic and represented that
the service industry was the least affected industry by the lockdown period. This indicates
that the service industry was affected significantly, but lower than the construction industry,
as a result of the national lockdown.
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