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This paper examines the performance evaluation and lockdown drivers of the 
UK's NHS (National Health Service) during the COVID-19 pandemic. The study 
aims to enhance the NHS's response to future health crises and guide 
government lockdown decisions. Lockdown drivers encompass vital 
resources like beds, ventilators, patients, and staff. A three-stage MCDM 
(Multiple-Criteria Decision Making) approach is employed to analyze 
performance scores. First, partial utility functions or partial distances are 
computed using COPRAS (Complex Proportional Assessment) and TOPSIS 
(Technique for Order Preference by Similarity to Ideal Solution), respectively. 
Second, the Latent Vagueness and Randomness Components (LAVRA) 
method filters unbiased performance scores from uncertain components. 
Third, a bootstrapped neural network regression classifies lockdown drivers 
based on performance, deaths, and geographic regions. Crucial drivers relate 
to ventilated bed availability, while less critical ones include staff absence due 
to COVID-19 and a high admission rate of elderly inpatients. The results 
indicate performance scores range from 0.65 to 0.75 using TOPSIS, while 
COPRAS analysis significantly reduces the scores. Lockdown decisions are 
influenced by geographic regions, death tolls, and unbiased hospital 
performance scores. 

 
Keywords: Lockdown drivers; Multiple-
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1. Introduction 

The novel coronavirus is named Severe Acute Respiratory Syndrome Coronavirus-2 (SARS-CoV-
2), and the associated disease is called COVID-19 [1]. This virus has the characteristics of a very fast 
spread rate and also has a devastating effect on people's lives [2]. According to the data provided by 
worldometer.info, as of the 18th of February 2022, a total of 225 countries in the world were affected 
by this virus. In terms of the number of positive cases since the outbreak, there have been more than 
79 million in the United States, which was ranked as the number one country in the world, followed 
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by Brazil, India, Brazil, and France. The UK was the fifth country in the world in terms of the number 
of accumulated positive cases. The data show that the number of deaths from COVID-19 follows a 
similar pattern as the positive cases among the countries in the world; the USA has the largest 
number of accumulated deaths, exceeding more than 95 thousand, followed by Brazil, India, and 
Russia. The UK was ranked 7th, following Mexico and Peru, in terms of the number of accumulated 
deaths, exceeding more than 16 thousand [3]. 

Investigating the issue of NHS performance, particularly during the pandemic, will not only 
provide policy implications to improve its capability in normal scenarios but will also offer useful 
guidance on how to handle similar pandemics in the future. Reviewing the literature reveals that very 
few efforts have been made in this area to evaluate the performance of the NHS during the pandemic. 
The tools that can be used to measure performance can be mainly divided into three groups, among 
others: production functions, non-parametric data envelopment analysis, as well as clinical or 
accounting indicators. Although some studies apply the multiple-criteria decision-making method in 
evaluating various issues in the NHS [4,5], no clear effort has yet been made to evaluate the NHS's 
performance during the pandemic. We contribute to the literature by proposing an innovative MCDM 
to evaluate the performance of the NHS during the pandemic, and lockdown drivers are also 
evaluated using a bootstrapped neural network regression. 

Despite ongoing advancements in healthcare research, the field of Multiple Criteria Decision 
Making (MCDM) is continuously expanding, with various approaches being continually developed 
and integrated to investigate the inherent epistemic uncertainty in ranking alternatives and 
determining criteria weights for performance measurement [6]. This study, therefore, adds to the 
existing body of MCDM literature by concurrently examining the fundamental concepts of "utility 
functions" (utilizing COPRAS - Complex Proportional Assessment) and "distance to ideal solutions" 
(employing TOPSIS - Technique for Order Preference by Similarity to Ideal Solution) in identifying 
potential measures for healthcare performance (stage 1). An additional distinctive facet of this 
research pertains to the calculation of unbiased performance scores through the decomposition of 
the latent vagueness and randomness components of scores initially computed using COPRAS and 
TOPSIS (stage 2). By breaking down distinct pieces of information used to measure healthcare 
performance into their main unbiased constituents, this process offers a clear understanding of the 
cause-effect relationships between lockdown decisions and performance estimates calculated under 
the key concepts of "utility functions" and "ideal solutions," along with other contributing factors, 
through classificatory neural networks (stage 3). 

It is noteworthy that non-parametric performance measurement approaches such as DEA (Data 
Envelopment Analysis) have been widely used in healthcare research [7]. With growing usage, the 
healthcare research stream has also witnessed the emergence of MCDM for performance 
measurement, where ELECTRE (ELimination Et Choice Translating REality) has been a common 
approach [8]. This method was first proposed by Roy [9] to help in deciding on new activities by using 
a weighted sum technique. There are two main parts to an ELECTRE application: first, the 
construction of one or several outranking relations, which aims at comparing each pair of actions 
comprehensively; second, an exploitation procedure that elaborates on the recommendations 
obtained in the first phase. The nature of the recommendation depends on the problem being 
addressed: choosing, ranking, or sorting. 

Differently from previous applications in healthcare, however, the novel approach developed in 
this paper was designed to handle the impacts of the unique characteristics of the COVID-19 
pandemic over datasets, criteria adopted, and the reliability of weights assigned. First, due to the 
unprecedented nature of this crisis, little was known whatsoever at the time of data collection 
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concerning the random nature of each criterion collected, whether it differed or not from previous 
studies' assumptions, based on non-parametric approaches. Second, the limited time to deploy 
physical and human resources to the field also implied a limited amount of time to collect detailed 
information on distinct types of resources, staff expertise, and demographic characteristics of the 
population served. These also imposed epistemic limitations as regards the list of criteria used in 
terms of the lack of comparability with previous similar studies, if any. Third, based on the lack of 
information on the random nature and scope of criteria collected, the most appropriate MCDM 
approach as regards the performance measurement was not whatsoever clear to help in decision-
making. For instance, TOPSIS is preferred when positive and negative ideals are known, while, on the 
other hand, COPRAS should be adopted when decision-makers are convinced to measure the utility 
functions of the resources deployed [10]. It should be noted that, differently from ELECTRE, where 
superiority relationships are determined by making binary comparisons between the alternatives 
provided, under TOPSIS and COPRAS, instead of binary comparisons, continuous distances among 
alternatives are computed in terms of the positive/negative ideal solutions and their utility functions, 
respectively [11]. 

Hence, as long as none of these issues was completely mapped and by no means comparable to 
any similar situation studied in the recent past in healthcare systems, the decomposition of the 
underlying measurement uncertainty into its latent probabilities (randomness) and possibilities 
(fuzziness) under continuous distances and functions was deemed necessary, taking simultaneously 
two cornerstone approaches for measuring performance: ideal solutions and utility functions. The 
modeling choice of decomposition of uncertainty into its latent components, of course, brings the 
need to not only analyze the problem stochastically but also to select the proper regression tools to 
unveil the non-linear relationships that may eventually arise among the variables under study. One 
should also note that the use of stochastic modeling for measuring performance and its determinants 
also addresses two of the major criticisms regarding DEA modeling as mentioned by Simar and Wilson 
[12]: (i) the inexistence of a proper inference approach with respect to performance scores; (ii) the 
intrinsic bias related to separability issues as regards productive frontiers and their determinants, 
which tend to be endogenous. 

Our results show that the performance scores of the UK NHS during the COVID-19 period were 
between 0.65-0.75, as estimated from the Technique for Order Preference by Similarity to Ideal 
Solution (TOPSIS); however, the performance scores were significantly lower, as reflected by the 
Complex Proportional Assessment (COPRAS). This result indicates that the argument regarding the 
level of performance in the UK NHS will depend on the data used as well as the methods adopted in 
the data analysis. In terms of the lockdown decisions, our findings show that they are influenced by 
geographic regions, death tolls, and unbiased hospital performance scores. 

The rest of this paper is structured as follows. Section 2 focuses on the contextual setting related 
to the challenges faced by the UK NHS during the COVID-19 pandemic. Section 3 focuses on the 
literature review and the methodological research gap. Section 4 depicts the novel three-stage 
stochastic-fuzzy-neural MCDM approach. Data analysis and discussion of results are given in Section 
5. The paper ends in Section 6 with the conclusions of the study and its managerial and policy 
implications provided for the UK NHS. 

 
2. COVID-19 in the UK 

The UK has experienced several stages and implemented a series of measures and policies to deal 
with COVID-19. On the 23rd of March 2020, the Prime Minister announced the first national 
lockdown lasting for nearly two months. The conditional lift of the lockdown was announced on the 
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10th of May, after which people who could not work from home were instructed to return to the 
workplace without the use of public transport. The COVID-19 situation improved in the summer of 
2020, during which it was observed that daily positive cases, as well as daily deaths, experienced a 
decline. However, there was another upsurge in September after several measures were 
implemented to ease restrictions in June, July, and August 2020. These measures included the 
reopening of non-essential shops and schools in England in June, the reopening of indoor theaters, 
bowling alleys, and soft play in August, as well as the implementation of the rule of six in September. 
The UK entered the second national lockdown on the 5th of November 2020. On the 24th of 
November, the Prime Minister announced that up to three households would be able to meet over 
five days between the 23rd and 27th of December 2020, and plans were made to reopen schools 
after Christmas. The UK went into a third national lockdown on the 6th of January 2021. In February 
2021, the UK introduced hotel quarantine for travelers arriving in England from 33 high-risk countries. 

From March 2021 onward, the COVID situation in the UK gradually improved as vaccinations were 
received by the people. The easing of restrictions had been planned by the UK government in four 
phases. Starting from the 29th of March 2021, outdoor gatherings of up to 6 people or 2 households 
would be allowed, with outdoor sports facilities to be reopened, but international travel remained 
banned. People were encouraged to continue working from home where possible. The second phase 
started on the 12th of April when non-essential retail and personal care premises would reopen, 
outdoor attractions and indoor leisure facilities would be reopened, but the social contact rule would 
still apply, and the usage of these would only be restricted to people of their own household. Funerals 
could be held with a maximum of 40 people and weddings with 15 people. The third phase was 
planned to be carried out on the 17th of May when most social contact rules would be lifted, although 
indoor activities would remain restricted to a maximum of 6 people. Outdoor performances would 
be reopened, allowing up to 10,000 people. Indoor hospitality and entertainment venues were also 
supposed to reopen, allowing up to 1,000 people, and up to 30 people would be allowed to attend 
funerals and/or weddings. The final stage was implemented on the 19th of July when all legal limits 
on social contact were removed, and people's lives eventually returned to normal completely. On the 
8th of December, a move to plan B was announced to deal with the spread of the Omicron variant. 
The COVID pass became mandatory in nightclubs on the 15th of December 2021. Table 1 shows the 
timeframe of COVID-19 in the UK and relevant policies. 

 
3. Contextual Setting 

The NHS represents the National Health Service, a publicly funded national healthcare system in 
the UK founded in 1948 [13]. The main mission is to provide healthcare services to the people in the 
nation irrespective of religion, gender, age, sexual orientation, race, and disability [14]. The NHS is 
one important component in the Department of Health, the head of which is called the Secretary of 
State for Health. The Department of Health is responsible for the operation and management of the 
department, including setting policies for the NHS, such as waiting time, funding, and staffing targets, 
and it directly reports to the Prime Minister [15]. 

Significant reforms were made to the NHS in 2012 when it was divided into a series of 
organizations that operate at both national and local levels. This followed the previously abolished 
Strategic Health Authorities and Primary Care Trusts. The Clinical Commissioning Groups are 
responsible for commissioning healthcare services for their local areas and are run by general 
practitioners, consultants, and nurses, controlling almost 2/3 of the NHS budget [16]. The Clinical 
Commissioning Groups are overseen by the NHS Commissioning Board, which has both regional and 
local offices around England [17]. The NHS Foundation Trusts provide care that the Clinical 
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Commissioning Groups commission, and they are mainly responsible for providing primary care 
services, mental health, ambulance, social care, and hospital services. The NHS Foundation Trusts are 
mainly made up of hospital trusts, mental health trusts, and ambulance trusts [18]. The NHS hospital 
trusts are foundation trusts run by local managers, staff, and members of the public and are tailored 
to local needs. In comparison, the ambulance trust is responsible for providing emergency access to 
healthcare, while the mental health trusts mainly provide health and social care services for people 
with mental health problems. 

 
Table 1  
Timeline of UK COVID-19 lockdowns and measures from March 2020 to December 2021 
2020  
23rd March PM announces the first lockdown in the UK, ordering people to “stay at home”. 
26th March  Lockdown measure leagally come into force. 

10th May 
PM announces a conditional plan for lifting the lockdown and says that people who cannot work from 
home should return to the workplace but avoid public transport.  

1st June Phased re-openning of schools in England.  
15th June Non-essential shops reopen in England.  

29th June 
Matt Hancock announces that the UK’s first local lockdown would be applied in Leicester and parts of 
Leicestershire. 

4th July  
UK’s first local lockdown comes into force in Leicester and parts of Leicestershire. More restrictions are 
eased in England, including reopening of pubs, restaurants, hairdressors.  

14th 
September 

“Rule of six”- indoor and outdoor social gatherings aboe six banned in England. 

22nd 
September 

PM announces new restrictions in England, including a return to working from home and 10pm curfew 
for hospitality sector. 

5th November Second national lockdown comes into force in England.  

24th 
November 

PM announces up to three households will be able to meet up during a five-day Christmas period 
between 23rd to 27th December. 

2nd December Second lockdown ends 

19th December 
PM announces tougher restrictions for London and Southeast England, with a new Tier 4: “Stay at 
Home” alert level. Christmas mixing rules tightened. 

21st December Tier 4 restructions come into force in England and Southeast England. 

26th December More areas of England enter Tier 4 restrictions 

2021  

6th January England enters third national lockdown. 

15th February Hotel quanratine for travelers arriving in England from 33 high-risk countries 

March (Step 1 
of lifting the 
lockdown) 

Primary and secondary school reopen and small outdoor gathering of no more than 6 people or two 
househld will be allowed. 

April (step 2 of 
lifting the 
lockdown) 

Non-essential shos and outdoor venues reopen. 

May (step 3 of 
lifting 
lockdown) 

Indoor gathering of two households allowed and indoor venues reopen. 

July (step 4 of 
lifting 
lockdown) 

Most legal limits on social contact removed. 

December 
Face mask becomes compulsory in most public indoor venues and NHS COVID pass becomes 
mandatory in nightclubs.  
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NHS providers have played a vital role in dealing with COVID-19 to slow down the spread of the 
virus, facilitated by government policies. According to NHS England, providers have consistently 
treated COVID-19 patients daily, with the maximum number of admissions exceeding 4000 a day [19]. 
Between March 19, 2020, and February 2, 2022, 439,752 people had been discharged. Although NHS 
providers have done a fantastic job, their performance could be even better if some challenges could 
be overcome: 1) The limited availability of raw materials and labor hampers the efficient functioning 
of the NHS. For example, the limited number of beds, ventilators, and qualified healthcare 
professionals significantly reduces the capacity of NHS providers in battling COVID; 2) A significant 
and unexpected increase in the volume of COVID-19 cases substantially increases the demand for 
hospital admissions. The sudden surge in demand sometimes exceeds the capacity of NHS providers 
to cope; 3) Due to the priority of dealing with COVID, non-COVID patients cannot be treated swiftly. 
In some scenarios, this may increase the severity of non-COVID illnesses and further raise the demand 
for hospital beds, restricting hospitals' capacity to deal with COVID. 

According to statistics from the King's Fund [20], funding for health services in England comes 
from the Department for Health and Social Care’s budget. The planned spending for 2021/22 was 
£190.3 billion, including an additional £33.8 billion in response to the COVID-19 pandemic. The main 
expenditures from the budget were related to staff salaries, medicines, buildings, and equipment. 
Comparing these statistics with those over the past 10 years, it is noted that between 2010/2011 and 
2019/2020, the NHS budget increased from £119.9 billion to nearly £140 billion [21]. In terms of 
workforce statistics, based on the report from NHS Digital [19], there were 1,205,362 full-time 
equivalent staff in September 2021, increasing by 3.8% compared to the previous year. Among them, 
52.8% were professionally qualified clinical staff, increasing by 3.2% compared to the previous year. 
According to the consolidated NHS provider accounts 2019/2020 [22], during the year 2019/2020, 
there were 226 NHS providers, including 130 hospital trusts, 53 mental health trusts, and 10 
ambulance trusts. 

The policies or measures implemented and planned by the government, as illustrated above, 
prioritize people’s lives and aim to reduce pressure on the National Health Service (NHS) in dealing 
with this public health crisis. In other words, the level of restrictions imposed by the government 
largely reflects the NHS's capability to slow down the virus's spread by admitting a large number of 
patients, especially to deal with the uncertainty derived from an unexpected increase in the number 
of patients at any time. A higher capability of the NHS to handle this will reduce the government's 
pressure to impose stricter restrictions or delay the imposition process. This is crucial for the 
economy and society. From the country’s perspective, the easing of restrictions would be beneficial 
to economic activities and promote economic growth. From the individual perspective, the easing of 
restrictions in terms of working patterns or social rules means that people can lead a normal life, 
undertake activities as usual, and communicate or socialize with others, which is crucial for mental 
health. 

 
4. Literature Review 

Using the County Durham and Darlington Foundation Trust, Oomman and Todd [23] investigated 
the influence of COVID-19 lockdown on Accident and Emergency performances. Instead of using 
machine learning techniques, the study employed the golden 4-hour standard and clinical quality 
indicators to measure performance. The former focused on assessing, treating, admitting, and 
discharging patients within a 4-hour window, while the latter concentrated on the amount of time 
patients spent in the Accident and Emergency department before moving to a ward, transferring to 
another hospital, or being discharged. The findings suggest that the fear of catching COVID in the 
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hospital environment may have led to a reduction in patient numbers. Waiting time is a significant 
concern, especially during the COVID-19 pandemic, as managing long waiting queues for non-
communicable diseases, cancers, and other conditions significantly influences the mortality and 
morbidity of COVID-19 patients [24]. 

Healthcare performance investigation does not only focus on the public sector National Health 
Service (NHS), but attempts have been made to investigate the sustainability of for-profit hospitals 
during the COVID-19 pandemic. Kruse and Jeurissen [25] argued that the financial conditions of for-
profit hospitals before the outbreak of COVID-19 would determine their ability to deal with the 
financial shock derived from the COVID-19 crisis, and relevant reserves should be kept by hospitals 
to improve their ability to absorb negative shocks from the unexpected external environment. They 
also argued that government intervention to bail out problematic hospitals, as well as mergers and 
acquisitions, should be engaged in to form a more consolidated hospital market. Kuosmanen et al. 
[26] investigated the performance of UK NHS hospitals during the first and second waves of COVID-
19. They proposed a production function of death that incorporated contextual variables under a 
convex quantile regression approach. To address the issue of zero observations, Heckman’s two-
stage approach was proposed. The results show an improvement in expected mortality in the second 
wave compared to the first wave, and there is a regional difference in hospital performance, but the 
performance gap is found to be smaller in the second wave. 

Another group of studies applied the non-parametric technique to estimate the performance of 
the health system in dealing with COVID-19. Hamzah et al. [27] conducted network data envelopment 
analysis to investigate the efficiency level of Malaysia’s health system in dealing with COVID. Two 
inputs, including the total number of confirmed cases and death cases, were considered. Recovered 
cases were used as outputs. Three sub-processes, including community surveillance, medical care I, 
and medical care II, were included in the network analysis. The findings suggest that overall 
inefficiency in the health system is mainly attributed to the poor performance of the medical care 
process. Using death rates and infection rates as undesirable outputs under non-parametric data 
envelopment analysis, Breitenbach et al. [28] investigated the healthcare resource efficiency of 36 
countries in the world. Three inputs were considered, including the number of tests, the number of 
doctors and nurses, and health expenditure, with the desirable output of recovery rate included in 
the analysis. The findings suggest that the average efficiency of global health systems in managing 
the COVID-19 pandemic is low. 

Another world-scale analysis of health system performance in dealing with COVID-19 was 
undertaken by Lupu and Tiganasu [29] under data envelopment analysis. Several inputs were 
considered, including COVID-19 cases, physicians, nurses, hospital beds, and health expenditure. 
COVID-19 death was considered as the output. The results show that the efficiency of health systems 
in the sample is quite low, particularly for a few European countries, including Italy, Belgium, Italy, 
and the UK. The study also engaged in a second-stage Tobit regression analysis, and the findings 
suggest that population age, population density, and education are influencing factors of efficiency. 
Coyle et al. [30] argued that although the NHS had engaged in various activities such as critical care 
and vaccination programs, the measured health output in the UK still experienced a sharp decrease 
during the period of COVID-19. They concluded that the substantial decline in non-COVID-19 output 
was attributed to NHS England capacity constraints, and they argued that higher productivity in the 
uncertain environment for health services can be achieved by increasing capacity in social 
infrastructure.  

In summary, the latest studies covered some issues in terms of the responses of healthcare 
services to the COVID-19 pandemic, including resource planning, the influence of COVID-19 
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lockdown, hospital sustainability, and the performance of NHS during the first and second waves of 
the national lockdown. For these different investigations, a variety of methods have been adopted, 
including clinical quality indicators, financial indicators, the proposal of the production function of 
death, and non-parametric data envelopment analysis. Looking at the studies evaluating the 
performance of NHS in dealing with COVID, no effort has yet been devoted to applying the Multiple 
Criteria Decision Making (MCDM) models in performance evaluation. We not only fill in the gap in 
the literature from this perspective by using two MCDM methods to derive performance scores, 
including COPRAS and TOPSIS, but also filter the unbiased performance scores using LAVRA. Finally, 
as seen from the literature review, no study has yet attempted to examine what influencing 
indicators influence the lockdown decision. We contribute to the literature by investigating this topic 
using the bootstrapped neural network regression, which not only fills in the gap but is also very 
useful in terms of future policymaking by the government. 

 
5. Stochastic-Fuzzy-Neural MCDM (Multiple-Criteria Decision Making) Approach for Handling 
Epistemic Uncertainty 
5.1. Stage 1: Robust Performance Assessment by Alternative MCDM models 

COPRAS (Complex Proportional Assessment) and TOPSIS (Technique for Order Preference by 
Similarity to Ideal Solution) are both decision-making methods widely used in the field of multi-
criteria decision analysis. COPRAS, a method developed for complex decision-making scenarios, 
involves assessing alternatives based on multiple criteria while considering the interdependencies 
among these criteria. It employs a proportional representation of preferences, allowing decision-
makers to capture the intricacies and relationships between different evaluation factors [31]. On the 
other hand, TOPSIS is a technique designed to determine the best alternative from a set of options 
by comparing each alternative to an ideal solution and a worst solution. TOPSIS computes the 
similarity of each alternative to the ideal solution and dissimilarity to the worst solution, ultimately 
providing a ranking that assists decision-makers in selecting the most favorable option [32]. Both 
COPRAS and TOPSIS contribute valuable tools to decision analysis, offering systematic and structured 
approaches for evaluating complex decision problems with multiple criteria. Please see Maredza et 
al. [10] for details of these two methods.  
 
5.2 Stage 2: Unbiased MCDM Score Decomposition into Latent Vagueness and Randomness 
Components (LAVRA) 

LAVRA approach for determining unbiased MCDM scores departs from the well-established signal 
processing theory applied to blind image restoration [33]. In this respect, the convolution of two 
signals is a fundamental operation in signal processing [34]. According to these authors, when image 
blurring is uniform, it can be modelled as the convolution of a latent original sharp image and its 
blurring function plus a random noise [35]. 

Analogously, any given computed MCDM score vector s (i.e., like a blurred image) could be 
decomposed as the convolution among the bias-free score vector b (i.e., latent or underlying original 
image), a vagueness component vector v related to criteria measurement (i.e., blurring function), and 
a random noise vector n (often assumed as half-normally distributed with 0 mean and standard 
deviation equal to 1), such as: 

s = b ⊗ v ⊗ n (1) 
where ⊗ denotes the binary convolution operator for a discrete set of variables. 

With regard to the continuous probability distribution functions, convolution can be 
apprehended as an operation on two probability distribution functions – a.k.a. pdf´s - (f and g, for 

https://en.wikipedia.org/wiki/Function_(mathematics)
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instance) that produces a third pdf (f*g). This resulting pdf expresses how the density of one 
distribution is modified by the other [36]. Convolution is defined as the integral of the product of the 
two functions after one is reversed and shifted. Some features of the convolution operation are 
similar to cross-correlation computation, except for the fact that one pdf (either f or g) should be 
reflected around the vertical axis [37]. Under some circumstances, it is possible to define the 
convolution of two distributions, where f∗g is a smooth function defined by a pdf given by: 

∫ 𝑓(𝑣)𝑔(𝑏 − 𝑣)𝑑𝑣 (2) 

where 𝑓(𝑣) is the pdf for the latent vagueness component V and 𝑔(𝑏) is the pdf for the latent 
unbiased scores B. More generally, it is possible to extend the definition of the convolution uniquely 
so that the associative law remains valid in the case of compact spaces [38], which turns out to be 
the case of performance scores and their latent components, which all are defined in the interval [0, 
1]: 

𝑓 ∗ (𝑔 ∗ ℎ) = (𝑓 ∗ 𝑔) ∗ ℎ (3) 
where ℎ(𝑛) is the pdf for the latent random noise component N. 

While convolution of probability distributions is a well-known problem in statistics [39], its 
computational implementation gained momentum after the Fast Fourier Transform (FFT) [40]. 
Besides, the upcoming parallel computing architectures add to the importance of FFT, in contrast to 
convolution by direct computations, as proposed by Gupta and Kumar [41]. Nowadays, package distr 
provides classes for probability distributions within the S4 object-oriented programing concept of R; 
see Ruckdeschel et al. [39], Ruckdeschel et al. [42]; for further details. Notwithstanding, 
computational mathematics and its underlying numerical methods are cornerstones for 
deconvolution. Deconvolution encompasses the numerical procedures taken, observing 
distributional assumptions and priors, for decomposing a convolutional pdf into its singular pdfs, thus 
allowing the identification of latent components. In this paper, deconvolution refers to the problem 
of numerically estimating three latent components: (i) the unbiased MCDM score vector 𝐛, (ii) the 
vagueness or fuzziness component vector v, which is inherent to the epistemic uncertainty that 
surrounds the computation with different criteria collected from distinct alternatives/data sources, 
and a noise vector component n, which reflects the intrinsic randomness that may occur in every 
measurement process. This latent component estimation, or LAVRA, is structured in a two-step 
approach, as discussed next. 

Step 1 
In the first step (cf. Model 4), assumptions on pdf´s and their respective prior ranges for B, V, and 

N random variates are optimized using genetic algorithms, so that the Mean Square Error (MSE) 
function between the cumulative distribution function – a.k.a. cdf - of the MCDM scores and the cdf 
of their deconvolution scores is minimal.  

Minimize: MSE(c(s), c(b ⊗ v ⊗ n)) 
Subject to: l. bound ≤ 𝑝 ≤ u. bound (4) 

where MSE(.) is the Mean-Square Error function between two vectors; c(.) is a cumulative 
function applied on the original MCDM score and convolution vectors; l.bound and u.bound are, 
respectively, the lower and upper bound vectors w.r.t. prior assumptions, which are further discussed 
ahead in Step 1; p is the distributional parameter vector to be optimized, for which the objective 
function is minimal. 

Step 2 
Subsequently, in Step 2, a linear linking function for modelling scale and location between both 

cumulative distributions is computed, yielding a transfer function between original computed MCDM 

https://en.wikipedia.org/wiki/Integral
https://en.wikipedia.org/wiki/Cross-correlation
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scores and their three latent components. Let k and t be, respectively, the location and the scale 
parameters of the linear linking function; and let the symbol ^ denote the computed estimates using 
the optimal p* distributional parameter vector determined in Step 1. Hence, it follows that: 

Minimize: 
∑(𝑘 + 𝑡 ∗ 𝑐(�̂�|𝑝 ∗)–  𝑐(𝑏 ⊗ 𝑣 ⊗ 𝑛̂ )|𝑝 ∗)

2

𝑛
 Subject to: k and t free in sign (5) 

where n represents the vector size and the objective function is the usual OLS (ordinary least-
squares) representation for the MSE function. 

Vagueness Component 
In the real world, managers frequently deal with imprecise data for taking decisions. In such cases, 

conventional approaches to address MCDM problems should be no longer used, because 
conventional modelling ascertains precise or “crisp” values for each alternative under each criterion. 
While such imprecision or vagueness is often modelled using fuzzy logic, it is worth noting the 
resemblance between possibilities in fuzzy numbers and probability densities in random “crisp” 
numbers. This being the case, as regards specifically the case of modelling latent vagueness 
component, this paper addresses another literature gap, by extending the principles of Two-
Dimensional Fuzzy-Monte Carlo (2DFMC) analysis into the underlying vagueness of MCDM models. 
The 2DFMC approach was firstly proposed by Kentel and Aral [43]. This approach combines the 
probability and possibility theory; Abdo and Flaus [44] argue that this approach may provide 
sufficient information for effective decision making. It is also worth noting that this paper is the first 
piece of research applying 2DFMCA in the stream of convolution of distribution probabilities to 
explore the impact of data vagueness on the decomposition of their latent components, while 
building the theoretical gaps between uniform fuzzy numbers and uniform distributions. The 
underlying idea is to show how one approach can be helpful in gaining insights over the other, that 
is, randomness helping in apprehending vagueness and vice-versa. 

The uniform distribution assumption is the starting point for modelling latent vagueness due to 
using different data sources (alternatives) for each one of the positive and negative criteria under 

consideration. Let V~U(a, b), for 0 ≤ a < b, denote the uniform distribution whose density function is 

f(v) = 1/(b−a) for a < x < b, and f(v) = 0, otherwise. The uniform distribution is typically used as a 
subjective description of a random variate for which there is only limited or vague data. It is based 
on a knowledge of the minimum and maximum possible attainable outcomes. For these reasons, the 
uniform distribution has been called a "lack of knowledge" distribution, thus justifying their choice 
as a counterpart for the uniform fuzzy number. Now, consider the convolution power operation, or 
the �̅�-fold iteration of the convolution of f(v) with itself [45]. Thus, if f(v) is a function on Euclidean 
space, �̅� belongs to a fuzzy number set characterized by membership vector 𝛍 with size L, the fuzzy-
convolution power operation on f(v) is defined by: 

𝑓(𝑣)∗�̅� =
[𝜇1𝑓(𝑣)]∗[𝜇2𝑓(𝑣)]∗…∗[𝜇𝐿𝑓(𝑣)]

𝜎(μ)
 (6) 

where 𝜎(. ) is the summation function over vector elements and 𝜇1 … 𝜇𝐿 are the elements of the 
vector 𝛍. Readers should note that, while f(v) is a uniform density function for sure, the use of a fuzzy 
number �̅� to compute a novel probability based on the convolution power operation, yielded, per se, 
a fuzzy probability density function to represent the latent vagueness [46, 47], with parameters a, b, 
μ, and �̅�, hence: 

𝜑(𝑣|𝑎, 𝑏, μ, �̅�)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ = 𝑓(𝑣)∗�̅� (7) 

For continuous distributions, which is the case of 𝜑(𝑣|𝑎, 𝑏, 𝛍, �̅�)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ , - although other approaches 
may be available, such as the Fourier transformation of the corresponding characteristic function [48, 

https://en.wikipedia.org/wiki/Convolution
https://en.wikipedia.org/wiki/Function_(mathematics)
https://en.wikipedia.org/wiki/Euclidean_space
https://en.wikipedia.org/wiki/Euclidean_space
https://en.wikipedia.org/wiki/Natural_number
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49]- the discretization of the respective cdf, based on 0.0001 steps from 0 to 1, may yield enough 
precision [39] to populate the vector v to be plugged into optimization model (4). 

Random Component 
The half-normal assumption is adopted as regards the latent noise component, likewise other 

stochastic MCDM models, such as the stochastic frontiers with performance scores bounded 
between 0 and 1. The half-normal distribution 𝐻𝑁(𝑚𝑛, 𝑠𝑛

2) is defined by the pdf ℎ(𝑛|𝑚𝑛, 𝑠𝑛
2) for every 

n ∈ R+ with mean and variance parameters respectively given by 𝑚𝑛 and 𝑠𝑛
2. Analogously to the 

discussion on the latent vagueness component, the discretization of the respective cdf, 𝐻(𝑛|𝑚𝑛, 𝑠𝑛
2), 

based on 0.0001 steps from 0 to 1, was the chosen approach to populate the vector n to be plugged 
into optimization model (4). 

Unbiased Scores Component 
Lastly, with respect to the latent unbiased score component – that is, free from vagueness and 

randomness effects -, the beta distribution 𝐵(𝛼, 𝛽) was chosen as the underlying assumption. The 
beta distribution is a family of continuous probability distributions defined on the interval [0, 1], 
which pdf 𝑔(𝑏|𝛼, 𝛽) is parameterized by two positive parameters denoted by α and β that control, 
respectively, the scale and the shape of the distribution. Similarly, discretization of the respective cdf 
𝐺(𝑏|𝛼, 𝛽) was also employed to populate the vector b into model (4). 

MCDM Scores 
While empirical in nature, due to the plethora of alternative existing models and their inherent 

assumptions (e.g. TOPSIS, VIKOR, COPRAS, MOORA etc), MCDM scores are strongly influenced by the 
weight vector w assigned to each positive/negative criterion. Hence, it follows that 𝛭(𝐰|MCDM) 
denotes the empirical distribution of a given MCDM parameterized by the criteria weighting vector. 
Its kernel pdf can be proxied by 𝑗(𝑠|𝐰) and be also discretized to populate the vector s in model (4). 

Final Remarks: Latent Component Weights 
The objective function of model (4) could also be modified by the addition of a weight vector W 

for the latent components, such as: MSE(c(s), WTc(𝐛 ⊗ 𝐯 ⊗ 𝐧)). W elements would reflect a 
combination of location and scale parameters for each latent component to be decomposed and 
could be subject to genetic algorithm optimization. Table 2 presents a summary of the distributional 
assumptions and prior ranges used in the genetic algorithm optimization of model (5). 
 
Table 2 
Distributional assumptions and prior ranges for Step 1 

Variate Distribution Parameters (p) Domain 
Prior lower 
bounds 
(l.bound) 

Prior upper 
bounds 
(u.bound) 

Vagueness 
Fuzzy convolution 
power on Uniform 
distributions 

𝑎 R+ 0 0.4 
𝑏 R+ 0.6 1 
𝛍 R+ 0 1 
𝐿 N+ 1 5 

Randomness Half-Normal 
𝑚𝑛 R+ 0 1 

𝑠𝑛  R+ 0 1 

Unbiased scores Beta 
𝛼 R+ 0 4 
𝛽 R+ 0 4 

MCDM scores Empirical w R+ 0 1 

Latent component 
weights 

Empirical W R -10 +10 

Note: Vector dimensions: dim (𝛍) = up to 5; dim(w) = number of MCDM criteria; dim(W) = 3 latent 
components. 

https://en.wikipedia.org/wiki/Probability_distribution
https://en.wikipedia.org/wiki/Statistical_parameter
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5.3 Stage 3: Neural Network Lockdown Classification 
The drivers for lockdown decision is now explored by means of ANNs (Artificial Neural Networks), 

where classification regressions are computed to discriminate the relative importance of each 
predictor variable, observing the following functional specification: Lockdown   ~ f( Unbiased Scores, 
Patients Died (lag), MCDM Method, Region), where MCDM Method and Region are dummy variables. 
In this research, we particularly look at the MLP (Multi-Layer Perceptron) network which has been 
the most used of ANNs architectures for forecasting [50]. As regards the ANN training, we observed 
the Connection Weight Approach (CWA) described in Olden et al. [51] and Olden and Jackson [52]. 
The CWA calculates the product of the raw input-hidden and hidden-output connection weights 
between each input neuron and output neuron and sums the products across all hidden neurons so 
that the relative importance of each predictor for taking the lockdown decision is properly mapped. 
This process was bootstrapped 100 times, yielding the collection of confidence intervals – and the 
respective statistical significance – for each lockdown predictor. 
 
6. Data Analysis and Discussion of Results 

Tables 3 and 4 report the descriptive statistics of the data used in this analysis. Specifically, with 
respect to Table 3, information is provided for the criteria used: “n” denotes a negative criterion, and 
“p” denotes a positive criterion. On the other hand, Table 4 provides the descriptive frequencies of 
the UK regions investigated. During the period of analysis, two national lockdowns were imposed in 
the UK by Prime Minister Boris Johnson. The first one occurred between 23 March and 4 July, ending 
with the reopening of pubs and restaurants. The second national lockdown was a 4-week restriction 
between 5 November and 2 December. A seven-day lagged version of the patients who died, used in 
LAVRA analysis, was considered as the explained variable of the neural network lockdown 
classification model.  

Looking at the statistics of the standard deviation (SD) in Table 3, we can see that the hospitals 
used in the sample show a large difference in the average of total beds occupied and maximum total 
beds occupied, whereas the difference in the sum of patients aged 85+ with COVID-19 and the sum 
of patients aged 65-84 with COVID-19 is small. The standard deviation provides a measure of absolute 
dispersion in the original units of the data, while the coefficient of variation provides a standardized 
measure of relative dispersion, making it easier to compare variability across datasets with different 
scales or means. A different result is shown when looking at the coefficient of variation. Specifically, 
there is a large difference in the sum of patients aged 85+ with COVID-19, as well as the sum of 
patients aged 65-84 with COVID-19, while the level of difference in the average total beds occupied 
and the maximum total beds occupied is small. Table 4 illustrates the distribution of hospitals across 
different regions in the analysis. The Midlands emerges as the region with the highest representation, 
accounting for 18.18% of the total hospitals. Following closely is London, representing 16.58%, while 
the Northeast and Yorkshire together contribute 15.51%. The Northwest and Southeast regions 
display notable shares at 14.97% and 13.9%, respectively. Meanwhile, the East of England constitutes 
11.23% of the hospitals, and the Southwest region comprises 9.63%. 

Figure 1 displays the density plots of COPRAS and TOPSIS scores, revealing a noteworthy 
distinction between the two sets. It is intriguing to observe that both sets exhibit effective 
discrimination. Notably, the performance scores are higher when considering the "distance to ideal 
solutions" assumption compared to the "utility function" assumption. This observation implies that, 
from a managerial standpoint, having higher criteria slacks could potentially be beneficial in achieving 
elevated healthcare performance. Our results, to a certain extent, challenge the arguments from 
Coyle et al. [30], which advocated that the UK NHS suffered from low performance during the COVID-
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19 pandemic from the perspective of reduced outputs. It is indicated from our results that the 
performance of the UK NHS during the COVID-19 period was low, as reflected by the performance 
scores estimated from COPRAS, but this is not really the case for the performance scores estimated 
from TOPSIS. Therefore, we can deduce from this finding that the level of performance of the UK NHS 
during the COVID-19 pandemic will depend on the data used and the estimation method in the data 
analysis. 

Tables 5 and 6 report the results for LAVRA decomposition in steps 1 and 2, respectively, 
performed simultaneously for both sets of TOPSIS and COPRAS scores. These results indicate that 
these MCDM scores could not only be successfully decomposed into three major components (cf. 
Table 5) – unbiased, randomness, and vagueness – but could also be associated with a quasi-perfect 
linear transfer function to LAVRA model assumptions (cf. Table 6 and Figure 2) based on their 
cumulative sum distribution, suggesting that the score rank-order was preserved during the 
decomposition process. It is interesting to note that, based on Figure 3, the relative importance of 
each decomposed component in each MCDM can vary. While the vagueness component is more 
prominent in the TOPSIS model, the random component is more relevant in the COPRAS model. This 
may be explained by the fact that the underlying epistemic uncertainty captured by distinct MCDM 
is different. While “ideal solutions” may be more subjected to vagueness than to randomness – After 
all, what are the actual ideal limits for the positive and negative criteria? – “utility functions” seem 
to be more impacted by random variations in collected data than by fuzziness with respect to its 
practical meaning for decision-making. That is, it is clearer to identify which criteria are more useful 
to increase performance levels than to conjecture on their ideal boundaries.  

Figure 4 reports on the bootstrapped neural network results for classification: 1 indicates 
lockdown, 0 otherwise. Results suggest that the lockdown decision is triggered by a combination of 
predictive factors, such as (i) geographic region – where Northeast/Yorkshire, Southwest, London, 
Northwest, and Southeast appear in decreasing order of importance; (ii) the death toll, which 
positively impacted the lockdown decision with a lag of seven days; (iii) the unbiased performance 
scores, which negatively impacted the lockdown decision. In other words, the lockdown decision 
appears to be taken based on an undoubted performance drop of the healthcare system (free from 
vagueness and random components), associated with a relatively recent rise in the death toll while 
still subjected to the specifics of each region. We think the results are very reasonable and give a full 
picture of the lockdown drivers in a very comprehensive way. We further think that these three 
different factors have a certain level of correlation. For example, the priority of lockdown in a specific 
geographic region will be based on the degree of seriousness of COVID-19 in terms of the mortality 
rate as well as the number of positive cases. On the other hand, the mortality rate and the number 
of positive cases would have a significant impact on the NHS hospitals' capacity to accommodate 
COVID patients and further have an influence on the level of hospital performance. 

Our results are in contrast with Kuosmanen et al. [24], who report that the hospitals in London 
were the best performers, whereas the ones in North East and North West were the worst. This is 
mainly attributed to the fact that different methods were adopted by the studies. Our findings are 
also different from the ones of Ferraresi et al. [53] from the perspective that the latter focuses on 
the investigation into the lockdown decisions across different countries, while we focus on the 
examination of the determinants of lockdown decisions within a specific country. Compared to 
Ferraresi et al. [53], we think our research could be very useful and effective in providing specific and 
concrete policy implications within the country at the micro level to deal with the COVID-19 
pandemic. 
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Table 3 
Descriptive statistics for criteria used in TOPSIS and COPRAS 
Variable Type Min Max Median Mean SD CV Skewness Kutosis 

Total beds-occupied (average) n 0.00 2315.43 407.14 465.13 324.61 0.70 1.50 4.08 

Total beds-occupied (max) n 0.00 3347.00 435.00 494.10 341.99 0.69 1.58 4.84 
Total bed occupied by COVID-19 
(average) 

n 0.00 689.43 9.14 32.29 56.29 1.74 3.59 18.68 

Total bed occupied by COVID-19 
(max) 

n 0.00 791.00 12.00 37.36 62.91 1.68 3.58 19.41 

Mechanical ventilation beds 
(average) 

n 0.00 164.43 7.86 13.99 20.31 1.45 2.68 9.07 

Mechanical ventilation beds (max) n 0.00 177.00 10.00 16.37 22.60 1.38 2.54 8.17 

Mechanical ventilation beds by 
COVID-19 (average) 

n 0.00 141.57 0.14 3.79 9.24 2.44 6.41 61.08 

Mechanical ventilation beds by 
COVID-19 (max) 

n 0.00 150.00 1.00 4.68 10.71 2.29 6.02 53.91 

COVID 19 discharges (sum) p 0.00 520.00 4.00 16.80 30.74 1.83 3.97 28.68 
Patients with COVID-19 aged 65-84 
(sum) 

n 0.00 163.00 0.00 2.34 5.96 2.55 8.56 143.05 

Patients with COVID-19 (sum) n 0.00 441.00 1.00 5.64 14.20 2.52 10.08 203.28 

Patients with COVID-19 aged 85+ 
(sum) 

n 0.00 68.00 0.00 1.10 2.84 2.59 8.04 123.54 

Inpatients with COVID-19 (sum) p 0.00 574.00 3.00 17.82 37.49 2.10 4.70 36.29 

Inpatients with COVID-19 aged 65-
84 (sum) 

p 0.00 234.00 1.00 7.81 16.64 2.13 4.27 27.43 

Inpatients with COVID-19 aged 85+ 
(sum) 

p 0.00 112.00 0.00 2.88 6.69 2.32 5.23 43.96 

Staff absent - sickness and self-
isolation (average) 

n 0.00 4047.00 326.57 418.35 360.72 0.86 2.68 12.25 

Staff absent - sickness and self-
isolation (max) 

n 0.00 11926.00 355.00 458.11 433.71 0.95 6.70 126.78 

Patients died (sum) n 0.00 218.00 1.00 5.51 12.58 2.28 4.92 40.10 

Notes: SD represents standard deviation and CV stands for coefficient of variation. n/p represents 
negative/positive criterion. 

                                                             

Table 4 
Frequency distribution 

Region Proportion (%) 

East of England 11.23 

London 16.58 

Midlands 18.18 

Northeast and Yorkshire 15.51 

Northwest 14.97 

Southeast 13.9 

Southwest 9.63 
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 Fig. 1. Density plot comparison between TOPSIS and COPRAS performance scores. 

Table 5. 
LAVRA Optimal parameters obtained in Step 1 

Optimal Parameters (p*) Solution 

𝑎 0.7727777 
𝑏 0.2119855 
μ 0.4572753   0.3277117    0.369686    0.371979   0.4675602 
𝐿 5 

𝑚𝑛 0.4773778 
𝑠𝑛 0.5108831 
𝛼 2.055437 
𝛽 2.838213 

w 
0.5818023 0.4082563 0.2191872 0.6882252 0.6208299 0.4106004 0.5031035 0.4678186 
0.3981063   0.5220427  0.3866621   0.5714014   (twelve criteria) 

W 0.2665797 (v)  -4.075936 (b)    0.2886252 (n) 

Minimal MSE= 1719.997 

Table 6 
Location and scale parameters obtained in Step 2 

Optimal Parameters  Solution 

𝑘 1.350e-01   
𝑡 2.771e-01 

Residual standard error: 1.431 on 4972 degrees of freedom 
Multiple R-squared:  0.9999, Adjusted R-squared:  0.9999 
F-statistic: 7.571e+07 on 1 and 4972 DF,  p-value: < 2.2e-16 
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Fig.2. Cumulative sums for model (5) objective function based on p*  

 
Fig. 3. LAVRA cumulative sum decomposition for each MCDM model 
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Fig. 4. Bootstrapped results for Olden´s sensitivity analysis in terms of signs and relative importance. (MCDM 

TOPSIS and Midlands as reference) 
 

7. Conclusions 
The outbreak of COVID-19 since the start of 2020 has affected more than 200 countries around 

the world. The characteristics of the fast and easy spread of the virus, as well as the disastrous effects 
on people’s lives, have significantly affected the level of economic activities. Around the world, all 
countries experienced a degree of economic recession except China, which still had a level of 
economic growth. COVID-19 has not only been affecting the level of economic activity, but also 
relevant policies made by the government, such as social contact rules and stay-at-home rules, have 
substantially reduced the level of social activities that can be engaged in by the people. The purpose 
of these measures was not only to slow down the spread of the virus but also to protect the national 
health service system, enabling it to have enough capability to cope with COVID patients. The 
national health service system has been playing a key role during the pandemic by slowing down the 
spread of the virus through consistently admitting COVID patients and engaging in relevant 
treatments. However, there have been several challenges that prevented them from performing 
even better. The challenges are mainly related to the limited amount of resources in terms of 
treatment or protection-related materials and labor; substantial unexpected increases in the number 
of COVID patients, which exceeded the hospitals’ capacity; as well as the increased burden from non-
COVID patients. 
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The current study distinguishes itself from other studies by being the pioneer to evaluate the 
performance of NHS during the pandemic and the lockdown drivers. More specifically, the research 
was undertaken through three steps. In the first stage, performance measurement is alternatively 
addressed either by computing partial utility functions of each performance criterion using COPRAS 
(Complex Proportional Assessment) or by measuring the partial distances of each criterion to its 
respective ideal solution using TOPSIS (Technique for Order Preference by Similarity to Ideal 
Solution). In the second stage, the novel LAVRA approach is used to filter unbiased performance 
scores apart from vague and random components. In the third stage, a bootstrapped neural network 
regression is proposed to classify the lockdown drivers in terms of performance, deaths, and 
geographic regions. 

The findings suggest that using the TOPSIS analysis, the performance scores range from 0.65 to 
0.75; however, when we analyze the performance scores using the COPRAS, the performance score 
was significantly decreased. No matter which MCDM method is used, the findings suggest that there 
can be a further improvement in the operation and management of the NHS hospitals in dealing with 
the pandemic. In terms of the lockdown drivers, our results show that the combination of three 
different considerations (the geographical regions, the death toll, as well as the unbiased hospital 
performance score) will affect the decisions. We argue that these three different factors are 
correlated with each other; therefore, the priority for the NHS and government in dealing with the 
pandemic in the future is to take relevant measures to slow down the spread of the virus and also 
focus on the capacity expansion of hospitals in dealing with the unexpected increase in the number 
of patients during the pandemic. 

More specifically, we have the following policy implications: 1) Northeast and Yorkshire should 
be given priority in making the lockdown decisions. This was evidenced by the news from BBC 
revealing that there was more death and lower wages in the Northeast compared to other parts of 
the country, while in terms of Yorkshire, the case is slightly different from the one in the Northeast. 
BBC reports that the type of jobs in Yorkshire was one factor leading to the high infection rate in 
Yorkshire. Deprivation, insecure employment, as well as living in multi-occupancy homes are 
additional factors resulting in the higher infection rate. Therefore, it seems that economic 
development should be focused on in the Yorkshire area, which will not only boost prosperity and 
increase employment but also is supposed to reduce the infection rate for any COVID-like health 
crisis in the future; 2) We saw that the UK government reported the number of positive cases as well 
as the number of death on a daily basis; it seems that lots of positive cases indicate a growing speed 
in the spread of COVID-19. However, our research shows that to some extent, the number of deaths 
is also very important, especially for the government to make lockdown decisions; 3) Further 
emphasis should be given to improving the performance of NHS hospitals from the perspective of 
increasing the capacity of admitting COVID patients; relevant mechanisms should be considered not 
only to expand the capacity but also to improve the ability of NHS hospitals to deal with emergency 
issues. This, to some extent, can be facilitated by the improvement in health-related technologies. 

Future studies can further update the data to the most recent period to see whether COVID 
vaccinations have any influence on the improvement in the performance of NHS hospitals. In 
addition, our proposed innovative method can be used to analyze the performance of hospitals in 
other countries, and relevant comparisons with the one of the UK can be made. Finally, the 
combination of different MCDM approaches, such as the COPRAS and TOPSIS, may result in 
theoretical incompatibilities regarding the definition of utility functions or the definition of criteria 
weights. Moreover, the combination of all the employed techniques throughout the three stages of 
the proposed approach is unnecessarily complex. Future studies can apply the non-parametric data 
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envelopment analysis for the performance evaluation and compare the results with the ones from 
the current study. 
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