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The impact of understaffing on delaying early-stage 

SARS-CoV-2 outbreak detection 

 

Abstract 

Background 

     Having a minimum number of workers in medical services is widely regarded as a key   

component of disease prevention. However, with the delay in confirming cases of SARS-

CoV-2, the understaffed medical providers informed late and the virus has rapidly spread 

nationally.  

Methods 

    This study, based on the Dempster-Shafer theory method and Evidential Reasoning, assesses 

the risks posed by understaffing for the SARS-CoV-2 outbreak.  

Results 

    The findings examine six (6) factor risks and show that the understaffing risk in 2019 was 0.14% 

in magnitude in Wuhan, compared to 0.27% in Shenzhen. When ranking understaffing risks 

from low to high, the findings show that they increased from 3.979 to 3.983% and from 3.998 

to 4.002% in Wuhan and Shenzhen, respectively.  

Conclusions 

    We first conclude that from the SARS-CoV-1 to the SARS-CoV-2 outbreak, understaffing risk 

equally increased at 0.004% in both cities. However, Shenzhen city is at a higher risk than 

Wuhan city. Second, Shenzhen understaffing delayed SARS-CoV-2 outbreak prevention 0.13% 

more than Wuhan city. We generally conclude that Shenzhen city could be doubly worse off 

than Wuhan city if it was the epicenter of the SARS-CoV-2 outbreak. Therefore, public health 

care training and employment policy must be optimized to complete the lack not only in both 

cities but also in other cities to prevent future outbreaks. 
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     SARS-CoV-2 Understaffing risks, Dempster-Shafer Theory (DST), Evidential reasoning (ER) 
  



 

Introduction 

    SARS-CoV-2, which includes similar symptoms of SARS-CoV-1, was discovered in Wuhan 

at the end of 2019[1]. Before medical workers officially informed China’s population, the 

World Health Organization (WHO), and the rest of the world, the disease had already spread 

from Hubei province to other parts of China. The delayed response in Wuhan allowed the 

infection to spread and death count to rise. Once Chinese authorities acknowledged the 

severity of the outbreak, the government began to train 35.000 medical workers, include 

military health workers to assist in Shenzhen and Wuhan city, the epicenter of the outbreak. 

Seven thousand other medical workers from (16) provinces assisted in 16 other cities and 

prefectures in Hubei. On March 16, Ruiyun Li. et al., [2]
 
highlighted the importance of 

detecting asymptomatic SARs S-CoV-2. This outbreak is similar to 2002-2003 pandemic, 

where hospitals in Guangdong province were understaffed and the health care system in other 

cities in China was collapsing.
1
 Limited medical services will not protect the population. 

Instead, are dealing with secondary challenges such as complacency and; low morale. 

Therefore, it is time to learn from our mistakes so that we can improve conditions in hospitals 

to ensure the safety of populations in China. During the 2002 SARS-CoV-1 outbreak, people 

experienced similar symptoms, including fever, cough, and respiratory[3,4]. It is not 

surprising that there are similar challenges with SARS-CoV-2, as there were in 2002. Now as 

then, understaffed medical facilities continue to be a crutch to the healthcare system in the 

majority of Chinese cities. With schools, universities, childcare centers, supermarkets, 

stadiums, and other places for mass gathering closed, many of China’s cities became ghost 

towns. And, the population relies on the hard work of health workers to cure the virus and 

allow them to return to normal life. 

     This study following philosophy who states that[5]: 

     There is no longer the feeling of being working where burnout governs human being. 

Under workload must be respect instead of over workload. If not, multiple errors in 

work and injuries or disasters occur. And, the consequences are considerable. 



     Therefore, we will estimate how understaffed hospitals increase the risk of spread in Wuhan 

and Shenzhen by using the Dempster Shafer Theory (DST) and its Evidence Reasoning 

approach (ER). 

 

    Understaffing increases the risk of workplace injury 

    Scholars highlighted the fact that the lack of staff at work leads to incapacity of doctors or 

other workers in the hospitals.
5
 However, not having enough people on duty can be hazardous 

in a variety of public hospitals and clinics [6].
 
Employee does gets rewards for overloaded 

work. In case the rewards monetary may not satisfy the requirement of workers, work 

conflicts could also rise[7].
 
All these working conditions put workers into psychological 

problems and then potential disasters are no longer well controlled by workers in services, 

which in turn could cause injuries[8]. As an example, the decrease in disease prevention is 

observed in Iraq while understaffing is sustained, with population and immigration growing 

up [9].
 
Especially, in SARS-CoV-1, 40% of understaffing was not able to prevent disease [10].

 

On the other hand, understaffing leads to certain health workers fear-driven absenteeism [11], 

patients health workers virus transmission [12,13,14], and succumbing of staff during their 

duty [15]. Additionally, medication errors occurred in hospitals are mainly caused by lack of 

personnel, which is associated with inadequate patient supervision and no regularly reporting 

of daily patients medical [16,17,18].
 
Sometimes, public health workers require additional 

hands from hospitals and clinics which experience high inpatient and outpatient visits to avoid 

risk of injury and illness [19]. Having enough people to perform tasks helps prevent long-term 

illness among workers as well as any immediate hazards or disasters, which in turn may help 

employers drive productivity and increase revenue[20]. 

    Understaffing may result in accidents 

     Inadequate staffing can become a liability for employers if it continues over a long period of 

period. Recent research published in the Journal of Advanced Nursing (JAN) found an 

increased workload and a decrease in ability to perform among nurses related to accidental 

organ failure [21]. Reducing the number of employees to the lowest level of facility negative 

outcome [22].
 
As example, twenty-six (26) countries affected by SARS-CoV-1 epidemic have 



experienced undernumbered medical staff. Besides, a small number of cases have occurred as 

a result of laboratory accidents in Guangdong [23]. SARS-CoV-2 outbreak has caused 

accidents among health workers during their work time because of lack of physicians in the 

USA [24]. Additionally, human error is inevitable in medicine, especially in health care crises 

where understaffing is high remarked and both patients and physicians receive shocks 

[25,26,27]. Moreover, Worldwide health care disaster costs 20 to –40% of the budget due to 

understaffing and physician errors on patients [28]. Lack of personnel is the cause of unsafety 

or nonrespected desire of patients by nurses. Which was reflected by the case of missing 

nursing care or omission errors in Saudi Arabic public hospitals [29]. Long-term understaffing 

increases errors, omissions, or damages and has negatively impacted workers health [31,32]. 

Lapses in following industry regulations or proper safety precautions around machinery are 

some of the issues that can arise from overworked employees. Many times, in these situations, 

occupational fatigue leads to disengagement and decreased productivity [33]. 

    Stress leads to turnover 

    Increased levels of stress associated with insufficient staffing levels can negatively 

impact employee health and may even cause worker turnover, leading to more issues for 

employers[34].
 
And, putting patients at high risk of succumbing to virus transmission or 

negative tests [35]. Additionally, both SARS-CoV-1 and Middle East Respiratory Syndrome 

(MERS) outbreaks were experimented under high understaffing as a result of stress burnout 

among workers [36,37]. Moreover, depression and psychophysiological symptoms among 

health workers [38]. 

     impact negatively on occupational health and mental states [40,41]. 

     A study from SARS-CoV-2 outbreak found Nurses who reported elevated stress levels faced 

by infected and infecting other [5]. Thus, infected and other health-related issues can impair 

worker productivity and can boost the number of sick days. Employers may also see increases 

in healthcare insurance costs if workers are sick more often. Employees who work 

excessively may also seek out other job opportunities, leaving employers with the time-

consuming and costly task of hiring and training new staff[42,43]. On the order of words, 

overstress gives also employees the intention to quit their jobs and seek for alternative work 

which may better enjoy their standard life [44,45,46,47]. Understaffing associated with stress 

has a long run repercussion for health care, including poor working conditions or encouraging 



errors to be overlooked[48]. Therefore, employers may easily make error in disease 

prevention (HIV/AIDS, influenza, MERS, SARS-CoV), or may require additional workers to 

assist. Healthy worker is the first condition to prevent disease and reduce staff injury and 

illness [49], and not having enough workers leads to less productivity and other uncertainty 

issues in work contract [48, 49,50]. 

Dempster-Shafer And Evidential reasoning theories 

  The Dempster-Shafer Theory of Evidence (DST) treats imprecise, uncertainty and incomplete 

information [51,52]. And, to provide its consistency, DST has two functions: “belief” (Bel) 

and “plausibility” (Pla), both derived from the “mass function” (m). Their roles are to range 

weights value on behalf of DST in lower (Bel) and upper (Pla) bounds of probability risk. 

Mass function(m), also known as a basic probability assignment (BPA) function, is the power 

set of the frame of discernment Θ. Generally, its formula is written with its two (2) 

consistency conditions:  

  ‘‘Mass function (m) or basic probability assignment (BPA)’’ (Shafer, 1976): 

      𝑚: 𝑃(Θ) → [0,1]     𝑊𝑖𝑡ℎ       𝑚(𝜙) = 0 ;     𝑎𝑛𝑑  ∑ 𝑚(𝐴) = 1       (1) 

    -Condition 1 and 2 

    -Belief function (Bel) is defined as: 𝑏𝑒𝑙(𝐴) = 𝐿𝑜𝑤𝑒𝑟 𝑟𝑖𝑠𝑘 𝑎𝑠𝑠𝑒𝑠𝑠𝑚𝑒𝑛𝑡 = ∑ 𝑚(𝐵)𝐵⊆𝐴  

    -And the plausibility function (Pla) is defined as: (𝑃𝑙𝑎) = 𝑈𝑝𝑝𝑒𝑟 𝑟𝑖𝑠𝑘 𝑎𝑠𝑠𝑒𝑠𝑠𝑚𝑒𝑛𝑡 = ∑ 𝑚(𝐵)𝐵∩𝐴≠∅  

  ‘‘Dempster’s combination rule’’ 

  In case we have multiple risk subsets of Θ, the overall assessment of belief level (βn) on each 

assessment grade, and its aggregated degree of ignorance formulas are written below. 

Additionally, these estimations are also supported by Evidential Reasoning (ER)[53,54]. (ER) 

is known as a decision-making methodology based on distributed assessments with n grades. 

And, its role is to estimate individual risk based on available shreds of evidence from DST.  



  The formula of ER is  𝑆(𝑅𝑗(ℎ𝑖)) = {(𝐺𝑛, 𝛽𝑛,𝑖,𝑗), 𝑛 = 1, . . . 𝑁} , ∑ 𝛽𝑛,𝑖,𝑗𝑁𝑖=1 ≤ 1. Where 𝐺𝑛  is 

the assessment grade n and 𝛽𝑛,𝑖,𝑗 is the degree of belief that the likelihood of occurrence of 

risk 𝑅𝑗 equals the grade  𝐺𝑛. With the overall assessment aggregation 𝛽𝑛: 

 𝛽𝑛 = 𝑘 [∏(𝜔𝑖𝑚
𝑖=1 𝛽𝑖,𝑛 + 1 − 𝜔𝑖) − ∏(𝑚

𝑖=1 1 − 𝜔𝑖)] 

Where k is: 

𝑘 = [∑ ∏(𝜔𝑖𝑚
𝑖=1 𝛽𝑖,𝑛 + 1 − 𝜔𝑖)𝑁

𝑛=1 − 𝑁 ∏(𝑚
𝑖=1 1 − 𝜔𝑖)]−1

 

 

And, aggregated degree of ignorance is defined as:  𝛽𝐻 = 1 − ∑ 𝛽𝑛𝑁𝑖=1   and,  ∑ 𝛽𝑛 + 𝛽𝐻 = 1𝑁𝑛=1  

Data sets 

     Except population resident’s data which are from both city statistical yearbooks, EPS (Easy 

Professional Superior), in China allows us to collect the majority of data sets. And table 1 

shows the descriptive statistics. Moreover, the explanation of each variable is detailed as 

follows:  

    Decrease in capability of potential hazards detection 

     It explains how understaffed may be unaware of disasters in the workplace that doctors have 

been controlling. Firstly, to know the number of health workers (doctors in disease prevention 

and control) who take care of population, we divide the yearly population of residents by the 

number of assistant doctors and doctors. We then estimate the difference in number of 

(assistant) doctors between 2003 and each year of disease treatment. This difference is 

considered probability risk when the value is positive. And, there is no probability risk and the 

values take zero (0) when the difference is negative or zero.  Then, we use percentiles to 

quantify doctor's ability in disease detection and prevention so that we discern a clear 

knowledge of hazards exposition risk in Wuhan and Shenzhen cities, respectively. 

    Lack of task performance or increased disease mortality rate 



    Worker’s inefficacity may occur when the mortality rate among patients of disease outbreak 

increases each year. Based on the data used in this study, we observed since the outbreak of 

SARS-CoV-1 in Shenzhen to SARS-CoV-2 in Wuhan, the department of disease prevention 

and control has experienced an increase in mortality rate. As documented by scholars[3,4], 

SARS-CoV-2 symptoms include sneezing, coughing, and/or fever. Which are similar to those 

of the SARS-CoV-1. Therefore, this factor risk shows how public health workers (doctors in 

charge of disease prevention and control), which are understaffed, simply got confused at the 

early stage of SARS-CoV-2. The lack of task performance was estimated by calculating the 

differences between yearly mortality due to disease and that of the reference year 2003. 

Which represents the year of SARS-CoV-1 outbreak. After the pandemic, the mortality rate 

due to disease may increase or decrease in the following years depending on depends on the 

performance of both doctors and assistant doctors. Therefore, doctor’s tasks are accomplished 

successfully, there is no risk when the mortality rate decreases in the aftermath of the 

outbreak, otherwise, the growth rate of mortality is accounted by understaffed doctor’s 

performance. 

    Work overload (under stress) 

    High visited patients in the hospital are natural. However, when the hospitals or centers are 

understaffed, workers become stressed. Stress affects negative workers through “rustout” [55].
 

The number of both doctors and assistant doctors in charge of disease prevention and control 

is inadequate in both cities’ epicenter (SARS-CoV-2 Outbreak). This leads to error of early 

disease detection from patients.
55 

Therefore, work overload is the main cause of many job-

related attitudes, i.e., stress, anxiety, resulting in poor performance and job dissatisfaction [55]. 

In Wuhan and Shenzhen city, the daily number of visits and inpatients per doctor (person) 

increased continuously from SARS-CoV-1 to SARS-CoV-2, while the number of doctors and 

assistant doctors in charge of disease prevention and control is decreased. It has already been 

proved that SARS-CoV-1 outbreak was understaffed [37,38]. Therefore, we weight overload 

work by estimating the differences between the daily number of visits and inpatients per 

doctor (person) in 2003 and the following years. The difference is considered a probability 

risk when the value is positive and otherwise it takes the value zero (0). Then, we use 

percentiles to quantify the risk probability. 



     Excessive workload (over stress or burnout) 

     Prolonged exposure to stress often directly harms workers and indirectly impacts the 

outcomes. Explained excessive workload as “burnout” or a managerial inability to deal with 

tasks [55,56,57]. This has severe repercussions especially in the medical field, where an error 

can cause the death of thousands or over people. For example, feeling a little stressed about a 

high patient visit to the hospital can motivate doctors to focus when the hospital is 

understaffed. However, becoming exhausted can make it hard to concentrate on the tasks and 

determine what to do first. Therefore, doctors lose their full personal ability to complete their 

tasks. Thus, we quantify excessive workload by multiplying overload work risk each year by 

two (2). 

    Long working hours 

    It is of no surprise to observe that the number of working hours per day increased, as majority 

of China’s city hospitals are understaffed. Additionally, a shortage of staffs reduces breaks for 

available workers and leads to errors in disease prevention and control. Long working hours 

are one of the factors risks which caused doctors to delay to inform the population on SARS-

CoV-2 at the early stage. However, in both Wuhan and Shenzhen cities, the minimum work 

hours in the data used in this study found to be continuously increasing from year to year. 

And negatively impact doctors. The differences between the reference year 2003 and the 

following years are taken as the probability of risk of hours worked and quantified in 

percentage.  

    Delay or reduction of multicomponent interventions 

    Highlighted the importance that communication holds at work[58]. The risks of 

communication problems, written and oral, are the negative outcome of work done. To avoid 

this to happen, a few recommendations are broad-based and may include [37,38,55,56,57,58]: 

     -Risk assessment includes minimizing the risk of infection transmission in hospitals to avoid 

patient-to-personals transmission or personals to patient transmission.  

    -Health education may include public health care activities like training to acquire more skills 

in infection detection and treatment among institutions and health care personals; Finally, 

technical consulting and policy proposals to better prevent and control the disease. 



     -The risk of exposition hazards may have been avoided in Wuhan market if there were 

enough workers and regular meetings among workers and if health care institutions ensure 

communication about the optimized disease policy prevention. 

     However, data used in this study shows that, from SARS-CoV-1 to SARS-CoV-2 outbreak, 

the multicomponent interventions in both Wuhan and Shenzhen cities decreased. Thus, the 

differences between 2003 multicomponent interventions hours and the following years are 

considered at risk in health care sector. The magnitude of probability risks is expressed at 

percentage. 

Results 

    One may argue that dealing with public health care employment assessment as a DST-ER 

problem is a risk mitigation and improving the ways in which understaffed risk is understood, 

assessed, and responded to in hospitals or clinics. Such an approach is very convenient 

especially in the case of analyzing employment, strategic and policies where authorities have 

different interests (poverty reduction and economic development) and objectives (health care 

system efficiency, and population well-being). DST-ER approaches for employment 

evaluation can assess risk in complicated situations such as pandemic period. Thus, the DST 

and the ER algorithm are innovatively employed to provide a successful risk assessment 

process. We model risk as the likelihood of occurrence and probability of impact 

materialization with the degrees of belief in the distributed assessments of understaffed risk 

impact on the disease prevention. Therefore, the distributed assessment of the impact of 

understaffing risk  "𝑅𝑗"  on disease prevention "ℎ𝑗"   is obtained in the following form:       𝑆(𝑅𝑗(ℎ𝑖)) = {(𝐺𝑛, 𝛽𝑛,𝑖,𝑗), 𝑛 = 1, . . . 𝑁} , with  𝛽𝑛,𝑖,𝑗 = 𝐿 ∗ 𝐼 ∗ 𝑃.  

     Where L equals to likelihood of occurrence; I an impact risk and P is the probability of impact 

materialization. Which implies that: 𝑆(𝑅1(ℎ𝑖)) = {(𝐺2003, 𝛽2003), (𝐺2004, 𝛽2004), (𝐺2005, 𝛽2005), (𝐺2006, 𝛽2006), (𝐺2007, 𝛽2007),                         (𝐺2008, 𝛽2008), (𝐺2009, 𝛽2009), (𝐺2010, 𝛽2010), (𝐺2011, 𝛽2011), (𝐺2012, 𝛽2012), (𝐺2013, 𝛽2013),                         (𝐺2014, 𝛽2014), (𝐺2015, 𝛽2015), (𝐺2016, 𝛽2016), (𝐺2017, 𝛽2017), (𝐺2018, 𝛽2018)} . . .. . .. . .                                        



. . .. . .. . . 𝑆(𝑅6(ℎ𝑖))= {(𝐺2003′ , 𝛽2003′), (𝐺2004′ , 𝛽2004′), (𝐺2005′ , 𝛽2005′), (𝐺2006′ , 𝛽2006′), (𝐺2007′ , 𝛽2007′),                         (𝐺2008′ , 𝛽2008′), (𝐺2009′ , 𝛽2009′), (𝐺2010′ , 𝛽2010′), (𝐺2011′ , 𝛽2011′), (𝐺2012′ , 𝛽2012′), (𝐺2013′ , 𝛽2013′),                         (𝐺2014′ , 𝛽2014′), (𝐺2015′ , 𝛽2015′), (𝐺2016′ , 𝛽2016′), (𝐺2017′ , 𝛽2017′), (𝐺2018′ , 𝛽2018′)} 

     The tables 2 and 3 recapitulate the risk assessments in distributed forms of 𝑆 (𝑅𝑗(ℎ𝑖)) disease 

prevention and control. Based on data sets, we found and affirm that, from the period during 

SARS-CoV-1 to SARS-CoV-2 outbreaks, the number of annual doctors in charge of disease 

control was on a decrease while the mortality rate kept increasing. Moreover, doctors were 

exposed to high work pressure due to the need for disease treatment, which also leads to a 

constant increase in working hours year by year. To sum up, each of these (6) factors used has 

0.1666 of their likelihood of occurrence on disease prevention and we have the sum of mass 

equals to 1 according to DST rules. Additionally, we choose 4% of magnitude grades to assess 

these factor risks. To be more explicit, understaffed risk level is assessed on disease 

prevention using assessment grade, 4% of year to year understaffed. This means that 

understaffed risk 𝑅𝑗 has a maximum magnitude impact of 100% on disease prevention and 

control and their probability of impact materialization in each year direct equal to 1 of disease 

control and prevention [51,59]. The probability of impact materialization represents the 

probability that the actual risk impact equalizes the expected disaster (I) and its value is 

between 0 and 1. However, we choose the value one (1) for each year of risk impact effected 

as the data set is based on reality rather than experience. Therefore, we calculate the risk level 

by multiplying likelihoods of occurrence with risk impact and probability of impact 

materialization with the degree of belief. The findings are descripted in table 2 and 3.  In each 

table, after estimating the distribution of risks from 2003-2018, we aggregate the individual 

risk assessment.  Aggregating individual risk assessments allows to get different risk levels at 

differents years of disease prevention [59]. Moreover, it allows to get overall assessment of 

risk on disease prevention. Therefore, the aggregated degrees of ignorance are evaluated, and 

they allow to assess risk in minimum and maximum boundaries [59]. Thus, individual risk 

assessment aggregated, the minimum, maximum, and average risks assessment in both cities 



can be seen in tables 2 and 3, respectively. Moreover, the estimation details could also be 

seen. We express risk as percentage according to DST Theory role. Moreover, the assessment 

grade in 2003 is used to measure the belief in the expected risk of effects not materializing 

and materializing. The results are also shown in tables 2 and 3 and figure 1 shows the lower, 

upper, and average risk assessment in this study. 

    From these results, what we learn is that Wuhan SARS-CoV-2 outbreak was understaffed at 

0.014% of magnitude, while Shenzhen city registered a higher level of understaffed with 

about 0.027% of magnitude.  

 



Table 1: Description statistics 

Variables Year Obs Mean Std. Dev. Min Max 

Wuhan City           

 Wuhan Resident population (10000 person) 18 951.8806 100.7138 813.8 1108.1 

Total (assistant) Licensed doctors in disease control (person) 18 588.9907 69.22097 423 681 

Disease control, Doctors per population 18 0.6309347 0.1279726 0.392896 0.782138 

Daily Number of Visits and Inpatients per doctor (person) 18 12.62222 0.972296 11.3 15.2 

Disease mortality rate % 18 0.2890422 0.0267252 0.251 0.3491 

Daily multicomponent interventions(hours) 18 2.105629 1.156741 0.561644 4.210959 

Minimum Long working (hours)  18 5.215179 0.5897628 4.289286 6.03 

Shenzhen city 

     Shenzhen Resident population (10000 person) 18 987.4683 173.1544 724.57 1302.66 

Total (assistant) Licensed doctors in disease control (person) 18 3044.176 394.8986 2457 3673 

Disease control, Doctors per population 18 3.11509 0.2823767 2.819615 3.890353 

Daily Number of Visits and Inpatients per doctor (person) 18 12.95608 1.222728 10.6 14.94405 

Disease mortality rate % 18 0.3565117 0.0741264 0.28 0.5666 

Daily multicomponent interventions(hours) 18 6.094512 4.065885 0.838356 12.15919 

Minimum Long working (hours)  18 6.666786 0.5643885 5.774286 7.49 

 

 

 

 

 

 

 

 

 

 



Table 2: Risk assessment in distributed forms 

Wuhan Risk impacts(I) 
No 

risk 

impact 

Sum 

Top 

risks 

2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2003-

2018 

 

R1 
0.036 0.037 0.037 0.039 0.038 0.041 0.035 0.051 0.052 0.051 0.051 0.051 0.049 0.059 0.058 0.055 

0.260 
1 

R2 
0.002 0.004 0.005 0.006 0.007 0.008 0.002 0.000 0.000 0.000 0.022 0.022 0.021 0.017 0.015 0.021 

0.846 
1 

R3 
0.1 0.004 0.006 0.008 0.01 0.012 0.014 0.016 0.018 0.022 0.02 0.036 0 0.007 0.009 0.005 

0.713 
1 

R4 
0.2 0.008 0.012 0.016 0.02 0.024 0.028 0.032 0.036 0.044 0.04 0.072 0 0.014 0.018 0.01 

0.426 
1 

R5 
0.001 0.002 0.003 0.004 0.005 0.007 0.008 0.009 0.010 0.009 0.011 0.015 0.016 0.016 0.016 0.015 

0.852 
1 

R6 
0.030 0.030 0.000 0.026 0.000 0.000 0.021 0.009 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

0.885 
1 

Distributed forms of risk level assessments: L*I*P with its degrees of belief 

 Grade 4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 

Top risks 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 

R1 0.0241 0.0246 0.0247 0.0258 0.0250 0.0276 0.0232 0.0341 0.0344 0.0337 0.0340 0.0343 0.0330 0.0393 0.0385 0.0368 

R2 0.0013 0.0025 0.0036 0.0043 0.0048 0.0057 0.0015 0.0000 0.0000 0.0000 0.0146 0.0146 0.0142 0.0114 0.0103 0.0138 

R3 0.0666 0.0027 0.0040 0.0053 0.0067 0.0080 0.0093 0.0107 0.0120 0.0147 0.0133 0.0240 0.0000 0.0047 0.0060 0.0033 

R4 0.1333 0.0053 0.0080 0.0107 0.0133 0.0160 0.0187 0.0213 0.0240 0.0293 0.0267 0.0480 0.0000 0.0093 0.0120 0.0067 

R5 0.0007 0.0015 0.0022 0.0029 0.0036 0.0044 0.0051 0.0058 0.0065 0.0059 0.0075 0.0102 0.0103 0.0109 0.0109 0.0103 

R6 0.0197 0.0197 0.0000 0.0173 0.0000 0.0000 0.0140 0.0060 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

 Aggregated risk assessments on disease prevention in distributed forms 

Degrees of 

belief 0.0049 0.0011 0.0008 0.0013 0.0011 0.0012 0.0014 0.0015 0.0015 0.0017 0.0019 0.0026 0.0011 0.0015 0.0015 0.0014 

Ignorance 0.973 

Mim RA 3.979% 

Max RA 3.983% 

AVRA 3.896% 

Degree of belief in risk effects materialization equals to: 99.51% 

Degree of belief in risk no effects materialization equals to 0.49% 

Minimum risk assessment (Mim RA); Maximum risk assessment (Max RA); Average risk assessment (AVRA) 



Table 3: Risk assessment in distributed forms 

Forms of risk level assessments: L*I*P with its degrees of belief 

 Grade 4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 

Top risks 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 

R1-1 0.0125 0.0396 0.0400 0.0437 0.0445 0.0471 0.0475 0.0501 0.0451 0.0299 0.0395 0.0381 0.0450 0.0394 0.0535 0.0562 

R2-2 0.0018 0.0036 0.0054 0.0072 0.0090 0.0108 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

R3-3 0.0036 0.0072 0.0108 0.0143 0.0179 0.0215 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

R4-4 0.0048 0.0095 0.0143 0.0190 0.0238 0.0285 0.0367 0.0426 0.0363 0.0177 0.0689 0.0691 0.0707 0.0671 0.0694 0.0682 

R5-5 0.0000 0.0000 0.0000 0.0000 0.0000 0.0070 0.0045 0.0155 0.0000 0.0000 0.0000 0.0000 0.0170 0.0000 0.0000 0.0000 

R6-6 0.0007 0.0014 0.0021 0.0028 0.0035 0.0042 0.0049 0.0056 0.0063 0.0058 0.0083 0.0093 0.0091 0.0100 0.0107 0.0105 

 Aggregated risk assessments on disease prevention in distributed forms 

Degrees of 

belief 0.0005 0.0012 0.0014 0.0017 0.0019 0.0023 0.0018 0.0022 0.0017 0.0011 0.0023 0.0023 0.0028 0.0023 0.0026 0.0027 

Ignorance 0.969 

Mim RA 3.998% 

Max RA 4.002% 

AVRA 4% 

Degree of belief in risk effects materialization equals to: 99.95% 

Degree of belief in risk no effects materialization equals to 0.05% 

 

Shenz

hen 
Risk impacts(I) No  

risk 

impact 

Sum 

Top 

risks 

2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2003-

2018 

 

R1-1 0.019 0.059 0.060 0.066 0.067 0.071 0.071 0.075 0.068 0.045 0.059 0.057 0.068 0.059 0.080 0.084 
0 1 

R2-2 0.003 0.005 0.008 0.011 0.013 0.016 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
0.944 1 

R3-3 0.005 0.011 0.016 0.022 0.027 0.032 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
0.887 1 

R4-4 0.007 0.014 0.021 0.029 0.036 0.043 0.055 0.064 0.054 0.027 0.103 0.104 0.106 0.101 0.104 0.102 
0.03 1 

R5-5 0.000 0.000 0.000 0.000 0.000 0.011 0.007 0.023 0.000 0.000 0.000 0.000 0.025 0.000 0.000 0.000 
0.934 1 

R6-6 0.001 0.002 0.003 0.004 0.005 0.006 0.007 0.008 0.009 0.009 0.012 0.014 0.014 0.015 0.016 0.016 
0.857 1 



R1=R1-1: Decrease in capability of potential hazards detection 

R2=R4-4: Lack of task performance or increased disease mortality rate 

R3=R2-2: Work overload (under stress) 

R4=R3-3: Excessive workload (over stress or burnout) 

R5=R6-6: Long working hours 

R6=R5-5: Delay or reduction of multicomponent interventions 

 



   

Figure 1: lower, upper, and average risk assessments 
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Conclusion and recommendation 

    This article studies the understaffed consequences on SARS-CoV-2 outbreak in Wuhan and 

Shenzhen, which causes population and economic loss. Applying a framework of DST-ER 

approach, we draw the following main conclusions: first, we show how public health workers, 

especially workers in disease prevention and control, are under work pressure. Under-work 

pressure in both cities is mainly due to understaffed workers, which has six (6) factor risks in 

this study. It includes decrease in ability of potential hazards detection, lack of task 

performance or increased mortality rate, daily work overload and excessive workload, long 

working hours and; delay or reduction of multicomponent interventions. Thus, the 

approximative risks due to understaffed in Wuhan and Shenzhen at the end of 2019 are 

0.14 % and 0.27%, respectively. These risk levels contribute to delays in disease prevention or 

treatment of confirmed SARS-CoV-2 cases in both cities. Moreover, from SARS-CoV-1 to 

SARS-CoV-2 outbreaks, the results show that Shenzhen city, the epicenter of SARS-CoV-1, 

is still highly understaffed than Wuhan city, the epicenter of SARS-CoV-2. Meaning that 

understaffed maximum risk in Shenzhen trails; Wuhan city; by 0.019 % in magnitude. We 

generally conclude that public health care systems in China, especially in both cities, are at 

risk and; the Wuhan city SARS-CoV-2 is just the beginning of pandemic of twenty-one 

century if employment policy in public is not reviewed. Therefore, the SARS CoV-2 outbreak 

may lead China authorities to rethink public health care employment policy to safeguard 

workers, patients and prevent future pandemics, respectively. Additionally, this policy may 

also promote new manufacturing enterprises to strengthen the existence of disease prevention 

and control machines so that workers can have resort to the technologies of machines to 

mitigate understaffed effects.  

 

Abbreviation 

R1=R1-1: Decrease in capability of potential hazards detection 

R2=R4-4: Lack of task performance or increased disease mortality rate 

R3=R2-2: Work overload (under stress) 

R4=R3-3: Excessive workload (over stress or burnout) 

R5=R6-6: Long working hours 

R6=R5-5: Delay or reduction of multicomponent interventions 
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               Appendix  

               In a hierarchy of two levels, the aggregation of the distributed assessments of l criteria is       

conducted according to the following steps: 

1- Assign importance weights 𝜔𝑖(𝑖 = 1, . . . , 𝑙)  to decision criteria. The weights must be 

normalized, so that0 ≤ 𝜔𝑖 ≤ 1 and ∑ 𝜔𝑖 = 1𝑙𝑖 . 

2- Transform the degrees of belief into basic probability assignments by multiplying them 

with the importance weights:  𝑚𝑛,𝑖 = 𝑚𝑖(𝐻𝑛) = 𝛽𝑛,𝑖(𝐴𝑚)   𝑛 = 1, . . , 𝑁        𝑖 = 1, . . , 𝑙. 𝑚𝑛,𝑖  Represents the probability mass assigned to the evaluation grade 𝐻𝑛  when 

considering the criterion 𝐶𝑖, N is the number of assessment grades 

3- Calculate the probability mass assigned to the whole frame of discernment (a set of N 

evaluation grades) on every criterion by:  𝑚𝐻,𝑖 = 𝑚𝑖(𝐻) = 1 − ∑ 𝑚𝑛,𝑖𝑁𝑛=1     𝑖 = 1, . . , 𝑙. 
This probability mass can be split into two parts: 

            .𝑚𝐻, 𝑖 = 1 − 𝜔𝑖 caused by the weight of the criterion 𝐶𝑖and 

            .�̃�𝐻, 𝑖 = 𝜔𝑖 ∗ (1 − ∑ 𝛽𝑛,𝑖𝑁𝑛=1 (𝐴𝑖)),    𝑖 = 1, . . , 𝑙 
4- Aggregate the probability assignments by means of the following equations: 𝑚𝑛 = 𝑘 ∗ [∏(𝑙

𝑖=1 𝑚𝑛,𝑖 + 𝑚𝐻, 𝑖 + �̃�𝐻, 𝑖) − ∏ 𝑚𝐻, 𝑖 + �̃�𝐻, 𝑖)𝑖
𝑖=1 ] , 𝑛 = 1, . . , 𝑁 

𝑘 = [∑ ∏(𝑙
𝑖=1 𝑚𝑛,𝑖 + 𝑚𝐻, 𝑖 + �̃�𝐻, 𝑖)𝑁

𝑛=1 − (𝑁 − 1) ∗ ∏(𝑚𝐻, 𝑖 + �̃�𝐻, 𝑖)𝑙
𝑖=1 ]−1

 

 

5- Aggregate the probability masses assigned to the whole frame of discernment: 

�̃�𝐻 = 𝑘 ∗ [∏(𝑚𝐻, 𝑖 + �̃�𝐻, 𝑖𝑙
𝑖 ) − ∏(𝑚𝐻, 𝑖)𝑙

𝑖=1 ] 

𝑚𝐻 = 𝑘 ∗ [∏(𝑚𝐻, 𝑖)𝑙
𝑖=1 ] 

6- Transform the aggregated probability masses into an aggregated belief structure in the 

shape of 𝑆(𝐶𝑗(𝐴)) = (𝐻𝑛, 𝛽𝑛,𝑖(𝐴𝑖).Such a transformation requires calculating the belief 

degrees 𝛽𝑛(𝑛 = 1, . . , 𝑁) using the following equation: 



𝛽𝑛 = 𝑚𝑛1−𝑚𝐻,𝑛 = 1, . . , 𝑁 

      7-   Calculate the aggregated degree of ignorance 𝛽𝐻: 

                                                        𝛽𝐻 = �̃�𝑛1−𝑚𝐻 = 1 − ∑ 𝛽𝑛𝑁𝑖=1   ,   𝑛 = 1, . . , 𝑁 

    The aggregation result is an overall belief structure. In this belief structure, the overall degrees 

of belief 𝛽𝐻 together with the degree of ignorance 𝛽𝑛 always sum to unity which is perfectly 

logical. 

    In order to compare between different alternatives, the overall assessment should be 

transformed from its distributed form into a representative score. Yang (2001) proposed 

calculating an expected utility for every alternative 𝑢(𝑆(𝐴𝑗))as follows: 

                                             𝑢(𝑆(𝐴𝑗)) = ∑ 𝑢(𝐻𝑛𝑁𝑛=1 ) ∗ 𝛽𝑛     𝑛 = 1, . . , 𝑁 

    By agreeing upon utility values for every evaluation grade, an expected utility value for every 

alternative can be estimated. In the case of incomplete assessment, the degree of ignorance 

can be utilized in order to generate a utility interval with upper and lower levels (Yang 2001) 

as follows: 

𝑢𝑚𝑖𝑛(𝐴𝑗) = (𝛽1 + 𝛽𝐻) ∗ 𝑢(𝐻1) + ∑ 𝛽𝑛𝑁
𝑛=2 ∗ 𝑢(𝐻𝑛) 

𝑢𝑚𝑎𝑥(𝐴𝑗) = ∑ 𝛽𝑛𝑁−1
𝑛=1 ∗ 𝑢(𝐻𝑛) + (𝛽𝑁 + 𝛽𝐻) ∗ 𝑢(𝐻𝑛) 

      𝐻1 is the assessment grade with the lowest utility value and 𝐻𝑛 is the assessment grade with 

the maximum utility value. 𝑢𝑚𝑖𝑛 and 𝑢𝑚𝑎𝑥  can be easily averaged in order to rank the 

alternatives according to their average utility level.  

     According to Yang and Xu (2005), the ER aggregation algorithm is a rational way of 

aggregating information that satisfies the following axioms: 

    -If no sub-criterion is assessed to an evaluation grade, the general criterion should not be 

assessed to the same grade either. 

    -If all sub-criteria are precisely assessed to a specific grade, the general criterion should also 

be precisely assessed to the same grade. 

    -If all sub-criteria are completely assessed to a subset of the evaluation grades, the general 

criterion should be completely assessed to the same subset as well. 



    -If any assessment of a sub-criterion is incomplete, the assessment of the general criterion 

should also be incomplete. 
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