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Abstract 

Clinical characteristics, outcomes and immunity in patients with COVID-19 

Huanyuan Luo 

Background The coronavirus disease 2019 (COVID-19) pandemic caused by the novel 

pathogen SARS-CoV-2 has spread rapidly around the world, causing massive hospitalisations 

and deaths, and placing an unprecedented burden on the world economy, globalisation and 

healthcare. Associations between characteristics of COVID-19 patients and clinical outcomes 

and immunity remained to be studied. This PhD work explored these associations to help 

understand COVID-19, inform prevention and control measures and reduce relevant burdens. 

Methods This work used retrospectively collected data of all cases from 24 hospitals in Jiangsu 

province, China from January 10, 2020 to March 15, 2020; data from Huangshi city, Hunan 

province, China from January 21, 2020 to February 29, 2020; and data from a prospective 

longitudinal study conducted at Richmond Research Institute, St George’s University of 

London, UK from March 19, 2020 to February 10, 2021. Adverse outcomes were 

severe/critical illness, disease deterioration (from asymptomatic/mild/moderate to 

severe/critically ill status) and respiratory failure during 14-day follow-up. Immunity status 

was assessed using anti-SARS-CoV-2 immunoglobulin G (IgG) levels measured repeatedly. 

Results Of 625 patients in Jiangsu, 64 (10%) were severe/critically ill; 6% of patients had 

disease deterioration; 9% of patients had respiratory failure; and no patients died at the end 

of the study. Odds of being a severe/critically ill case were associated with age (year) (odds 

ratio [OR] 1.06, 95% CI 1.03–1.09), lymphocyte count (109/L) (OR 0.25, 95% CI 0.08–0.74), and 

pulmonary opacity in CT (per 5%) on admission (OR 1.31, 95% CI 1.15–1.51). Four variables 

were identified to be independently related to the occurrence of disease deterioration: age 
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(year) (OR 1.08, 95% CI 1.04–1.12), pulmonary opacity score (per 5%) (OR 1.32, 95% CI 1.12–

1.57), lymphocyte count (109/L) (OR 0.28, 95% CI 0.09–0.91), and imported cases (exposed to 

the pandemic centre) (OR 2.45, 95% CI 1.03–5.80). Age (year) (OR 1.07, 95% CI 1.03–1.10), 

respiratory rate (breaths/minute) (OR 1.23, 95% CI 1.08–1.40), lymphocyte count (109/L) (OR 

0.18, 95% CI 0.05–0.69), and pulmonary opacity score (per 5%) (OR 1.38, 95% CI 1.19–1.61) 

at admission were associated with respiratory failure. Predictors including age, lymphocyte 

count and pulmonary opacity score were selected to develop a nomogram to predict severe 

COVID-19. The nomogram exhibited good discrimination (area under the receiver operating 

characteristic curve [AUC] 0.93, 95% CI 0.90–0.96 in the derivation cohort; AUC 0.85, 95% CI 

0.76–0.93 in the validation cohort) and satisfactory agreement. Anti-SARS-CoV-2 IgG levels 

declined non-linearly from month 2 to 11 and may be associated with gender (female vs. male; 

geometric mean ratio [GMR] 4.78, 95% CI 0.99–22.98), race (Caucasian vs. other races; GMR 

0.19, 95% CI 0.03–1.02) and the loss of smell and taste (GMR 9.40, 95% CI 1.12–78.97). 

Conclusion Age, lymphocyte count and lung opacity scores were associated with severe 

COVID-19, disease exacerbation and respiratory failure, and the nomogram composed of 

these three factors performs well in predicting the risk of severe COVID-19. This enables 

physicians to identify high-risk patients early and correctly, and take corresponding proactive 

interventions to reduce mortality and save lives. The potential association between anti-

SARS-CoV-2 IgG levels and loss of smell and taste may need to be considered when developing 

targeted treatment and vaccine programs to reduce severe disease. Patients reporting loss of 

smell and taste may have higher IgG levels and require stricter monitoring when in isolation. 
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Chapter 1 Introduction 

1.1 Introduction  

Coronavirus disease 2019 (COVID-19) is caused by the etiological agent Severe Acute 

Respiratory Syndrome Coronavirus 2 (SARS-CoV-2). The disease was first reported in Wuhan, 

Hubei Province, China in December 2019. The World Health Organization (WHO) has 

conducted an assessment and declared that COVID-19 can be classified as a pandemic on the 

11th March 2020 1. Epidemiological update from WHO revealed that the COVID-19 pandemic 

had rapidly spread with a large number of people died and many countries affected 2. The 

pandemic has brought unprecedented burdens to the world economy (e.g. workforce, event 

cancellations, food and agriculture, and supply chain), globalization (e.g. mobility of 

individuals demonstrated by data on airline, seaport trade and travelling), and healthcare 

(demonstrated by healthcare systems indicators and responses of various countries) 3. 

It is important to further understand the characteristics, outcomes, and immunity of 

COVID-19, which could support the early identification of patients at high risk of severe or 

critically ill COVID-19, provide information for prevention and control, and help reduce 

hospitalisation and mortality. 

 

1.2 COVID-19  

1.2.1 COVID-19  

COVID-19 is a respiratory disease, caused by the novel etiological agent SARS-CoV-2. SARS-

CoV-2 is an enveloped single-stranded positive-sense RNA virus belonging to β coronaviruses 

of the Coronaviridae family 4. The disease was first reported from Wuhan, Hubei province, 
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China, in December 2019. Some coronaviruses such as the HCoV-OC43 and HCoV-229E viruses 

generally cause the common colds in humans, while some other coronaviruses such as the 

Middle East respiratory syndrome coronavirus (MERS-CoV) and SARS-CoV can induce much 

severe respiratory disease 5. The MERS-CoV, SARS-CoV and the novel highly pathogenic 

coronavirus SARS-CoV-2 are zoonotic coronaviruses considered to be transmitted from 

animals to humans 5.  

The pathology and pathogenesis of COVID-19 have been discussed in the literature. 

When the host is exposed to the virus, the virus binds to the virus receptor expressing cells, 

leading to infection 6. Angiotensin-convert enzyme 2 (ACE2) is one of the main receptors of 

SARS-CoV, and the other receptor is CD209 6. SARS infection can reduce the ACE2 expression, 

thereby destroying the function of the angiotensin renin system regulated by ACE2; on the 

other hand, SARS infection can also lead to increased inflammation 7,8. Since the genetic 

sequences of SARS-CoV-2 and SARS-CoV are similar, SARS-CoV-2 is considered to use the same 

ACE2 receptor for infection 9-11. These receptors bind to viral spike proteins, and then the 

virus enters the host cell 9. After SARS-CoV enters the host cell, it produces a severe immune 

response, leading to a phenotype called cytokine storm syndrome characterised with 

uncontrolled increase of cytokines (e.g., IFN, IL-6) and chemokines 6,7. The cytokine storm can 

cause the immune system to attack the infected organs and hence induce acute respiratory 

distress syndrome (ARDS) and severe failure of multiple organs such as lung 12,13, and the 

excessive levels of IL-6 can block lymphopoiesis and cause lymphocyte death 14,15.  

Laboratory diagnostic methods of COVID-19, including nucleic acid, antibody and 

antigen tests, have been developed among suspected clinical cases conforming to the 

epidemiological history and clinical manifestations of COVID-19. The early and current clinical 
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diagnosis of SARS-CoV-2 is generally a nucleic acid test by using real-time reverse 

transcriptase-polymerase chain reaction (RT-PCR) to detect nucleic acid in nasopharyngeal 

and oropharyngeal specimens 16,17. But for RT-PCR, sample contamination or technical failures 

can lead to negative results; and RNA extraction is time-consuming, requires trained 

laboratory technicians, and increases the risk of exposure to the virus 18-21. So other rapid 

diagnostic tests, such as nucleic acid amplification testing and microarray hybridization 

testing, have been developed and are also in use 21,22. In addition, for epidemiology and 

vaccine development, some serological and immunological assays are in use, such as enzyme-

linked immunosorbent assay (ELISA) and lateral flow immunoassay (LFI), to detect the 

presence of immunoglobulin G (IgG) and immunoglobulin M (IgM) antibodies based on blood 

sample analysis 21,23. In addition to RT-PCR for detecting viral genetic material, antibody tests 

for detecting human antiviral antibodies, some developed antigen tests that recognise 

fragments of viral surface proteins provide a quick and simple method for early diagnosis of 

infection, but specificity and sensitivity are limited by factors such as antibody quality and the 

patient 24-26. Furthermore, except for the above chemical diagnosis methods, CT can assist in 

screening for respiratory pneumonia caused by SARS-CoV-2 in suspected cases and judging 

the severity of the disease 26. However, because the lung abnormalities displayed by CT may 

also appear in other diseases and are not specific to the COVID-19, CT testing is not suggested 

to be used as a diagnostic tool to confirm COVID-19 26. 

 

1.2.2 Emergence and spread 

The WHO declared COVID-19 a pandemic 1, which has quickly spread from a region to all over 

the world with cumulative numbers of confirmed cases and deaths of around 228 million and 
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4.6 million respectively by the 19th September 2021 2. The person-to-person transmission is 

one of the potential transmission routes, including contact with patients’ mucosal secretions 

from the nose, mouth and eyes; inhalation of droplets when patients cough or sneeze; and 

also maybe mother-to-fetus transmission 21,27-29. Compared with SARS-CoV, SARS-CoV-2 has 

a higher reproductive (R) number, characterised with a much faster spread and higher 

infection rate 30,31. The higher infection rate of SARS-CoV-2 than SARS-CoV may be due to the 

difference in the position of receptor binding domain (RBD) of viral spike proteins, resulting 

in the much higher binding tendency 7,32. In addition, this rapid spread also results from the 

openness of 21st century geopolitics, ease of travel, and an initial underestimation of the 

seriousness of the virus 21. 

Since droplets from a sneeze or cough of COVID-19 patients can spread as far as 2 

meters, this underscores the 2-meter social distancing standard and the need to wear facial 

masks and avoid crowd 21,33,34. SARS-CoV-2 can deposit on many surfaces and can survive for 

several days in some conditions, so people are also encouraged to wash their hands 

frequently to prevent infection 21,34,35. 

 

1.2.3 Symptoms and mortality 

Patients with COVID-19 may be asymptomatic or have various degrees of symptoms. The 

initial symptoms of COVID-19 are not specific, manifested as fever, and cough, and then can 

resolve spontaneously or quickly progress to shortness of breath, and pneumonia, leading to 

ARDS, renal failure, coagulation dysfunction, multiple organ failure, septic shock, metabolic 

acidosis, death or other poor outcomes 36-44. The main clinical impact of COVID-19 infection 

is on the respiratory system, although other systems may also be affected 45,46. COVID-19 can 
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lead to acute respiratory failure that requires mechanical ventilation and even death 37,47-49.  

A study on the clinical course and mortality of adult hospitalised patients with COVID-

19 in Wuhan, China found that the mortality rates of severe and critically ill patients were 22% 

and 78%, respectively 50. Of the first 44,672 confirmed cases, 1023 patients died, with a crude 

case fatality rate (CFR) of 2.3%, and the mortality rate for critically ill patients was even higher, 

with a CFR of 49% 51. Hubei has a higher proportion of severe COVID-19 cases than other 

provinces (17.7% and 7.0%, respectively) 51. Compared with China, South Korea has a lower 

crude CFR for men (1.1%) and women (0.4%) 52; Australia (1.4%) 53, and countries in the 

European Union (EU) and European Economic Area (EEA) also had a lower crude CFR (1.5%) 

54; while Italy’s crude CFR was much higher (7.2%) 55. 

The data from WHO show that the crude mortality rate (the number of reported 

deaths divided by the number of reported cases) may be between 3-4%, which seems to be 

higher than that of influenza, especially seasonal influenza with the mortality rate of below 

0.1% 56. However, WHO estimated that the infection mortality rate (the number of reported 

deaths divided by the number of infections) may be lower than the crude mortality ratio  56. 

In addition, the mortality rate could be affected by factors such as regions, demographic and 

socioeconomic factors, levels of access and quality of healthcare, intervention strategies, and 

qualities of reported deaths and cases 56-58.  

A study in Italy reported that the incidence of severe respiratory failure (defined as: 

SpO2<93% with 100% FiO2, respiratory rate [RR]>30 bpm, or respiratory distress) was around 

29%-40% 59. The 28-day mortality from time of intubation could be 26%-30% among patients 

with COVID-19 who had acute respiratory failure requiring invasive mechanical ventilation 

(IMV) 60.  
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1.3 Risk factors of adverse outcomes of COVID-19 

1.3.1 Comorbidities and age 

The evidence showed that people of all ages are susceptible to SARS-CoV-2, but the elderly 

had the higher positive rate of RT-PCR testing and a higher hospitalisation burden 61-63. Like 

SARS, deaths and adverse clinical outcomes are more common in older adults with known 

comorbidities among patients with COVID-19 64-66. Compared with general patients, patients 

with severe/critical illness were older and had a higher incidence of comorbidities; medical 

conditions such as cancer, chronic kidney or liver or lung disease, dementia or other 

neurological conditions, type 1 or type 2 diabetes, obesity, coronary artery disease, high blood 

pressure (hypertension) or other heart conditions, human immunodeficiency virus 

(HIV) infection, depression, and so on can make people more likely to get severely ill due to 

COVID-19 67-72. Older age was found to be one of risk factors associated with ARDS 

development and progression from ARDS to death (hazard ratio [HR], 3.26; 95% confidence 

interval 2.08-5.11; and HR, 6.17; 95% CI, 3.26-11.67, respectively) 41. Older patients have a 

higher risk of first-episode complications, more severe symptoms, multiple organ 

involvement, and death due to the possible factors such as the physiological changes of aging 

and a variety of age-related complications; so the threshold for suspicion and detection of 

SARS-CoV-2 in the elderly was suggested to be lowered, such as decreased lung function and 

shortness of breath 73-75. 

The previous studies have shown a high frequency of hypertension and obesity among 

patients with COVID-19 and that patients with hypertension or obesity have a higher risk of 

morbidity and mortality from COVID-19 and the need for invasive mechanical ventilation, 
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possibly due to impaired pulmonary immune responses, systemic hyper-inflammatory 

responses, cytokine dysregulation, increased risk of thrombosis and increased viral load 39,76-

81. Similarly, COVID-19 patients with diabetes face an increased risk of severe course of 

disease and death (a pooled OR of 1.70, 95% CI 1.16-2.48; P = 0.006) due to several potential 

factors, notably an impaired immune response, an increased inflammatory response and a 

hypercoagulable state 72,73,82-87; considering that diabetes is a complex disease associated 

with many metabolic disorders, the pathophysiology among COVID-19 patients with diabetes 

still needs further research 87. 

Some studies also showed compared with age-matched noncancer patients confirmed 

with COVID-19, COVID-19 patients with cancer were at higher risks of severe events, including 

death, severe or critical illness, intensive care unit (ICU) admission, and the requirement of 

invasive mechanical ventilation, especially patients who received surgery or patients with 

lung cancer, hematologic cancer, or metastatic cancer 88,89. The related finding, which is very 

puzzling, is that immunotherapy patients have the highest mortality rate and the highest 

severity of disease compared to cancer patients treated with other therapies, possibly 

because immunotherapy induces the cytokine storm which is reported to be the main reason 

for death of COVID-19 patients, leading to more severe disease 88,89. 

A review study reported that HIV-related immunosuppression may increase the risk 

of COVID-19 severity rather than provide protection, but there is no excessive morbidity and 

mortality, especially for those on antiretroviral drugs to suppress viral load, but people living 

with HIV should still strictly follow the recommendations on how to protect themselves from 

SARS-CoV-2 infection 90. 
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1.3.2 Radiological characteristics 

Although real-time reverse transcriptase-polymerase chain reaction assay (RT-PCR) is the 

standard diagnostic method for COVID-19, the chest computed tomography (CT) has 

important diagnostic values 91. Some experts suggested that patients with typical CT findings, 

but negative RT-PCR results should be isolated because RT-PCR results can be false-negative 

91. Compared to radiologic images from X-ray examination, CT images have the advantage of 

high-resolution transversal imaging and accurate display of the extent and range of lung 

lesions. CT findings of COVID-19 are mainly characterised by patchy glass opacity in the 

peripheral area 92,93. Correlation analysis detected a significant relationship between 

pulmonary inflammation index value and lymphocyte count, monocyte count, C-reactive 

protein, procalcitonin, days from illness onset and body temperature 94. The median 

radiograph score was negatively correlated with oxygenation index, and patients with 

abnormal images were older, with higher rate of coexisting condition, fever, cough, 

expectoration, and headache, lower levels of lymphocytes, albumin, serum sodium and 

higher levels of total bilirubin, creatine kinase, lactate dehydrogenase and C-reactive protein 

and lower oxygenation index than non-pneumonia patients 95. Compared with ordinary 

patients, severe/critical patients had higher incidence of lung consolidation, linear opacities, 

crazy-paving pattern, and bronchial wall thickening 67. The higher radiograph score at 

admission was found to be a predictive factor for severe/critical subtype 67,95 and the 

automatically measured impaired lung volume was statistically significant  correlated with the 

maximal respiratory severity score 96. The severity score which quantifies the extent of COVID-

19 lung involvement was associated with ICU admission 97. The bilateral pneumonia on CT 

scan was correlated with a longer duration of hospitalisation 98.  
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However, it is important to note that because imaging features are not specific for 

COVID-19 and can be seen in other viral pneumonia, chest CT should not be used as a 

screening test in patients with suspected COVID-19 but to assess clinical deterioration in 

patients with confirmed COVID-19 99-101. 

 

1.3.3 Laboratory parameters 

Abnormal changes have been found in some laboratory biomarkers of COVID-19 patients 102-

104. Previous studies show that the white blood cell (WBC) count was only slightly elevated in 

severe cases, which was higher than moderate cases, with the highest in critical cases; but 

the increase in WBC count in patients who died was more clinically significant, manifested as 

increased neutrophils, while decreased lymphocytes, monocytes and eosinophils 103,105. 

Increased neutrophilia was associated with a greater risk of development of ARDS and death 

(HR, 1.14; 95% CI, 1.09-1.19; and HR, 1.08; 95% CI, 1.01-1.17) 41. Lymphocyte count was 

significantly lower in severe COVID-19 patients compared with moderate cases 106. 

Lymphopenia and elevated inflammation parameters were found to raise the risk of severe 

or critical COVID-19 pneumonia 67. Leukocytes and neutrophils in ICU patients were higher 

than those in non-ICU patients, and lymphocytes gradually decreased after the disease onset 

in death cases 44,50. Elevated neutrophils and neutrophil-to-lymphocyte ratio suggest severe 

or critical illness and poor prognosis 107. The proportions of monocytes, eosinophils, and 

basophils dropped dramatically in severe cases 107,108. 

Studies of platelets in COVID-19 patients have shown inconsistent results, which may 

be due to the complexity of the disease. Some studies have found a higher proportion of 

thrombocytopenia patients in severe cases than non-severe cases 50,109, and platelet count 
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was lower in non-survivors than in survivors 50,110-112. However, other studies have found no 

significant difference in median platelet count between ICU patients and non-ICU patients 

44,113, and no significant difference in platelet count between survivors and non-survivors of 

COVID-19 patients with ARDS 41,114. In addition, a retrospective analysis of 30 patients with 

COVID-19 found that patients with higher platelet count and platelet-to-lymphocyte ratio had 

a longer average hospital stay 115. Conflicting results on platelets have been interpreted by a 

study suggesting that decreased platelet counts may indicate thrombogenesis leading to 

platelet depletion, while increased platelet counts may indicate inflammation stimulating 

megakaryocyte production and increased platelet synthesis 116. 

In severe and fatal COVID-19 patients, biomarkers of heart and muscle damage 

(including cardiac troponin levels), liver enzymes (alanine aminotransferase and aspartate 

aminotransferase), kidney biomarkers (blood urea nitrogen, creatinine), and coagulation 

indicators were also significantly elevated, suggesting the possibility of viral myocarditis, 

heart damage, and multiple organ failure such as kidney or liver 102,103. The proportion of 

increased biochemical markers, including lactate dehydrogenase, aspartate aminotransferase, 

aspartate aminotransferase, creatine kinase and creatinine, gradually increased with the 

severity of the disease 109. In addition, the levels of lactic acid, lactate dehydrogenase, 

aspartate aminotransferase, aspartate aminotransferase, creatine kinase, creatinine and 

cardiac troponin were significantly elevated in non-survivors compared with survivors 117. On 

the other hand, the levels of lactate dehydrogenase, cardiac troponin, urea and creatinine 

were progressively increased after the disease onset among patients who died 44,50. The 

proportion of elevated D-dimer indicating coagulation and fibrinolysis abnormalities 

increased gradually in patients with non-severe, severe and critical COVID-19, and was higher 
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in non-survivors than survivors 44,50. The higher lactate dehydrogenase and D-dimer indicated 

organ and coagulation dysfunction and were associated with a greater risk of development of 

ARDS, critical illness and death 41,44,50,118. Other coagulation and fibrinolytic biomarker 

abnormalities include the detection of significantly elevated fibrinogen and fibrin degradation 

products in non-survivors; higher fibrinogen level in patients with thrombotic complications 

than those without; and longer activated partial thromboplastin time and prothrombin time 

in non-survivors than in survivors at admission 118-120. 

In terms of immune biomarkers, interleukin-6 and serum ferritin were found to 

increase significantly in patients with severe diseases compared with non-severe types and 

were recommended as indicators for prognosis of COVID-19 patients during hospitalisation 

103. The levels of interleukin-2, interleukin-7, interleukin-10, granulocyte-colony stimulating 

factor, tumor necrosis factor α and so on were increased in ICU patients compared with the 

non-ICU patients 48. Levels of interleukin-6 and interleukin-2R were significantly higher in 

severe patients compared with moderate patients, and higher in non-survivors compared 

with survivors 50,106,108. In addition to cytokines, levels of some inflammatory biomarkers such 

as serum ferritin, amyloid A protein, procalcitonin and C-reactive protein (CRP) were 

significantly higher in the severe and critical cases than in the moderate cases, indicating a 

higher risk of severe disease and poor prognosis 106,108,121. Levels of serum amyloid A protein, 

procalcitonin, CRP and interleukin-6 increased according to the severity of the disease, and 

increased significantly in the non-survival group compared with the survival group 102,122. 

Elevations of interleukin-6, serum ferritin and CRP can lead to cytokine storm and systemic 

inflammatory response syndrome, then severe illness such as acute lung injury, ARDS, other 

tissue damage and multiple organ failure 103. In patients with severe COVID-19, the host's 
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immune system was over-activated and many cytokines such as interleukin-1ß, interleukin-7, 

interleukin-10, tumor necrosis factor α and interferon α were secreted to destroy the virus, 

but the cytokines concentration can get out of control and cause serious side effects leading 

to lung injury and even damage to other organs 102,123. In addition, interleukin-10 has been 

observed to increase in severely ill patients, which is suspected to lead to a compensatory 

anti-inflammatory response contributing to secondary infection and sepsis 103.  

 

1.4 Prediction models  

1.4.1 Prediction models of severe COVID-19 

While many countries have implemented public health responses to control the disease and 

slow its spread, the pandemic has resulted in a significant increase in the demand for hospital 

beds, shortages of medical equipment, infection of some health care workers, and a critical 

care crisis 124-126. Effective predictive models combine several characteristics to estimate the 

risk of a person having severe disease after infection can help health care professionals and 

policy makers to identify patients at high risks of adverse outcomes to assist treatment and 

classify patients when allocating limited medical and human resources, and hence reduce the 

burden on the healthcare system while also providing the feasible and optimal health care to 

patients.  

Some prediction models of severe COVID-19 are available, but those models are 

subject to various biases in terms of data quality, statistical analysis, and reporting 127-136. The 

data quality issues were mainly on the presence of missing data and the handling strategies. 

The flaws in the statistical analysis were mainly on the lack of internal and external validation 
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of the predictive models, the categorisation of continuous predictors and hence loss of 

information, and weak assessment of model performance such as calibration and 

discrimination. The main reporting issue is that some studies did not mention the missing 

data. A retrospective analysis was performed on 123 young people diagnosed with COVID-19 

at a tertiary hospital in Wuhan, China to establish a model for predicting the disease severity, 

but the model was not externally validated 134. A model to predict progression to severe 

COVID-19 during hospitalisation using 366 confirmed COVID-19 patients collected in Sichuan 

province, China and a model using 139 patients with COVID-19 in Turkey were also not 

externally validated 135,136. A retrospective cohort study of 80 COVID-19 patients admitted to 

a hospital in Beijing, China established a predictive scoring system and validated it in 22 

subsequent COVID-19 patients 133. A study developed a prediction model to identify severe 

COVID-19 patients with a regression coefficient of 48.8309 and an odds ratio with a 

confidence interval of >999.999 (>999.999, >999.999), which is nonsensical; and it is unclear 

how the missing data were handled and whether individuals with missing data or whether 

entire predictors were discarded 127,137. A study retrospectively collected 220 clinical and 

laboratory records of COVID-19 patients in Shanghai, China to establish a predictive model 

for severe/critical symptoms 129. Another retrospective multicentre study of 372 non-severe 

COVID-19 hospitalised patients constructed a nomogram for predicting the risk of severe 

COVID-19, but it is unclear how the perfect calibration was derived 128,138. A study developed 

a model to identify COVID-19 patients with severe disease, but the study may not have 

enough events to evaluate the model performance and weak and used discredited 

approaches (not calibration plots) to assess the model calibration 130,139. Xiao et al developed 

an artificial intelligence-assisted tool using CT imaging to predict disease severity and also 

established a HNC-LL (Hypertension, Neutrophil count, C-reactive protein, Lymphocyte count, 
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Lactate dehydrogenase) score using multivariate logistic regression analysis to predict disease 

severity with around 400 confirmed COVID-19 patients from two hospitals in China 131,132. 

 

1.4.2 Nomogram  

A nomogram is a two-dimensional graphical representation of a scoring prediction model, 

which aims to calculate the probability of having an outcome quickly and visually with 

acceptable accuracy. A nomogram is composed of multiple scale axes. The top axis is the point 

scale, followed by the scale axis of the selected predictor, the total point scale, and then the 

probability scale. Each value on the predictor axis corresponds vertically to a point on the 

point scale. After determining the points of all predictors from the point scale and adding 

them to get the total number of points, we can find the corresponding probability on the 

probability scale. The predictors can be continuous or categorical variables. The statistical 

methods can be multivariable logistic regression or Cox regression depending on the type of 

outcomes to be studied. Other than nomogram, there are also other risk estimation and 

decision aid tools, such as risk grouping, artificial neural network, probability table, and 

classification and regression tree analysis. Compared with other tools, the nomogram could 

provide consistent and reasonably accurate risk estimation, while also providing a user-

friendly interface because it does not require computer software to calculate the results 140. 

 

1.5 Clinical management 

The treatment of COVID-19 is still under active research. In COVID-19 patients with ARDS, the 

treatment with methylprednisolone reduced the likelihood of death (HR, 0.38; 95%CI, 0.20-
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0.72), suggesting the benefit for patients who have ARDS 41. Prompt and adequate treatment 

of intravenous immunoglobulin (IVIG) was found to potentially be able to help reduce the 

mortality rate in COVID-19 patients with critical illness and diabetes 141. The delayed 

treatment of severe COVID-19 may lead to longer hospital stays, increased mortality and a 

heavier financial burden 142,143. Among COVID-19 patients, the incidences of bacterial co-

infection and multidrug resistance were high, and consideration was suggested to be given to 

tests of other mixed infectious agents and timely treatment based on antimicrobial sensitivity 

results 144. 

Several treatments have been proposed based on different aspects of the 

pathogenesis of COVID-19, including antiviral therapy (such as remdesivir), antimalarial drugs, 

anti-inflammatory drugs (such as barcitinib), angiotensin receptor blockers and statins, 

antithrombotic drugs (such as low molecular weight heparin), convalescent plasma 

treatment, stem cell therapies, immunoglobulins, etc. 101,145-151. Related clinical trials have 

been completed or are underway with conflicting results, with some trials showing promise 

and others showing no benefit. Furthermore, patient heterogeneity, including the various 

comorbidities, disease severity, and multiple complications, remains a challenge for clinical 

trials 152. Because of the lack of any approved effective drugs, health care providers have to 

use broad-spectrum antibiotics and antiviral drugs with a high and frequent dose for patients, 

leading to many serious adverse effects after patients recovered from COVID-19, such as 

mental illness, heart, liver and kidney complications 153. 

Because the efficacy of existing antiviral drugs and the effectiveness of the standard 

of care have not been fully confirmed, especially for those patients with mild disease, 

prevention of transmission should be the priority 101. Patients treated at home need close 
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monitoring and immediate expansion of care and treatment if their condition worsens 154. To 

optimise clinical management, treatments are considered to vary depending on 

characteristics of the patients, such as for elderly patients, or patients with compromised 

immune systems, obesity, or hypertension 101,146. Current treatment strategies for COVID-19 

include considering corticosteroids only when severe disease occurs because data on the 

increased risk of viral replication and anti-inflammatory benefits of corticosteroids are 

inconclusive 155,156; using inhalers rather than aerosols whenever possible to avoid increased 

airborne transmission of the virus 157; choosing acetaminophen over nonsteroidal anti-

inflammatory drugs (NSAIDs) whenever possible, as relief should vary from person to person 

and there is an increased risk of bleeding and kidney damage when using NSAIDs 101; 

considering oxygen supplementation (nasal intubation and high-flow oxygen) for patients 

with moderate to severe disease, while non-invasive and invasive mechanical ventilation for 

those with acute respiratory failure 154; and so on. 

COVID-19 prevention largely relies on vaccine development. Hundreds of clinical 

trials have now been completed or are under way to test various novel and repurposed 

compounds against COVID-19, such as protein subunit vaccines, inactivated virus vaccines, 

adenovirus vaccines and gene vaccines 101,158-160. Confirming vaccine safety and efficacy is 

important because ineffective vaccines may not protect people from infection and may also 

cause disease through increased antibody dependence or other mechanisms 161,162. Despite 

of the lack of reliable clinical safety data, among the vaccines against COVID-19, BNT162 (from 

Pfizer/BioNTech), mRNA-1273 (from Moderna) and AZD-1222 (from AstraZeneca) quickly 

completed phase 3 clinical trials, with BNT162 and mRNA-1273 showing about 95% clinical 

efficacy in clinical trials and receiving emergency approval for use in the United States and 
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other countries 21,163. Furthermore, future vaccine research needs to address another 

challenge, namely the high mutation rate of SARS-COV-2, with approximately 25 mutations 

per year 21,34,164. In people with chronic comorbidities, annual influenza vaccination 

significantly prevented all-cause hospitalisation and in the elderly (65+), influenza vaccination 

prevented both all-cause hospitalisation and mortality 165. There is growing evidence that 

SARS-CoV-2 may become seasonal and require annual vaccination 166. People with pre-

existing cardiovascular disease, congestive heart failure, hypertension, diabetes, chronic 

kidney disease and cancer are at higher risk of dying from COVID-19 and may therefore be 

prioritised for vaccine, especially when vaccine supplies are limited 71.  

 

1.6 Immunity to SARS-CoV-2 

1.6.1 Immune response  

Viral infection can trigger humoral and cell-mediated immune responses. Humoral immunity 

is that virus and/or virus-infected cells can stimulate B lymphocytes to produce antibodies 

including immunoglobulin G (IgG), immunoglobulin M (IgM) and immunoglobulin A (IgA), all 

of which have been proven to exert antiviral activity 167. The cell-mediated immunity refers 

to that leukocytes (cytotoxic T lymphocytes, natural killer (NK) cells, antiviral macrophages, 

and helper T cells) recognise and/or kill viruses and virus-infected cells, and produce different 

soluble factors (cytokines) when stimulated by viruses or virus-infected cells, which play 

important roles in regulating and developing antiviral immune function 167. 

The assessment of the humoral and cell-mediated immune response to virus infection 

or vaccination is expected to help develop clinical applications and understand herd immunity. 

In particular, the kinetics of the humoral immune response against SARS-CoV-2 may 



31 
 

contribute to COVID-19 diagnosis, vaccine development, therapeutic immune plasma 

research, and epidemiological research including prevalence, exposure, and immunity. 

Decreased antibody levels may indicate a lack of protective immunity 168. Most COVID-19 

patients develop detectable IgM and IgG antibodies within a few weeks after infection, 

targeting SARS-CoV-2 nucleocapsid (N) or spike (S) protein 169,170. 

The complex balance between host immunity and coronavirus load determines the 

degree of viral pathogenesis, and the potential correlation between the severity of refractory 

hypoxemia and reduced immune cell expression suggests that the immune compromised 

state may be one of the factors contributing to the severity of SARS-CoV-2 infection leading 

to adverse clinical outcomes 171. 

Previous studies have shown that the IgG response to SARS-CoV-2 infection can last 3 

to 8 months after the onset of symptoms 172-177. However, the long-term kinetics of IgG 

antibodies remains to be studied, and most previous studies included limited sample sizes 

and narrow ranges of disease severity 178-181. A longer follow-up study was conducted in the 

Umbria region of Italy, and 32 patients with COVID-19 who recovered from mild, moderate, 

and severe infection were followed for 14 months for anti-spike-receptor binding domain (S-

RBD) IgG antibody titers 182. 

 

1.6.2 Influential factors  

Current reports have studied the associations between the IgG antibody response against 

SARS-CoV-2 and some potential influential factors. Older patients (over 35 years old) were 

found to have higher IgG antibody levels than younger patients (under 35 years old or equal 

to 35 years old) 183. Body mass index and immunosuppression also appear to affect IgG 



32 
 

kinetics, with higher IgG levels in patients with higher body mass index and lower IgG levels 

in immunocompromised patients 184. Subjects with one or more comorbidities, such as 

diabetes, developed better antibody titers than those without comorbidities 182,185-188. A study 

suggested that comorbid cancer and treatment with systemic therapy may influence the 

immune response to SARS-CoV-2; for example, among patients, those who received 

chemotherapy had significantly lower levels of N-IgG than those who did not, and those who 

received immune checkpoint inhibitors had significantly higher levels of N-IgG and S-IgG than 

those who did not 189. Prolonged and frequently more severe symptoms were found to be 

associated with elevated antibody levels 190, and similarly, a study found that non-severe 

clinical manifestation was the only factor associated with faster decay of IgG anti-spike 

antibodies after adjusting for sex and age >70 years 181. Zejda et al found IgG positivity was 

statistically associated with age (negative correlation), contact history with COVID-19 

patients, isolation history, fever, and loss of smell/taste 191. To the best of my knowledge, as 

of February 2022, only one study preliminarily explored the relationship between IgG 

antibody levels and loss of smell and taste by comparing median anti-S-RBD IgG antibody 

titers at 14 months and found that subjects who experienced a loss of smell and taste during 

infection had higher antibody titers 182.  

 

1.7 Research gap identified for the PhD work 

Because COVID-19 is a new disease, healthcare workers and researchers are still learning. 

Although understanding of the disease is growing, some research gaps have been identified 

before the main chapters (Chapter 3 to 9) were completed, which urgently required the 

development of this PhD work. In the early stage of the pandemic, there were limited clinical 
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data on COVID-19 patients for research. As mentioned before, increased data and 

information were important to improve research reliability.  

Before the publication of Chapter 3, the characteristics of patients with COVID-19  

including age, comorbidities, C-reactive protein, albumin, cytokine, lactate dehydrogenase, 

D-dimer, albumin, platelet, lymphocyte, neutrophil, smoking, cough, expectoration, chest 

pain, dyspnea and CT manifestations had been reported to be associated with the severity of 

COVID-19 in some small sample size studies in China 67,192-197 and other countires.40,76,198. 

However, previous studies were mostly small and descriptive in nature. Chapter 3 used data 

from the whole Jiangsu province, China and made inferential statistical analyses by using 

multivariate regression model to control for possible confounding factors and identify 

independent risk factors of becoming a severe/critically ill case. Therefore, Chapter 3 could 

provide more accurate information on the risk factors to help reduce mortality and save lives. 

This had very real implications in the early stage of the pandemic. 

Prior to the publication of Chapter 4, a study has reported risk factors for progression 

from ARDS to death in patients with COVID-19 41. However, the pattern of disease progression 

from "asymptomatic/mild/moderate" status to "severe/critical" status and its associated 

factors had not been adequately studied in patients with COVID-19. Assessing disease 

progression patterns and identifying factors associated with disease progression can help 

health care professionals prospectively identify patients at high risk for progression, help 

patients avoid a crisis phase that can lead to death, and help reduce the burden of healthcare, 

especially in intensive care. Chapter 4 can help fill in the gaps in this research topic. 

COVID-19 can cause severe illness, one of which is of great concern is acute respiratory 

failure requiring mechanical ventilation, 26%-30% of respiratory failure patients necessitating 
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invasive mechanical ventilation may experience 28-day mortality 37,47-49,60. Before Chapter 5 

was published, research on risk factors for respiratory failure remained sparse. As far as I am 

aware, only two Italian studies had explored this topic at that time 59,199. Nevertheless, the 

characteristics of patients could vary from country to country, as may the degree of 

respiratory failure and risk factors 200. Therefore, information on respiratory failure in other 

regions outside of Italy was of great academic and clinical value. Considering this, Chapter 5 

explored this topic based on a large multicentre retrospective cohort with rich information 

on demographic, epidemiological, clinical and laboratory characteristics, and CT imaging 

characteristics to prevent respiratory failure and even death and reduce the risk of infection 

of medical staff via medical procedures such as emergency intubation. 

Before the publication of Chapter 6, it was known that age was associated with some 

patient characteristics. However, the quality of previous studies was insufficient, as most 

studies reporting these results were based on small or local studies 38,201-208. Chapter 6 could 

provide robust and valuable relevant findings based on data of nearly all COVID-19 patients 

from multiple centres in Jiangsu Province, China, with very detailed information on patient 

characteristics at admission, disease severity, and clinical outcomes during hospitalisation. In 

terms of variables and outcomes studied, in addition to previously studied age differences in 

chronic medical history, lung opacities, and some abnormal laboratory parameters, Chapter 

6, based on available data, could complement the previous studies by adding information on 

age differences in many other characteristics and clinical outcomes, such as exposure types, 

vital signs, and ICU monitoring. 

Prior to the publication of Chapter 7, some studies provided some information on the 

association between lung opacity scores and demographic, epidemiological, clinical, 
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laboratory characteristics, and clinical management, but most of these studies had sample 

sizes between 50 and 200. Research on these associations in Chapter 7 based on a larger 

dataset (N = 496) can provide some novel and more reliable information. Whereas most 

previous studies have reported the effect of the lung opacity score on a single clinical 

outcome, Chapter 7 of this work assessed the effect of the lung opacity score on a number of 

important clinical outcomes (including disease severity, ICU admission, respiratory failure, 

and length of hospital stay), which can provide more comprehensive knowledge. 

Prediction models of severe COVID-19 prior to the publication of Chapter 8 are subject 

to various biases in terms of data quality, statistical analysis, and reporting statistical issues 

127. The flaws included the presence of missing data and the processing strategies, lack of 

internal and external validation of the predictive models, weak assessment of model 

performance (e.g., calibration and discrimination), and reporting issues such as not 

mentioning the missing data. Chapter 8 aimed to address these flaws and develop a well-

performed nomogram based on a relatively large dataset from 24 centres. No categorical data 

were missing, and missing continuous data were imputed with medians. The nomogram was 

internally validated on the derivation cohort using the bootstrap method and further 

externally validated on a separate independent validation cohort. Discrimination ability and 

calibration were used to assess the performance of the nomogram. 

Although the human immune responses to previously emerged SARS-CoV and MERS-

CoV have been carefully studied, the immune response to the novel SARS-CoV-2 has not been 

investigated in depth before Chapter 9 of this PhD work was done. Previous studies on the 

duration of immunity were limited by the follow-up time, generally 6-8 months, with a few 

reports of 1 year or 14 months, therefore, more studies with longer follow-up periods on 
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immunity in COVID-19 patients may be needed 173-177,182,183,209-211. To the best of my 

knowledge, only one research studied the relationship between anti-SARS-CoV-2 IgG levels 

and loss of smell and taste, but that study only compared median anti-S-RBD IgG antibody 

titers at each month without using multiple regression to control for confounders and without 

explaining the underlying mechanism 182. Knowledge of the immune response of SARS-CoV-2 

and related influential factors is the basis for the development of vaccines and therapeutics to 

fight against the pandemic. Therefore, the aim of this PhD work was also to provide some 

data and evidence on this topic to improve understanding of SARS-CoV-2 serology, and 

identify determinants of long-term seroprotection. 

This PhD work can provide important new insights into the factors that influence the 

severity of COVID-19, disease progression, the prediction of disease severity, profile and 

influential factors of post-onset immunity, and can provide a knowledge base for better 

management of COVID-19 and enable evidence-based policies during this pandemic. Patients 

around the world would benefit from this work because it can fill in the gaps in knowledge 

when the main chapters (Chapter 3 to 9) were completed. So this PhD work deserves better 

dissemination at the time to help health care providers, patients and policy makers.  

 

1.8 Aims and objectives  

This thesis aims to investigate the clinical characteristics, outcomes, and immunity of the 

population with COVID-19 and explore the accuracy of a prediction model of severe COVID-

19 based on data from the UK and China. 
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More specifically, the objectives of the thesis are: 

a. to identify independent risk factors of severe COVID-19, disease progression, and 

respiratory failure in COVID-19 patients based on all patients with COVID-19 in Jiangsu 

province, China from the 10 January 2020 up to the 15 March 2020; 

b. to explore differences in clinical characteristics, disease severity, and clinical outcome 

burden in different age groups and different radiographic opacity groups of COVID-19 

patients in Jiangsu province, China; 

c. to construct a prediction model of severe COVID-19 based on all patients in Jiangsu 

province, China; and externally validate it by data in Hunan province, China from the 

21 January 2020 up to the 29 February 2020; 

d. to describe the IgG detectable/positive rate and the IgG level change profile over time 

after SARS-CoV-2 infection and identify the potential influential factors associated with 

IgG levels in the general population screened for SARS-CoV-2 infection. 

 

1.9 Thesis outline 

This chapter (Chapter 1) has outlined the general profile of COVID-19 pandemic, reviewed the 

known aspects of characteristics, outcomes, and immunity of COVID-19, identified some 

relevant research gaps before the main chapters (Chapter 3 to 9) were done, and stated the 

aims and specific objectives of this PhD work to fill these knowledge gaps. Chapter 2 will 

outline the materials and methods used in this PhD work for the accomplishment of these 

aims and specific objectives. As mentioned in the research gaps, before the publication of 

Chapter 3, the associations between characteristics of patients with COVID-19 and the 

severity of COVID-19 has been studied, while these studies were mostly small and descriptive 
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in nature. Therefore, Chapter 3, based on data from the whole Jiangsu province, will make 

inferential statistical analyses by means of multivariate regression model to control for 

possible confounding factors and identify independent risk factors of becoming a 

severe/critically ill case to inform prevention and control measures, potentially reduce 

mortality, and save lives. Similarly, further exploration of the risk factors for disease 

deterioration, that is, the dramatic progression of patients from asymptomatic or mild or 

moderate state to severe or critical state during the follow-up period, may help prevent 

patients with asymptomatic or mild or moderate disease from progressing into severe disease. 

Some patients can remain asymptomatic or mild or moderate state, but some patients may 

experience deterioration from asymptomatic or mild or moderate state to severe or critical 

state. However, relevant research was scarce, although I found a study that reported risk 

factors for progression from ARDS to death in patients with COVID-19 prior to the publication 

of Chapter 4. Therefore, Chapter 4 will describe the occurrence of disease progression in 

patients with COVID-19 and explore the factors associated with progression from “moderate 

or less” status to “severe or critical” illness. In addition, given that respiratory failure is one of 

the most severe illnesses that can occur after contracting COVID-19, further research into the 

risk factors of respiratory failure may provide some new insights. Before Chapter 5 was 

published, I found that only two Italian studies had explored this topic, so Chapter 5 will assess 

the incidence and potential risk factors for respiratory failure in patients with COVID-19 to 

prevent the occurrence of respiratory failure and deaths and reduce emergency intubation to 

protect medical staff from associated infections.  

The findings from Chapter 3 to Chapter 5 showed that age and CT lung opacity score 

are important factors affecting the severity of COVID-19 patients, disease deterioration from 
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milder status to severe or critically ill status, as well as respiratory failure. As mentioned 

previously, before the publication of Chapter 6, previous studies had shown that age was 

associated with some patient characteristics. However, the quality of previous studies was 

low, as most studies reporting these results were based on small or local studies. Therefore, 

it was necessary to further understand how and why the characteristics and the incidence of 

adverse outcomes in patients with COVID-19 differ among various age groups, in order to 

provide a more effective reference for the management of COVID-19. Considering this, 

Chapter 6 will investigate differences in characteristics, disease severity, and clinical outcome 

burden in different age groups. Similarly, prior to the publication of Chapter 7, several studies 

provided some information on the association between lung opacity scores and 

characteristics and clinical outcomes, but most of these studies had relatively small sample 

sizes and only reported the effect of the lung opacity score on a single clinical outcome. 

Therefore, Chapter 7 will investigate differences in a number of characteristics and clinical 

outcome burden of different radiographic opacity groups of patients with COVID-19.  

Chapter 3 to 5 looked at risk factors for severe or critical status, progression from 

milder status to severe or critical status, and respiratory failure in patients with COVID-19, 

and then Chapter 6 and 7 focused on two important factors, age and CT lung opacity score, 

so the next step was to develop a prediction tool to predict severe or critical disease to 

facilitate health care professionals stratifying patients and providing early and optimal 

therapies. Nevertheless, prediction models of severe COVID-19 prior to the publication of 

Chapter 8 are subject to various biases. Therefore, Chapter 8 will try to avoid these flaws, 

construct a nomogram to provide accurate personalised predictions of severe COVID-19 

during the hospitalisation based on a large number of COVID-19 patients in Jiangsu province, 
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and externally validate the nomogram in a cohort from another province. 

Chapter 3 to 8 pointed out that patients with underlying medical conditions and the 

elderly may have lower immunity after infection with SARS-COV-2 and were prone to severe 

illness and hence may be at higher risk of death from COVID-19, so it was necessary to learn 

more about the factors that influence immunity to inform the prevention and treatment of 

this new disease. However, I only found one study that examined the association between 

anti-SARS-CoV-2 IgG levels and loss of smell and taste, but that study only compared monthly 

median anti-S-RBD IgG antibody titers, did not use multiple regression controlling for 

confounding factors and had no explanation for the underlying mechanism. Chapter 9 will 

describe the IgG level change profile over time after SARS-CoV-2 infection and identify the 

potential influential factors associated with IgG levels including loss of smell and taste in the 

patients with SARS-CoV-2 infection. Finally, Chapter 10 will discuss possible explanations of 

the main findings of the PhD work, the novelty, the implications on COVID-19 prevention and 

control, and priorities for future related research. 

 

1.10 Role in research 

In this section, I list the roles of other authors and myself in each research.  

Chapter 3, 4: I did the literature review, data analysis, data quality check, results 

presentation, results interpretation, drafting and review of the manuscripts. Other authors 

conceived and designed the studies; did the data collection, management and quality check; 

applied for ethical approval; reviewed and edited the manuscripts. 

Chapter 5, 6, 7: I conceived and designed the studies; did the literature review, data 

analysis, data quality check, results presentation, results interpretation, drafting and review 
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of the manuscripts. Other authors did the data collection, management and quality check; 

applied for ethical approval; reviewed and edited the manuscripts.  

Chapter 8: I did the literature review and data quality check; double checked results 

of data analysis and presentation; did the results interpretation, drafting and review of the 

manuscript. Other authors conceived and designed the study; did the data collection, 

management and quality check; applied for ethical approval; reviewed and edited the 

manuscript. 

Chapter 9: I conceived and designed the study; did the literature review, data analysis, 

data quality check, results presentation, results interpretation, drafting and review of the 

manuscript. Other authors did the data collection, management and quality check; applied 

for ethical approval; and reviewed the manuscript. 
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Chapter 2 Materials and methods 

2.1 Introduction  

The work that is presented in the following chapters is based on two datasets from Jiangsu 

province and Hunan province, China, one dataset from the UK. This chapter describes the 

study design and subjects; the sites where to collect the data; the diagnostic criteria of COVID-

19 and antibody measurements methods; the epidemiological, demographic, clinical, 

laboratory, and imaging data, including their identification and collection; the statistical 

methods and how they were used to investigate the associations between clinical outcomes 

and IgG levels and the other factors. 

 

2.1 Study design and subjects 

The datasets of the thesis are two retrospective cohort studies from Jiangsu province and 

Hunan province, China, and one prospective cohort study from the UK. 

Jiangsu is a province in China with a population of 80 million, more than 600 km away 

from Hubei province without a common geographic boundary. The work hereby used 

retrospectively collected data of all cases from twenty-four hospitals in Jiangsu province from 

January 10, 2020, to March 15, 2020, including the demographic, epidemiological, clinical, 

laboratory, and imaging characteristics of the cases. Finally, 625 patients in Jiangsu province 

were included in the analyses. 

This work also used retrospectively collected data from 105 patients from Huangshi, 

Hunan province, China, between January 21, 2020, and February 29, 2020.  

For data from China, inclusion criterion was patients diagnosed with COVID-19. 
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Exclusion criterion was medical records unavailability.  

In addition, this work used data from a prospective longitudinal study conducted at 

Richmond Pharmacology Ltd, London, UK and the Richmond Research Institute, St George’s 

University of London. The participant inclusion criteria were (1) male or female aged 5 and 

older, (2) an understanding, ability, and willingness to fully comply with the project 

procedures and restrictions and (3) consent from a parent/legal guardian for participants 

aged 5 to 15 years. Finally 20 participants were included in this PhD work and were followed-

up for a maximum of 11 months. 

For Chapter 3-8, the data of all COVID-19 patients in Jiangsu province, China were 

collected by 24 hospitals designated for COVID-19 treatment in Jiangsu province, and 

centrally stored at the Data Centre of Jiangsu Provincial Health Commission from which the 

principal investigators (PIs) obtained the data for these studies. The medical team of Zhongda 

Hospital, Nanjing, China, where the PIs are based, travelled to Huangshi, Hunan province to 

support the treatment of COVID-19. The data from Huangshi were all collected and managed 

by Zhongda Hospital, and likewise stored at the Data Centre of Jiangsu Provincial Health 

Commission. The Ethics Committee of Zhongda Hospital Affiliated to Southeast University 

approved these studies (2020ZDSYLL013–P01 and 2020ZDSYLL019–P01).  

For Chapter 9, the data were collected and stored at the Richmond Pharmacology Ltd, 

London, UK and the Richmond Research Institute, St George’s University of London. The study 

was approved by the Committee of National Research Ethics Service (NRES) (West Midlands 

- Edgbaston) (IRAS ID: 281788). 

All research units involved in the studies in this PhD work have extensive research 

experience in clinical trials, epidemiological studies and other types of medical research. 



44 
 

These studies in the PhD work followed all guidelines, Good Clinical Practices (GCPs) and 

Standard Operating Procedures (SOPs). For these studies, before conducting the analyses, I 

did data quality checks and found some logic errors. After discussions with colleagues who 

collected the data, they corrected those errors using original medical records, which I 

appreciate very much. Finally, apart from the missing data issue that cannot be resolved using 

original medical records, the quality of data used for analyses is good. For the issue of missing 

data, in the "2.5 Statistical analysis" section below, I show that the impact of the problem of 

missing covariates is mitigated by strategies of imputation and sensitivity analyses. 

The data in the PhD work were permitted to be used for my PhD degree. 

 

2.2 COVID-19 diagnosis and antibody measurements 

For data from China, the diagnostic criteria of COVID-19 were in line with the “Diagnosis and 

Treatment Protocol for Novel Coronavirus Pneumonia (Trial Version 7)” released by China’s 

National Health Commission & National Administration of Traditional Chinese Medicine 

(Beijing, China). The diagnosis was based on epidemiological history, clinical manifestations, 

imaging manifestations of pneumonia in CT scans and laboratory confirmation (positive real-

time reverse transcription-polymerase chain reaction assays [RT-PCR]) 212. Exclusion criteria 

was medical records unavailability. For patients who presented to the hospital, those who 

had possible exposure to the severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2, 

the aetiological agent causing COVID-19) or had no identifiable exposure but clinical or 

imaging manifestations were tested for SARS-CoV-2.  

For data from UK, RT-PCR testing of throat swab specimens for SARS-CoV-2-specific 
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RNA was performed repeatedly per participant to confirm the status of SARS-CoV-2 infection. 

The Abbott Laboratories (Illinois, USA) chemiluminescent microparticle immunoassay (CMIA) 

against the nucleocapsid protein (N) of SARS-CoV-2 was used to assess the anti-SARS-CoV-2 

antibody IgG levels and IgG statuses (detectable/positive or undetectable/negative) of 

serum/plasma samples. 

 

2.3 Outcomes 

The outcomes in this thesis included severe/critically ill COVID-19, deterioration of COVID-19 

(i.e., the dramatic progression from asymptomatic or mild or moderate status into severe or 

critically ill status during 14 days’ follow-up), respiratory failure, and the IgG status 

(detectable/positive or undetectable/negative) and levels measured repeatedly during the 

follow up.  

 

2.4 Other variables 

2.4.1 Demographic features  

Demographic features analysed in this thesis included age (year), gender, and race.  

 

2.4.2 Epidemiologic features  

Epidemiologic features included exposure types (imported case or local case) and types of 

disease onset (single onset or clustered onset).  
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2.4.3 Clinical features  

Clinical features included initial symptoms (fever, cough, sputum, shortness of breath, 

anorexia, diarrhoea, and loss of smell and taste [loss of smell and taste, loss of smell only, loss 

of taste only, neither loss of smell nor taste]), medical history (hypertension, coronary heart 

disease, diabetes, stroke, smoking, and drinking), vital signs (temperature [°C], heart rate [HR, 

beats/minute], systolic blood pressure [SBP, mmHg], diastolic blood pressure [DBP, mmHg], 

respiratory rate [breaths/minute], and SpO2 [%]), treatments (supportive treatments and 

medication) and so on.  

 

2.4.4 Laboratory features  

Laboratory features included blood test parameters (WBC count [109/L], neutrophil count 

[109/L], lymphocyte count [109/L], haemoglobin [g/L], and platelet count [109/L]), organ 

function parameters (albumin [g/L] and creatinine [umol/L]), inflammatory factors (C-reactive 

protein [mg/L]), coagulation function parameters (activated partial thromboplastin time 

[APTT, s], fibrinogen [g/L], and D-dimer [mg/L]) and so on.  

 

2.4.5 Radiologic features  

Radiologic features included lesion distribution (outer third of lung involved, middle third of 

lung involved, or inner third of lung involved), lesion density (below 20% consolidation, 20% 

to 80% consolidation, or above 80% consolidation), lesion border (well-defined border, 

moderately defined border, or ill-defined border), quadrant score, and pulmonary opacity 

score.  
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2.5 Statistical analysis 

Continuous variables were described using means (standard deviations, SD) or medians (with 

inter-quartile range, IQR) and were compared using ANOVA or Kruskal-Wallis tests as 

appropriate. Categorical variables were summarised using frequencies and percentages and 

compared using χ2 or Fisher exact tests. In addition, this research conducted inferential 

statistical analysis through multiple logistic regression models, control possible confounding 

factors, and identify independent risk factors that become severe/critical cases, experience 

disease deterioration, and have respiratory failure. Odds ratios (ORs) for having the 

severe/critical illness, disease progression, and respiratory failure for each variable were 

calculated along with 95% confidence intervals (CIs). 

To assess the linear trend effect of age and pulmonary opacity score on baseline 

features and clinical variables, generalised linear models (GLMs) were employed with age and 

pulmonary opacity score as the only predictor, respectively. Normal distribution and identity 

link function were used for continuous variables whereas binomial distribution and logit link 

function were used for binary variables. 

A nomogram for the prediction of severe COVID-19 was established and was internally 

validated on the derivation cohort from Jiangsu province using the bootstrap method and 

further externally validated on a separate independent validation cohort from Huangshi, 

Huanan province. 

To explore potential factors associated with IgG levels in COVID-19, the generalised 

linear mixed models (GLMMs) with normal distribution and identity link function, predictive 
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variables as fixed effects, and subject as random effect, were employed. The natural logarithm 

of IgG level was the dependent variable. Geometric mean ratios (GMRs) and 95% (CIs) were 

estimated by taking an antilog transformation of estimates coming from the GLMMs. Half-life 

of IgG levels was also calculated from the model. 

To deal with missing data and provide unbiased estimates of risk factors of severe/critical 

illness, disease progression and respiratory failure, missing covariates at admission were 

imputed with multiple imputation using a Markov Chain Monte Carlo simulation method with 

10 iterations in logistic regression analysis. Sensitivity analyses were performed on the 

completed cases.  

When constructing the nomogram for the prediction of severe COVID-19, no categorical 

data were missing, and missing continuous data were imputed with medians. When 

estimating of the potential influential factors of IgG antibody levels, missing data of baseline 

characteristics were imputed by median (continuous variables) and category which occupies 

the majority (categorical variables) in the generalised linear mixed model.  

The STROBE guidelines for reporting cohort study and TRIPOD guidelines for transparent 

reporting of a multivariable prediction model for individual prognosis were followed. 

The 2-tailed P < 0.05 was considered as statistically significant. Statistical analyses 

were performed using SAS 9.4 software (SAS Institute) and R software (version 3.6.0, 

http://www.R-project.org). The “rms” package was used to derive a user-friendly nomogram. 

 

 

 

http://www.r-project.org/
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Chapter 3 Clinical characteristics and risk factors of patients with severe COVID-19 in Jiangsu 

province, China: a retrospective multicentre cohort study 

 

Because understanding the factors associated with COVID-19 disease severity could support 

the early identification of patients with high risk for disease progression, inform prevention 

and control measures, as well as potentially reduce mortality, the first main chapter of this 

work (Chapter 3) aims to describe the characteristics of patients with COVID-19 and factors 

associated with severe or critically ill presentation. 

 

3.1 Background 

Coronavirus Disease 2019 (COVID-19), caused by the etiological agent Severe Acute 

Respiratory Syndrome Coronavirus-2 (SARS-CoV-2), was first reported from Wuhan, Hubei 

province, China, in December 2019. The World Health Organization (WHO) declared a 

pandemic the 11th March 2020 1. The COVID-19 pandemic have spread quickly from a focal 

outbreak to over 7 410, 000 cases with more than 400, 000 deaths affecting more than 140 

countries by the 12th June 2020 2.  

China had reported over 80, 000 confirmed cases by the 13th March 2020 2. Although the 

original epicentre was located in Wuhan, other provinces became affected in the following 

weeks. In a case series of the first 44,672 confirmed cases, 1023 patients had died, with a 

crude case fatality rate (CFR) of 2.3%, and mortality was higher among critically ill patients, 

who had a CFR of 49% 51. In Hubei, the proportion of severe COVID-19 cases was higher than 

in other provinces (17.7% and 7.0%, respectively) 51. Compared to China, the crude CFR in 
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South Korea is lower among both males (1.1%) and females (0.4%) 52, and the crude CFR in 

Australia (1.4%) 53 and in countries of the European Union (EU) and European Economic Area 

(EEA) was also lower (1.5%) 54, while the crude CFR in Italy was much higher (7.2%) 55. 

COVID-19 initial symptoms are not specific, presenting with fever, and cough, which can then 

resolve spontaneously or progress to shortness of breath, dyspnoea, and pneumonia, leading 

to acute respiratory distress syndrome (ARDS), renal failure, coagulation dysfunction, 

multiple organ failure and death 36-40,44. Demographic features (eg age and gender); 

epidemiological features (eg smoking and comorbidities); laboratory parameters (eg c-

reactive protein, albumin, cytokine, lactate dehydrogenase, D-dimer, platelet, lymphocyte, 

and neutrophil); clinical manifestations (eg cough, expectoration, chest pain, and dyspnea); 

computer tomography (CT) image test results; and others, have been reported to be 

associated with the severity of COVID-19 in some small studies in China 67,192-197, and other 

countires 40,76,198. 

Understanding the factors associated with COVID-19 disease severity could support the early 

identification of patients with high risk for disease progression and inform prevention and 

control activities and reduce mortality. Hubei was the COVID-19 epicentre of China at the 

time of data collection for this study (from the 10th January 2020 to the 15th March 2020), so 

patients in other parts of China, outside Hubei, may have different profiles of demographic, 

epidemiological, clinical characteristics, laboratory parameters, and image test results. 

Knowing those profiles may help predict the severity of COVID-19. 

Jiangsu, a province in China over 600 km from Hubei without common geographical borders 

and 80 million population, reported over 600 patients infected with COVID-19. We report 

here an analysis of all cases in Jiangsu province from the 10th January 2020 to the 15th March 
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2020 to describe the demographic, epidemiological, clinical, laboratory, and imaging 

characteristics of cases and to identify risk factors for severe/critically ill COVID-19 

presentation. Previous studies were mostly small and descriptive in nature. Our study will use 

data from the whole Jiangsu province and make inferential statistical analyses by means of 

multivariate regression model to control for possible confounding factors and identify 

independent risk factors of becoming a severe/critically ill case. 

 

3.2 Methods 

3.2.1 Study Design and Population 

This is a multicentre retrospective cohort study. All patients were included if they (1) were 

clinically diagnosed and then confirmed to have COVID-19 in Jiangsu province from the 10th 

January 2020 up to the 15th March 2020, and (2) fulfilled the diagnostic criteria for the 

“Diagnosis and Treatment Protocol for Novel Coronavirus Pneumonia (Trial Version 7)” 

released by National Health Commission & National Administration of Traditional Chinese 

Medicine of China 212. The diagnosis of COVID-19 was based on epidemiological history, 

clinical manifestations, and laboratory confirmation 58. Patients without medical records were 

excluded. 

The Ethics Committee of Zhongda Hospital, Affiliated to Southeast University, approved the 

study protocols (2020ZDSYLL013–P01 and 2020ZDSYLL019–P01). Patient informed consent 

was waived due to the retrospective study design. 
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3.2.2 Data Measures 

The primary outcome was severe or critically ill within the follow up period. Patients were 

categorised by disease severity into (1) asymptomatic or mild, or moderate, and (2) severe or 

critically ill, according to “Diagnosis and Treatment Protocol for Novel Coronavirus Pneumonia 

(Trial Version 7)” 212. Asymptomatic infections were defined as the absence of clinical 

symptoms with a positive nucleic acid test (real-time reverse transcriptase–polymerase chain 

reaction assay, RT-PCR, for SARS-CoV-2). Mild COVID-19 disease was defined as the presence 

of mild clinical symptoms without respiratory distress and the absence of imaging 

manifestations of pneumonia. Moderate disease was defined as the presence of fever, with 

respiratory symptoms and an image of pneumonia in CT scans. Severe disease was defined as 

the presence of at least one of the three conditions: respiratory distress, a respiratory rate ≥ 

30 beats / min; oxygen saturation in resting state ≤ 93% or an arterial blood oxygen partial 

pressure / oxygen concentration ≤ 300 mmHg (1 mmHg = 0.133kPa). Critically ill was defined 

as having respiratory failure requiring mechanical ventilation, shock or combined organ 

failure requiring intensive care unit (ICU) monitoring and treatment. A clustering onset was 

defined as the occurrence of two or more confirmed COVID-19 cases in the same 

cluster/group within 14 days, such as family, community, hospital, working place or public 

place, etc. A clustering onset could occur due to interpersonal transmission via close contact 

with or joint exposure to a confirmed COVID-19 case. Other cases not meeting the conditions 

of the clustering onset were classified as a single onset. All patients were followed up to the 

15th March 2020. 

Data were collected using case record forms and electronic medical record systems and 

included demographic, epidemiological, clinical, laboratory, and imaging information 
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provided by the Data Center of Jiangsu Provincial Health Commission without any patient’s 

personal information. The day of admission to a COVID-19-designated hospital was 

considered the first day of hospitalisation. The severity of illness was assessed by two 

physicians. Severity was assessed at days 1, 2, 3, 4, 5, 6, 7 and 14 after admission and patients 

were followed for up to discharge. ICU admissions were recorded. Imaging grading was 

performed by two independent radiologists with more than 5 years’ experience in pulmonary 

imaging. Chest CT axial sections were divided into quadrants (left and right, anterior and 

posterior) by drawing horizontal and vertical lines through the centre of the chest. Quadrant 

scores were estimated as the sum of quadrants with pulmonary opacities extending from the 

proximal to the distal end of the chest and ranged from 0 and 4. Pulmonary opacity was 

visually estimated and assigned a percentage of pulmonary opacity area in the area of 

bilateral lungs, rounded to the nearest 5%. 

 

3.2.3 Statistical Analysis  

Variables  

Primary outcome variable was the occurrence of severe/critically ill case. Predictive variables 

included sex, age, exposure type, types of disease onset, initial symptoms, medical history, 

vital signs (including body temperature, heart rate (HR), respiratory rate, and peripheral 

capillary oxygen saturation (SpO2)), CT image parameters (including quadrant score and 

pulmonary opacity), and laboratory parameters (including white blood cells count, neutrophil, 

lymphocyte, platelet, albumin, creatinine, C-reactive protein, activated partial 

thromboplastin time, fibrinogen, and D-dimer). Those variables were measured at hospital 

admission. The other variables including supportive treatments and medical drugs were 
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collected during the follow-up period. 

 

Statistical Analysis 

Continuous variables were described using means (standard deviations, SD) or medians (with 

inter-quartile range, IQR) by disease severity and were compared using ANOVA or Kruskal-

Wallis tests as appropriate. Categorical variables were summarised using frequencies and 

percentages and compared using Fisher exact tests.  

Logistic regression models were used to identify the risk factors for having a severe or critically 

ill status. Analysis was performed in 2 steps. Firstly, a univariate logistic regression model was 

fitted for each variable based on completed cases. As there are many potential predictors, we 

chose the variables for univariate regression analysis if a variable is significant at 5%. 

Respiratory rate and SpO2 were not included in the regression analyses since they were part 

of criterion for classifying the disease severity. All variables selected for univariate regression 

analysis were also included in the second stage of the multivariate logistic regression. Missing 

covariates at admission were imputed with multiple imputation using a Markov Chain Monte 

Carlo simulation method with 10 iterations. In the logistic regression analysis, odds ratios (ORs) 

for having a disease progression for each variable were calculated along with 95% confidence 

intervals (CIs). A sensitivity analysis was performed on the completed cases. The 2-tailed 

P < 0.05 was considered as statistically significant for all analyses. The analyses were 

performed using SAS 9.4 (SAS Institute).     
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3.3 Results  

From the 10th January 2020 to 15th March 2020, 721 suspected cases with possible COVID-19 

were admitted in 24 hospitals in Jiangsu province, China, while 90 cases were excluded 

because of negative reverse transcriptase–polymerase chain reaction assay. 631 cases were 

diagnosed with COVID-19 totally. Of these, 625 (99.0%) had retrievable medical records and 

were included in the analysis (Figure 3.1).  

 

 

 

 

 

 

 

 

 

 

 

Figure 3.1 Study flow diagram 

 

Table 3.1 describes the characteristics of patients at the time of admission by disease severity 

and Table S3.1 provides a more detailed description of the five severity categories. 561 (89.8%) 

patients were asymptomatic/mild/moderate and 64 (10.2%) patients were severe or critically 

ill. Patients with severe/critically ill COVID-19 were more likely to be older and to be single 

onset (i.e. not to a cluster of cases in family/community). Patients with severe/critically ill 

721 suspected cases with possible COVID-19 were admitted in 24 

hospitals in Jiangsu province from January 10, 2020 to March 15, 2020 

631 cases with confirmed COVID-19  

 

90 cases excluded because real-time reverse transcriptase–

polymerase chain reaction assays showed negative 

625 COVID-19 cases included in the analysis  

6 cases excluded due to missing medical records  
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presentation were more likely to have a medical history of hypertension and diabetes. 

Patients with severe/critically ill COVID-19 on admission had higher temperature, faster 

respiratory rates, lower SpO2, and higher CT image quadrant scores and pulmonary opacity 

percentage (Table 3.1 and Table S3.1).  

 

Table 3.1 Demographic and clinical characteristics of patients with COVID-19 at admission* 

 Severe/Critically ill  

Category Characteristics 
Yes 

(N=64) 
No 

(N=561) 
All 

(N=625) P-value 

Demographic, , n/N(%), N,mean(SD) 

 Male 41/64(64.1%) 288/561(51.3%) 329/625(52.6%) 0.0534 

 Female 23/64(35.9%) 273/561(48.7%) 296/625(47.4%)  

 Age (year) 64,59.53(13.43) 561,42.72(16.73) 625,44.44(17.19) <.0001 

 ≤18 years 0/64(0.0%) 37/561(6.6%) 37/625(5.9%) <.0001 

 19-44 years 6/64(9.4%) 255/561(45.5%) 261/625(41.8%)  

 45-64 years 32/64(50.0%) 216/561(38.5%) 248/625(39.7%)  

 65+ years 26/64(40.6%) 53/561(9.4%) 79/625(12.6%)  

Exposure type, n/N(%) 

 Imported cases 25/64(39.1%) 194/561(34.6%) 219/625(35.0%) 0.4765 

 Local cases 39/64(60.9%) 367/561(65.4%) 406/625(65.0%)   

Types of disease onset, n/N(%) 

 Single onset 40/64(62.5%) 270/561(48.1%) 310/625(49.6%) 0.0294 

 Clustering onset 24/64(37.5%) 291/561(51.9%) 315/625(50.4%)   

Initial symptoms, n/N(%) 

 Fever 52/64(81.3%) 360/561(64.2%) 412/625(65.9%) 0.0063 

 Cough 44/64(68.8%) 300/561(53.5%) 344/625(55.0%) 0.0200 

 Sputum 25/64(39.1%) 141/561(25.1%) 166/625(26.6%) 0.0168 

Medical history, n/N(%) 

 Hypertension 19/64(29.7%) 72/561(12.8%) 91/625(14.6%) 0.0003 

 Diabetes 10/64(15.6%) 30/561(5.3%) 40/625(6.4%) 0.0015 

 Stroke 2/64(3.1%) 8/560(1.4%) 10/624(1.6%) 0.2736 

Vital signs, N,mean(SD) 

 Temperature (°C) 64,37.30(0.94) 561,37.02(0.70) 625,37.05(0.73) 0.0040 

 HR (bpm) 64,89.98(15.06) 561,86.84(13.25) 625,87.17(13.46) 0.0772 

https://www.thelancet.com/journals/lancet/article/PIIS0140-6736(09)61827-4/fulltext#tbl2
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 Severe/Critically ill  

Category Characteristics 
Yes 

(N=64) 
No 

(N=561) 
All 

(N=625) P-value 

 Respiratory rate (breath per 
min) 

64,20.98(4.87) 561,18.87(2.04) 625,19.08(2.56) <.0001 

 SpO2 (%) 64,95.53(4.70) 561,97.92(1.15) 625,97.68(1.99) <.0001 

CT image, N,median(IQR) 

  Quadrant score (1-4) 58,4.0(4.0-4.0) 438,2.0(1.0-4.0) 496,2.0(1.0-4.0) <.0001 

 Pulmonary opacity (%) 58,50.0(35.0-70.0) 438,20.0(5.0-30.0) 496,20.0(5.0-40.0) <.0001 

Laboratory test, N,median(IQR) 

 WBC Count (109/L) 52,4.3(3.4-5.8) 461,5.0(4.0-6.3) 513,4.9(3.9-6.2) 0.0440 

 Neutrophil (109/L) 52,2.9(2.0-4.4) 455,3.0(2.2-4.0) 507,3.0(2.2-4.0) 0.7435 

 Lymphocyte (109/L) 52,0.7(0.5-1.0) 453,1.4(1.0-1.8) 505,1.3(0.9-1.7) <.0001 

 Platelet (109/L) 48,154.0(118.0-185.0) 446,188.5(154.0-222.0) 494,183.5(151.0-219.0) <.0001 

  Albumin (g/L) 48,39.7(34.2-41.4) 432,42.0(38.0-45.7) 480,41.4(38.0-45.1) <.0001 

 Creatinine (umol/L) 49,64.0(51.0-83.0) 427,63.8(51.0-79.0) 476,63.9(51.0-79.0) 0.6950 

  C-reactive protein (mg/L) 44,40.1(8.6-92.7) 430,10.0(2.6-19.3) 474,10.0(2.7-22.6) <.0001 

  Activated partial 
thromboplastin time (s) 

54,32.6(28.5-36.5) 459,32.2(27.9-37.4) 513,32.2(28.0-37.2) 0.8158 

 Fibrinogen (g/L) 53,4.3(3.2-5.9) 443,3.4(2.7-4.1) 496,3.5(2.7-4.2) <.0001 

 D-dimer (mg/L) 51,0.3(0.2-1.0) 424,0.2(0.1-0.4) 475,0.2(0.1-0.4) 0.0003 

*Continuous variables: ANOVA or Kruskal-Wallis tests as appropriate; categorical variables: Fisher exact tests. 
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Table S3.1 Demographic and clinical characteristics of patients at admission by disease severity* 

 Disease severity, total, mean(SD) or total, median(IQR) or n/total(%)  

Category Characteristics 
Asymptomatic 

(N=24) 
Mild 

(N=35) 
Moderate 
(N=502) 

Severe 
(N=30) 

Critically ill 
(N=34) 

All 
(N=625) P-value 

Demographic Male 11/24(45.8%) 13/35(37.1%) 264/502(52.6%) 16/30(53.3%) 25/34(73.5%) 329/625(52.6%) 0.0416 

 Age (year) 24,36.75(24.91) 35,27.42(16.37) 502,44.07(15.70) 30,57.73(14.50) 34,61.12(12.40) 625,44.44(17.19) <.0001 

Exposure type Imported cases 3/24(12.5%) 11/35(31.4%) 180/502(35.9%) 14/30(46.7%) 11/34(32.4%) 219/625(35.0%) 0.0936 

 Local cases 21/24(87.5%) 24/35(68.6%) 322/502(64.1%) 16/30(53.3%) 23/34(67.6%) 406/625(65.0%)   

Types of disease onset Single onset 7/24(29.2%) 4/35(11.4%) 259/502(51.6%) 19/30(63.3%) 21/34(61.8%) 310/625(49.6%) <.0001 

 Clustering onset 17/24(70.8%) 31/35(88.6%) 243/502(48.4%) 11/30(36.7%) 13/34(38.2%) 315/625(50.4%)   

Initial symptoms Fever 0/24(0.0%) 11/35(31.4%) 349/502(69.5%) 27/30(90.0%) 25/34(73.5%) 412/625(65.9%) <.0001 

 Cough 0/24(0.0%) 18/35(51.4%) 282/502(56.2%) 19/30(63.3%) 25/34(73.5%) 344/625(55.0%) <.0001 

 Sputum 0/24(0.0%) 5/35(14.3%) 136/502(27.1%) 12/30(40.0%) 13/34(38.2%) 166/625(26.6%) 0.0005 

Medical history Hypertension 3/24(12.5%) 1/35(2.9%) 68/502(13.5%) 7/30(23.3%) 12/34(35.3%) 91/625(14.6%) 0.0018 

 Diabetes 3/24(12.5%) 0/35(0.0%) 27/502(5.4%) 4/30(13.3%) 6/34(17.6%) 40/625(6.4%) 0.0056 

Vital signs Temperature (°C) 24,36.63(0.40) 35,36.79(0.62) 502,37.06(0.71) 30,37.09(0.80) 34,37.49(1.02) 625,37.05(0.73) <.0001 

 HR (bpm) 24,85.33(14.87) 35,89.54(15.80) 502,86.73(12.98) 30,86.50(14.01) 34,93.06(15.49) 625,87.17(13.46) 0.0699 

 MAP (mmHg) 24,92.08(12.32) 35,92.31(12.40) 501,97.38(10.33) 30,93.78(11.48) 34,98.40(10.00) 624,96.77(10.67) 0.0035 

 Respiratory rate (breath per min) 24,19.0(18.0-20.0) 35,18.0(18.0-20.0) 502,18.0(18.0-20.0) 30,19.0(18.0-22.0) 34,20.0(18.0-23.0) 625,19.0(18.0-20.0) 0.0081 

 SpO2 (%) 24,98.0(98.0-99.0) 35,98.0(98.0-98.0) 502,98.0(98.0-99.0) 30,98.0(95.0-98.0) 34,97.0(93.0-98.0) 625,98.0(97.0-99.0) <.0001 

CT image Quadrant score (1-4) 14,0.0(0.0-1.0) 22,0.0(0.0-0.0) 402,2.0(1.0-4.0) 29,4.0(3.0-4.0) 29,4.0(4.0-4.0) 496,2.0(1.0-4.0) <.0001 

 Pulmonary opacity (%) 14,0.0(0.0-10.0) 22,0.0(0.0-0.0) 402,20.0(5.0-35.0) 29,50.0(30.0-70.0) 29,60.0(50.0-80.0) 496,20.0(5.0-40.0) <.0001 

*Continuous variables: ANOVA or Kruskal-Wallis tests as appropriate; categorical variables: Fisher exact tests.
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Cases with severe/critically ill presentation were more likely to have increased C-

reactive protein, fibrinogen, and D-dimer than asymptomatic/mild/moderate cases. 

Similarly, severe/critically ill cases had lower white blood cells, lymphocyte, and 

platelet counts and albumin (Table 3.1). As expected, severe cases were more likely to 

use supportive treatments and medical drugs, including antibiotics and antivirals, 

except interferon (Table 3.2).  

 

Table 3.2 Clinical management and outcome 

 

 n(%) or median(IQR)  

 Severe/Critically ill  

Category Clinical management and outcome 
Yes 

(N=64) 
No 

(N=561) 
All 

(N=625) P-value 

Supportive treatments Inotropic and vasoconstrictive agents 5(7.8%) 0(0.0%) 5(0.8%) <.0001 

 Nasal cannula 53(82.8%) 168(29.9%) 221(35.4%) <.0001 

 Mask 12(18.8%) 2(0.4%) 14(2.2%) <.0001 

 High-flow nasal cannula oxygen therapy 24(37.5%) 1(0.2%) 25(4.0%) <.0001 

 Non-invasive ventilation 34(53.1%) 0(0.0%) 34(5.4%) <.0001 

 Intermittent mandatory ventilation 5(7.8%) 0(0.0%) 5(0.8%) <.0001 

 Prone position 17(26.6%) 1(0.2%) 18(2.9%) <.0001 

 Continuous renal replacement therapy 1(1.6%) 0(0.0%) 1(0.2%) 0.1024 

 Extracorporeal membrane oxygenation 2(3.1%) 0(0.0%) 2(0.3%) 0.0103 

 Lung transplantation 2(3.1%) 0(0.0%) 2(0.3%) 0.0103 

Medical drugs Traditional Chinese medicine 29(45.3%) 69(12.3%) 98(15.7%) <.0001 

 Immunoglobulin 50(78.1%) 106(18.9%) 156(25.0%) <.0001 

 Interferon 47(73.4%) 456(81.3%) 503(80.5%) 0.1363 

 Antioxidants 35(54.7%) 117(20.9%) 152(24.3%) <.0001 

 Glucocorticoid 52(81.3%) 90(16.0%) 142(22.7%) <.0001 

 Thymosin 43(67.2%) 101(18.0%) 144(23.0%) <.0001 

 Neurotrophic drugs 21(32.8%) 81(14.4%) 102(16.3%) 0.0005 

 Any antibiotics 59(92.2%) 277(49.4%) 336(53.8%) <.0001 

 Any antivirals 64(100%) 516(92.0%) 580(92.8%) 0.0098 

Clinical outcome Death 0(0.0%) 0(0.0%) 0(0.0%) NC 

 Hospital stay 21.5(15.0-29.0) 15.0(12.0-21.0) 16.0(12.0-22.0) <.0001 
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None of the patients died and 625 (100%) of patients were discharged by the end of 

study (15th March 2020). The results from the univariate and multivariate logistic 

regression analyses are presented in Table 3.3. Factors independently associated with 

severe or critically ill infection included age (year) (OR 1.06, 95%CI 1.03-1.09), 

lymphocyte count (109/L) (OR 0.25, 95%CI 0.08-0.74), and pulmonary opacity in CT 

(per 5%) on admission (OR 1.31, 95%CI 1.15-1.51). Sensitivity analysis showed that 

they remained statistically significant in a logistic model with only above three 

variables based on the completed cases without missing data. 

 

Table 3.3 Factors associated with severe/critically ill in patients with COVID-19: Results from logistic regression analysis 

 

 Univariate analysis* Multivariate analysis** 

Variables 
Odds ratio 

(95%CI) P-value Odds ratio (95%CI) P-value 

Age (year) 1.07(1.05,1.09) <.0001 1.06(1.03,1.09) <.0001 

Single onset 1.80(1.05,3.06) 0.0311 0.92(0.43,1.96) 0.8275 

Fever 2.42(1.26,4.64) 0.0078 1.50(0.64,3.54) 0.3542 

Cough 1.91(1.10,3.33) 0.0216 1.24(0.54,2.87) 0.6110 

Sputum 1.91(1.12,3.27) 0.0183 1.12(0.48,2.60) 0.7994 

Hypertension 2.87(1.59,5.18) 0.0005 1.06(0.47,2.40) 0.8874 

Diabetes 3.28(1.52,7.07) 0.0025 1.64(0.52,5.22) 0.4004 

Temperature (°C) 1.59(1.15,2.19) 0.0046 0.95(0.61,1.47) 0.8133 

Lymphocyte (109/L) 0.03(0.01,0.08) <.0001 0.25(0.08,0.74) 0.0161 

Platelet (109/L) 0.99(0.98,0.99) 0.0003 1.00(0.99,1.00) 0.5147 

Albumin (g/L) 0.91(0.87,0.96) 0.0002 0.99(0.92,1.07) 0.8344 

C-reactive protein (mg/L) 1.02(1.01,1.02) <.0001 1.00(0.99,1.01) 0.9789 

Fibrinogen (g/L) 1.87(1.50,2.32) <.0001 1.04(0.72,1.49) 0.8327 

D-dimer (mg/L) 1.28(1.06,1.55) 0.0088 1.17(0.83,1.66) 0.3625 

Quadrant score (1-4) 2.28(1.71,3.05) <.0001 0.90(0.56,1.47) 0.6811 

Pulmonary opacity (per 5%) 1.38(1.28,1.49) <.0001 1.31(1.15,1.51) 0.0001 
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* Univariate analysis is based on the complete cases without missing value. 

** Multivariate analysis is based on imputed values for missing data in Lymphocyte, Platelet, Albumin, C-reactive protein, Fibrinogen, D-
dimer, Quadrant score and Pulmonary opacity using multiple imputation method. 

 

3.4 Discussion 

In this large multicentre cohort, 64 (10.2%) of 625 patients were severe or critically ill. 

This proportion of severe or critically ill cases is lower than the 17.7% reported among 

the 44 672 cases from Wuhan but similar to the 7.0% reported for areas outside Hubei 

province 51, which are lower than reported from several case series from Wuhan 

including 13 (32%) ICU admission among 41 cases with 6 (15%) deaths 48; 11 (11%) 

deaths among 99 cases 37; and 36 (26.1%) ICU admissions among 138 patients, with 6 

deaths (4.3%) 44. The lower proportion than that in Hubei is likely due to several factors, 

including more adequate medical resources, better disease recognition and testing 

capacity, earlier identification of asymptomatic and mild cases and a more informed 

supportive care in COVID-19-designated hospitals. The proportion of critically ill cases 

in early stage of COVID-19 outbreak in New York City, USA was much higher (22% [257]) 

213 than in China, with 14.2% treated in the ICU 200 and 23.6% required mechanical 

ventilation reported in other studies 214. Singapore also reported a higher proportion 

of severe cases in an early study (33.3% [6]) 215. A more recent study from USA 

reported 5.8% (7,162) of cases suffered from severe COVID-19 216, which is lower than 

in China. The proportions of severe COVID-19 in different countries vary a lot, which 

may result from quite different study designs, the COVID-19 outbreak stages when 

data were collected, population characteristics, health resources, government 

response measurements, et al. 

Despite this being a hospital-based study, some patients had no symptoms. This is 
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likely due to testing of contacts after the identification of an index case and the policy 

of hospitalization of all infected individuals at the initial stages of the epidemic, 

independently of the presence of symptoms. This study found that fever, cough, and 

sputum were very common among patients with COVID-19 and more frequent in 

patients with severely or critically illness. Similar to COVID-19, fever and cough are the 

most common symptoms of the other two diseases caused by coronavirus, i.e. severe 

acute respiratory syndrome (SARS) and Middle East respiratory syndrome (MERS) 217. 

Fever is a primary symptom for cytokine storms, with the production of high 

concentrations of cytokines stimulating abnormally excessive immune responses and 

inflammation 85,218-220. Vital signs showed severe or critically ill patients had higher 

body temperature and respiratory rate, and lower SpO2 on admission. SpO2 <90% has 

been used as a marker for the use of glucocorticoids during the outbreak 221, and the 

oxygenation saturation index is associated with ARDS severity and increased mortality 

222,223.  

Gender have no effect on severity of COVID-19 patients. Although early reports from 

Wuhan indicated more men than women had severe COVID-19, recent studies 

reported similar proportions of men and women admitted to ICUs 37,38,48, suggesting 

gender differences disappeared with higher incidence. Earlier reports may have 

included more males due to a higher occupational infection risk for males in the 

markets and congregation places 44.  

Our study found that age was independently associated with severe or critically ill 

presentation. Age is a well well-established factor for severe/critically ill COVID-19 

for individuals > 60, and especially over 80 years old 224,225. Similarly, previous reports 
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have indicated patients in ICUs are older than non-ICU patients 44, and that CFRs are 

higher among older individuals 37,38,48. Older patients also have faster disease 

progression than younger patients 226, which is similar to the MERS and SARS 

presentations, in which, older age (> 60 or 45) is associated with disease severity 

(MERS) 227,228, and mortality 229,230. Older age reflects a greater likelihood of 

underlying medical conditions such as hypertension and diabetes, which predisposes 

to immunological vulnerabilities. Also, age-related immunosenescence may also 

contribute to the severe disease 231. 

In Wuhan, many asymptomatic patients had abnormal lung CT findings on admission, 

which then progressed to diffuse ground-glass opacities and consolidation 232. In 

Jiangsu, several asymptomatic cases also had radiological changes presented as low 

quadrant scores and pulmonary opacity scores on admission and severe/critically-ill 

cases had higher CT quadrant and pulmonary opacity scores than moderate cases. Our 

study also identified pulmonary opacity as an independent predictor of severe/critical 

illness. This is consistent with the previous study reporting that the CT visual 

quantitative evaluation of acute lung inflammatory lesions involving each lobe in 

severe or critical cases was significantly higher than less severe cases 233. 

We found severe or critically ill patients had more obvious damage of white blood cells 

and immune cells such as lymphocytes with lymphocytes identified as an independent 

predictor of more severe disease. COVID-19 may cause the reduced T lymphocytes, 

especially CD4 + T and CD8 + T cells, leading to reduced IFN-γ production, which may 

be related to the severity of disease 234. In addition, severe or critically ill patients 

showed more serious organ dysfunction like reduced albumin on admission which may 
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be a sign of reduced liver production and increased gastrointestinal or renal loss, and 

increased fibrinogen on admission responding to systemic inflammation and tissue 

damage, and more fierce inflammatory response presented as much higher level of 

inflammatory markers, such as C-reactive protein 235-237. 

This study has several strengths. Firstly, this is one of the largest studies describing the 

clinical characteristics of patients with COVID-19 and risk factors for severe/critically 

ill infection outside the Wuhan, epicentre of the epidemic in China at the time of data 

collection for this study (from the 10th January 2020 to the 15th March 2020). Secondly, 

the cohort includes almost all COVID-19 cases in the province, which may have 

reduced selection bias. Thirdly, Jiangsu province, which is far from Hubei, provides an 

opportunity to assess the demographic, epidemiological, clinical, laboratory, and 

imaging features of cases imported from other provinces and local cases. Fourthly, 

asymptomatic and mild cases were included, which provides a more comprehensive 

description of the characteristics of COVID-19 cases with a broad spectrum of disease 

severity. 

There are also limitations that need mentioning. Firstly, laboratory and radiological 

data had a large amount of missing data preventing their integration in the analysis. 

Secondly, the predictive factors identified may be subject to uncontrolled confounders 

by unknown/unmeasured factors such as occupation and pregnancy. Medical staff 

and pregnant women may have different severity profiles. Thirdly, this is a 

retrospective observational study and data were susceptible to measurement and 

information bias.  

 



65 

 

3.5 Conclusion  

The first main chapter of this work (Chapter 3) demonstrates that patients with COVID-

19 in Jiangsu had a low rate of severe or critically ill presentation, with no deaths 

recorded. The COVID-19 severity is associated with epidemiological and clinical 

characteristics, laboratory test, and radiological findings. Age, lymphocyte count, and 

pulmonary opacity in CT on admission were independently associated with risk of 

severe or critically ill COVID-19 presentation. The information could understand 

patients with high risk of severe or critically ill COVID-19 and inform prevention and 

control activities and reduce mortality. 

Similarly, it may be helpful to further explore risk factors of deterioration, i.e. the 

dramatic progression from asymptomatic or mild or moderate status into severe or 

critically ill status during follow-up. Some patients may stay in asymptomatic or mild 

or moderate status while other patients may experience disease deterioration, from 

asymptomatic or mild or moderate status into severe or critically ill status. 

Understanding what factors may affect the deterioration and taking appropriate 

preventive measures may reduce the likelihood of deterioration. This will be done in 

the next chapter (Chapter 4). 
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Chapter 4 Disease progression in patients with COVID-19: a retrospective cohort 

study in China 

 

Chapter 3 provides insight into risk factors of being severe or critically ill status due to 

COVID-19. This helps in identifying patients with high risk of severe disease and taking 

early management measures. However, it is also worth investigating risk factors of 

another group, i.e. patients experiencing disease deterioration, from asymptomatic or 

mild or moderate status into severe or critically ill status. This may help prevent 

patients with asymptomatic or mild or moderate disease from progressing into severe 

disease and is the focus of this chapter (Chapter 4). 

 

4.1 Introduction 

The WHO declared COVID-19 a pandemic on 11 March 2020.1 During their clinical 

course, some patients experienced deterioration in clinical symptoms, and some cases 

progressed rapidly to acute respiratory distress syndrome (ARDS), septic shock, 

metabolic acidosis, coagulopathy, multi-organ system failure, death or other poor 

outcomes 41-43. A study on clinical course and mortality of adult inpatients with COVID-

19 in Wuhan, China, found that the mortality of severe and critically ill patients was 

respectively 22% and 78% 42. Another study has reported risk factors for progression 

from ARDS to death in patients with COVID-19 41. However, neither the pattern of 

disease progression from “moderate or less” status to “severe/critically-ill” status nor 

their associated factors has not been fully investigated in patients with COVID-19. 

Assessment of patterns of disease progression and identification of factors associated 
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with disease progression could help physicians to prospectively recognise patients at 

high risk of progression and help patients to avoid a crisis phase linked to oxygen 

desaturation profiles.  

This multicentre retrospective cohort study set out to describe the occurrence 

of disease progression in patients with COVID-19 and explore the factors associated 

with progression from “moderate or less” status to “severe or critical” illness. 

 

4.2 Methods  

4.2.1 Study design and participants  

This retrospective cohort study included all the patients who met the patient inclusion 

and exclusion criteria. Inclusion criteria were, as of 29 February 2020, all patients 

diagnosed with COVID-19 in Jiangsu according to the diagnostic criteria of “Diagnosis 

and Treatment Protocol for Novel Coronavirus Pneumonia (Trial Version 7)” released 

by China’s National Health Commission & National Administration of Traditional 

Chinese Medicine (Beijing, China) 212. The diagnosis of COVID-19 was based on 

epidemiological history, clinical manifestations, imaging manifestations of pneumonia 

in computer tomography (CT) scans and laboratory confirmation (positive real-time 

reverse transcription-polymerase chain reaction assays [RT-PCR]) 212. Exclusion criteria 

was medical records unavailability. For patients who presented to the hospital, those 

who had possible exposure to the severe acute respiratory syndrome coronavirus-2 

(SARS-CoV-2, the aetiological agent causing COVID-19) or had no identifiable exposure 

but clinical or imaging manifestations were tested for SARS-CoV-2. The discharge 

standard was that body temperature was normal for more than 3 days, symptoms 
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were relieved for patients with any symptoms and RT-PCR (throat swab samples, at 

least 1 day for sampling interval) showed negative for two consecutive times. 

 

4.2.2 Data collection and definition of variables 

The epidemiological, clinical, laboratory and radiological parameters were collected 

on admission. Data on disease severity were available at Days 1, 2, 3, 4, 5, 6, 7 and 14 

after admission, except for those who were discharged, and data on mortality and 

hospitalisation status were available until 29 February 2020. The primary outcome was 

disease deterioration, i.e., dramatic progression from “asymptomatic” or “mild or 

moderate” status on admission, to “severe or critically” ill status during 2 weeks’ 

follow-up. Dramatic progression in our study does not include fragile progression such 

as progression from “asymptomatic” to “mild” status or from “mild” status to 

“moderate” status or “severe” status to “critically ill” status. Two attending physicians 

were invited to determine disease severity. Asymptomatic infection was defined as 

the absence of clinical symptoms but a positive nucleic acid test result. Mild disease 

was defined as having mild clinical symptoms and the absence of imaging 

manifestations of pneumonia in CT scans. Moderate disease was defined as the 

presence of fever, respiratory tract symptoms or other symptoms and imaging 

manifestations. Severe disease was defined as the presence of at least one of the 

following: respiratory distress, respiratory rate ≥30 breaths/min, oxygen saturation in 

resting state (SpO2) ≤93%, or arterial blood oxygen partial pressure (PaO2)/fraction of 

inspired oxygen (FiO2) ≤300 mmHg (1 mmHg = 0.133 kPa). Critically ill was defined as 

having respiratory failure requiring mechanical ventilation, shock or combined organ 
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failure requiring intensive care unit (ICU) monitoring and treatment. 

All patients in Jiangsu underwent high-resolution CT thorax examination to 

determine lung lesions. CT images were assessed visually by two radiologists with 

more than 5 years of experience in chest imaging. The radiologists were blinded to the 

patient characteristics. Quadrant scores were the sum of the number of quadrants 

containing pulmonary opacities extending from the proximal to the distal end of the 

chest and had a score between 0 and 4. For pulmonary opacity, bilateral lungs were 

scored manually and assigned an estimated proportion of pulmonary opacity relative 

to the whole lung, rounded to the nearest 5%. 

 

4.2.3 Statistical analysis 

A summary table was generated to present dynamic patterns of disease progression 

in severity at each follow-up day by three categorised disease severity groups (1 = 

asymptomatic/mild, 2 = moderate and 3 = severe/critically ill) on admission. We also 

generated a table to present the disease progression to worst severity during 14-day 

hospitalisation among COVID-19 patients. Continuous variables were reported as 

means ± standard deviation (SD) or median (interquartile range [IQR]) by group 

(patients with and without disease deterioration) and compared using Student's t-test 

or Mann-Whitney U-test depending on their distributions. Categorical variables were 

summarised using frequency and percentage and compared using χ2 or Fisher’s Exact 

test. 

Logistic regression models were used to identify the risk factors for 

experiencing disease deterioration. Variables that were significant at the significance 

https://www.sciencedirect.com/topics/medicine-and-dentistry/thorax
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level of 5% in the univariate logistic regression analysis were included in the 

multivariate logistic regression. Missing covariates at admission were imputed in 

multivariate regression model analysis with multiple imputation using a Markov Chain 

Monte Carlo simulation method with 10 iterations. In the logistic regression analysis, 

odds ratios (ORs) for having a disease progression for each variable were calculated 

along with their 95% confidence intervals (CIs). Two-tailed P < 0.05 was considered 

statistically significant for all analyses. Analyses were performed using SAS 9.4 (SAS 

Institute, Cary, NC, USA). 

 

4.2.3 Ethics approval  

The study was approved by the Ethics Committee of Zhongda Hospital Affiliated to 

Southeast University, Zhongda, China (2020ZDSYLL013-P01 and 2020ZDSYLL019-P01). 

Requirement for patient informed consent was waived due to the retrospective study 

design. 

 

4.3 Results 

From 10 January to 29 February 2020, 721 presumptive cases of COVID-19 were 

admitted in 24 hospitals in Jiangsu Province, China; 90 were excluded because of 

negative RT-PCR result and 631 cases were diagnosed with COVID-19 in total. This 

study included 625 cases who had complete medical records (Figure 4.1). The median 

age was 46 years (IQR 32–57; range 0.75–96); 329 (52.6%) were male. No deaths were 

reported during the study.  
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Figure 4.1 Study flow diagram. RT-PCR = real-time reverse transcription-polymerase chain reaction. 

 

Supplementary Table S4.1 shows the dynamic patterns of disease progression 

by follow-up day among patients with COVID-19. On admission (Day 1), overall 109 

(17.4%) patients were asymptomatic or had mild status, 488 (78.1%) had moderate 

status and 28 (4.5%) were severely or critically ill. Overall, changes in disease severity 

from admission showed an increased proportion of moderate cases deteriorating into 

severe or critically ill cases, with 1.6% (n = 8) at Day 2 progressively increasing up to 

5.2% (n = 25) at Day 7. 

 

 

 

Possible COVID-19 cases admitted to 24 hospitals, Jiangsu 
Province, China, 10 January‒29 February 2020 

(n = 721) 

625 cases included in the analysis 
597 cases with asymptomatic, mild or moderate presentation 

included for primary outcome analysis 

Individuals excluded due to negative RT-PCR test results 
(n = 90) 

 
Cases with confirmed COVID-19  

(n = 631) 

Excluded due to missing medical records  

(n = 6) 
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Table S4.1 Disease progression by day among patients with COVID-19 

 

 Disease severity at Day 1  

Day Statistics Asymptomatic/Mild Moderate Severe/Critically ill All 

Day 2 n 109 488 28 625 

 Asymptomatic or mild 101(92.7%) 0(0.0%) 0(0.0%) 101(16.2%) 

 Moderate 7(6.4%) 480(98.4%) 0(0.0%) 487(77.9%) 

 Severe or critically ill 1(0.9%) 8(1.6%) 28(100%) 37(5.9%) 

Day 3 n 109 488 28 625 

 Asymptomatic or mild 90(82.6%) 6(1.2%) 0(0.0%) 96(15.4%) 

 Moderate 17(15.6%) 469(96.1%) 0(0.0%) 486(77.8%) 

 Severe or critically ill 2(1.8%) 13(2.7%) 28(100%) 43(6.9%) 

Day 4 n 109 488 28 625 

 Asymptomatic or mild 83(76.1%) 3(0.6%) 0(0.0%) 86(13.8%) 

 Moderate 24(22.0%) 465(95.3%) 0(0.0%) 489(78.2%) 

 Severe or critically ill 2(1.8%) 20(4.1%) 28(100%) 50(8.0%) 

Day 5 n 109 488 28 625 

 Asymptomatic or mild 77(70.6%) 8(1.6%) 0(0.0%) 85(13.6%) 

 Moderate 31(28.4%) 458(93.9%) 1(3.6%) 490(78.4%) 

 Severe or critically ill 1(0.9%) 22(4.5%) 27(96.4%) 50(8.0%) 

Day 6 n 105 481 28 614 

 Asymptomatic or mild 57(54.3%) 15(3.1%) 0(0.0%) 72(11.7%) 

 Moderate 48(45.7%) 443(92.1%) 4(14.3%) 495(80.6%) 

 Severe or critically ill 0(0.0%) 23(4.8%) 24(85.7%) 47(7.7%) 

Day 7 n 105 481 28 614 

 Asymptomatic or mild 76(72.4%) 20(4.2%) 0(0.0%) 96(15.6%) 

 Moderate 29(27.6%) 436(90.6%) 6(21.4%) 471(76.7%) 

 Severe or critically ill 0(0.0%) 25(5.2%) 22(78.6%) 47(7.7%) 

Day 14 n 65 328 24 417 

 Asymptomatic or mild 35(53.8%) 50(15.2%) 1(4.2%) 86(20.6%) 

 Moderate 30(46.2%) 260(79.3%) 10(41.7%) 300(71.9%) 

 Severe or critically ill 0(0.0%) 18(5.5%) 13(54.2%) 31(7.4%) 

 

Table 4.1 presents disease progression in severity from admission to the worst 

severity during the 14-day hospital stay among COVID-19 patients. Of the 625 patients, 

83.7% (n = 523) had a stable condition or became better during 14 days’ 

hospitalisation, whereas 16.3% (n = 102) patients progressed by at least one degree in 

disease severity. Some patients had disease deterioration, i.e., dramatic progression 



73 

 

from asymptomatic or mild or moderate status on admission, to severe or critically ill 

status, during 2 weeks of hospital stay. Of 597 patients, 36 (6%) had dramatic 

progression from Day 2 to 14 after admission. 

 

Table 1 Disease progression to worst severity during 2-week follow-up from admission among patients with COVID-19 

 

Severity at admission 

Worst severity during 2-week follow-up 

Asymptomatic 

n/N (%) 

Mild 

n/N (%) 

Moderate 

n/N (%) 

Severe 

n/N (%) 

Critically ill 

n/N (%) Total 

Asymptomatic 24/55 (44) 7/55 (13) 23/55 (42) 1/55 (2) 0/55 (0) 55 

Mild 0/54 (0) 28/54 (52) 25/54 (46) 1/54 (2) 0/54 (0) 54 

Moderate 0/488 (0) 0/488 (0) 454/488 (93) 19/488 (4) 15/488 (3) 488 

Severe 0/20 (0) 0/20 (0) 0/20 (0) 9/20 (45) 11/20 (55) 20 

Critically ill 0/8 (0) 0/8 (0) 0/8 (0) 0/8 (0) 8/8 (100) 8 

Total 24/625 (4) 35/625 (6) 502/625 (80) 30/625 (5) 34/625 (5) 625/625 (100) 

 

Compared to patients without dramatic progression (n = 561) during the 14-day 

hospitalisation, patients with dramatic progression (n = 36) were significantly older 

(mean age: 60.97 years, SD 12.67 vs. 42.72 years, SD 16.73; P < 0.0001); more likely to 

be imported cases who had a contact history with the pandemic centre in Wuhan 

(having been to or contacted with a visitor from Wuhan) (52.8% vs. 34.6%; P = 0.0272); 

more likely to have prior histories of hypertension (27.8% vs. 13.5%; P = 0.0184) and 

diabetes (16.7% vs. 5.3%; P = 0.0057); more likely to have lower mean SpO2 (97.17%, 

SD 1.81% vs. 97.92%, SD 1.15%; P = 0.0003); and more likely to have higher median CT 

quadrant score (4.0, IQR 0.0–4.0 vs. 2.0, IQR 0.0–4.0; P < 0.0001); and more likely to 

have higher median proportion of pulmonary opacity volume (50.0%, IQR 0.0–80.0 vs. 

20.0%, IQR 0.0–80.0; P < 0.0001) (Table 4.2). Patients with disease deterioration had 

also significantly lower median lymphocyte count (0.8 109/L, IQR 0.2–1.5 vs. 1.4 109/L, 
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IQR 0.3–3.6; P < 0.0001) and median platelet count (155.5 109/L, IQR 92.0–236.0 vs. 

188.5 109/L, IQR 51.0–530.0; P = 0.0004). In addition, patients with disease 

deterioration had significantly higher median levels of C-reactive protein (26.2 mg/L, 

IQR 0.5–250.4 vs. 10.0 mg/L, IQR 0.5–208.2; P = 0.0020) and median fibrinogen levels 

(4.2 g/L, IQR 1.5–7.0 vs. 3.4 g/L, IQR 0.9–8.2; P = 0.0175). 
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Table 4.2 Demographic and clinical characteristics of patients with COVID-19 at admission 

 

   Disease progression*  

Category Characteristics 

All 
(N = 597) 

n (%) 

Yes 
(N = 36) 

n (%) 

No 
(N = 561) 

n (%) P value† 

Demographic Male 309 (51.8) 21 (58.3) 288 (51.3) 0.4924 

 Age, years, mean ± SD 43.82 ± 17.07 60.97 ± 12.67 42.72 ± 16.73 <0.0001 

Exposure type Imported cases 213 (35.7) 19 (52.8) 194 (34.6) 0.0272 

 Local cases 384 (64.3) 17 (47.2) 367 (65.4)   

Types of disease onset Single onset 293 (49.1) 23 (63.9) 270 (48.1) 0.0667 

 Clustering onset 304 (50.9) 13 (36.1) 291 (51.9)   

Initial symptoms Fever 388 (65.0) 28 (77.8) 360 (64.2) 0.0971 

 Cough 322 (53.9) 22 (61.1) 300 (53.5) 0.3730 

 Sputum 153 (25.6) 12 (33.3) 141 (25.1) 0.2747 

Medical history Hypertension 86 (14.4) 10 (27.8) 76 (13.5) 0.0184 

 Diabetes 36 (6.0) 6 (16.7) 30 (5.3) 0.0057 

Vital signs, mean ± SD Temperature  37.04 ± 0.72 37.26 ± 0.89 37.02 ± 0.70 0.0507 

 HR, bpm 86.88 ± 13.39 87.39 ± 15.73 86.84 ± 13.25 0.8135 

 Respiratory rate, breaths per min  18.87 ± 2.05 19.00 ± 2.32 18.87 ± 2.04 0.7051 

 SpO2, % 97.88 ± 1.21 97.17 ± 1.81 97.92 ± 1.15 0.0003 

CT image, n; median [IQR] Quadrant score (1–4) 471; 2.0 [0.0–4.0] 33; 4.0 [0.0–4.0] 438; 2.0 [0.0–4.0] <0.0001 

 Pulmonary opacity, % 471; 20.0 [0.0–80.0] 33; 50.0 (0.0–80.0] 438; 20.0 (0.0–80.0] <0.0001 

Laboratory test, n; median [IQR] Lymphocyte, 109/L 481; 1.3 [0.2–3.6] 28; 0.8 [0.2–1.5] 453; 1.4 [0.3–3.6] <0.0001 

 Platelet, 109/L 472; 184.5 [51.0–530.0] 26; 155.5 [92.0–236.0] 446; 188.5 [51.0–530.0] 0.0004 

 C-reactive protein, mg/L 455; 10.0 [0.5–250.4] 25; 26.2 [0.5–250.4] 430; 10.0 [0.5–208.2] 0.0020 

 Fibrinogen, g/L 473; 3.4 [0.9–8.2] 30,; 4.2 [1.5–7.0] 443; 3.4 [0.9–8.2] 0.0175 
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*The primary outcome was disease deterioration, i.e., dramatic progression from asymptomatic or mild or moderate status on admission to severe or critically ill status at 2 weeks’ follow-up.  

†From testing whether these characteristics are different between patients with and without disease deterioration. 

SD = standard deviation; HR = heart rate; SpO2 = oxygen saturation; IQR = interquartile range. 
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Eleven variables were selected for univariate and multivariate logistic 

regression analyses (Table 4.3). For multivariable logistic regression model, four 

variables measured at admission were identified to be independently related to the 

occurrence of disease progression: age (in years) (OR 1.08, 95% CI 1.04–1.12; P < 

0.0001); pulmonary opacity score (per 5%) (OR 1.32, 95% CI 1.12–1.57; P = 0.0015); 

lymphocyte count (109/L) (OR 0.28, 95% CI 0.09–0.91; P = 0.0357); and imported cases 

(exposed to the pandemic centre in Wuhan) (OR 2.45, 95% CI 1.03–5.80; P = 0.0421).  

 

Table 4.3 Factors associated with disease progression in patients with COVID-19: results from logistic regression analysis (n = 597) 

 

 Univariate analysis* Multivariate analysis† 

Variables OR (95%CI) P value χ2  OR (95%CI) P value χ2‡  

Age, years 1.08 (1.05–1.11) <0.0001 33.0 1.08 (1.04–1.12) <0.0001 17.1 

Pulmonary opacity, per 5% 1.36 (1.24–1.49) <0.0001 41.7 1.32 (1.12–1.57) 0.0015 10.4 

Lymphocyte, 109/L 0.06 (0.02–0.18) <0.0001 23.6 0.28 (0.09–0.91) 0.0357 4.5 

Imported cases 2.11 (1.07–4.16) 0.0302 4.7 2.45 (1.03–5.80) 0.0421 4.1 

SpO2, per 5% 0.14 (0.04–0.41) 0.0004 12.4 0.31 (0.07–1.33) 0.1147 2.5 

Platelet, 109/L 0.99 (0.98–0.99) 0.0012 10.6 1.00 (0.99–1.00) 0.3187 1.0 

Diabetes 3.54 (1.37–9.16) 0.0091 6.8 1.84 (0.49–6.93) 0.3685 0.8 

Quadrant score (1–4) 2.45 (1.64–3.67) <0.0001 19.0 0.83 (0.47–1.47) 0.5275 0.4 

Fibrinogen, g/L 1.54 (1.16–2.04) 0.0029 8.9 0.91 (0.59–1.41) 0.6871 0.2 

C-reactive protein, mg/L 1.01 (1.01–1.02) 0.0002 13.7 1.00 (0.99–1.01) 0.7880 0.1 

Hypertension 2.99 (1.41–6.33) 0.0043 8.2 0.89 (0.33–2.40) 0.8138 0.1 

 

* Based on the complete cases without missing values. 

† Based on imputed values for missing data in quadrant score, pulmonary opacity score, lymphocyte, platelet, C-reactive protein and 
fibrinogen using multiple imputation method. 

‡ Factors are ranked according to χ2 values to indicate their relative importance. 

OR = odds ratio; CI = confidence interval; SpO2 = oxygen saturation. 

 

Supplementary Table S4.2 shows that oxygen was delivered to patients with 

disease deterioration via nasal cannulae (n = 31, 86.1%), simple face masks (n = 7, 

19.4%), high-flow nasal cannulae (n = 11, 30.6%) or in prone position (n = 6, 16.7%). 
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Ventilatory support was used in approximately 50% of patients with clinical 

progression. 

 

Table S4.2 Clinical management and outcome of patients with COVID-19 during hospital stay 

 

 Disease progression, n(%)  

Category Clinical management/outcome 
All 

(N=597) 
Yes 

(N=36) 
No 

(N=561) P-value 

Supportive treatments Inotropic and vasoconstrictive agents 4(0.7%) 4(11.1%) 0(0.0%) <.0001 

 Nasal cannula 199(33.3%) 31(86.1%) 168(29.9%) <.0001 

 Mask 9(1.5%) 7(19.4%) 2(0.4%) <.0001 

 High-flow nasal cannula oxygen therapy 12(2.0%) 11(30.6%) 1(0.2%) <.0001 

 Non-invasive ventilation 16(2.7%) 16(44.4%) 0(0.0%) <.0001 

 Invasive mechanical ventilation 3(0.5%) 3(8.3%) 0(0.0%) 0.0002 

 Prone position 7(1.2%) 6(16.7%) 1(0.2%) <.0001 

Medical drugs Chinese medicine 86(14.4%) 17(47.2%) 69(12.3%) <.0001 

 Immunoglobulin 133(22.3%) 27(75.0%) 106(18.9%) <.0001 

 Interferon 481(80.6%) 25(69.4%) 456(81.3%) 0.0857 

 Antioxidants 132(22.1%) 15(41.7%) 117(20.9%) 0.0063 

 Glucocorticoid 120(20.1%) 30(83.3%) 90(16.0%) <.0001 

 Thymosin 123(20.6%) 22(61.1%) 101(18.0%) <.0001 

 Neurotrophic drugs 94(15.7%) 13(36.1%) 81(14.4%) 0.0017 

 Any antibiotics 310(51.9%) 33(91.7%) 277(49.4%) <.0001 

 Any antivirals 552(92.5%) 36(100%) 516(92.0%) 0.0995 

Clinical outcome Death 0(0.0%) 0(0.0%) 0(0.0%) NC 

 ICU 20(3.4%) 19(52.8%) 1(0.2%) <.0001 

 Shock 0(0.0%) 0(0.0%) 0(0.0%) NC 

 Respiratory failure 32(5.4%) 31(86.1%) 1(0.2%) <.0001 

 Renal failure 1(0.2%) 1(2.8%) 0(0.0%) 0.0603 

 

4.4 Discussion 

This is one of the largest studies to describe disease progression in patients 

hospitalised with COVID-19, with 625 cases included. On admission to hospital, 17.4% 



79 

 

patients had asymptomatic or mild disease, 78.1% had moderate disease and 4.5% 

were severely or critically ill. During the study period (up to 29 February 2020) there 

were no deaths; 81.6% had been discharged, and fewer than 1% required ongoing ICU 

care. Jiangsu Province reported no deaths mainly due to the early recognition of high-

risk and critically ill patients, early intervention, hierarchical management strategies, 

and reasonable allocation of materials and human resources 58. 

We found that over four fifths of patients with COVID-19 had a stable or 

improving clinical course, with a minority deteriorating during a 14-day follow-up 

period. This is consistent with a previous study, which found that 2 weeks after 

admission, 14.1% (11) of patients had worsened status and 85.9% (n = 67) of patients 

had improved or stable status 238. Several studies showed clinical deterioration may 

occur within 2 weeks after onset of illness 42,48,239,240. In comparison, other zoonotic 

coronavirus diseases, such as severe acute respiratory syndrome (SARS) and Middle 

East respiratory syndrome (MERS), progress rapidly to respiratory failure and organ 

injury 241. Within 7 days of admission, CT scans showed clinical signs that 31% (n = 4) 

of patients progressed, while within 14 days, 85.7% (n = 54) of patients progressed 

232,242,243. 

Studies on SARS and MERS have suggested a tri-phasic pattern of disease 

progression, combined with time course of viral load. For SARS, Week 1 is associated 

with increasing viral load, which may be related to mild symptoms; Week 2 shows a 

fall in viral load, but a more severe clinical response and immunopathological damage 

(as a result of an overexuberant host response, rather than uncontrolled viral 

replication); and Phase 3 with either resolution of symptoms or further deterioration 
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244. MERS showed a similar pattern 245. For SARS-CoV-2, viral loads were reported to 

peak at around 5–6 days after symptom onset and a patient presented an extremely 

high viral load 246; viral loads in asymptomatic patients has been found to be similar to 

that in symptomatic patients 247. Except for severe cases, most of the patients with 

COVID-19 were able to clear the virus and their disease progression fits the biphasic 

model (i.e., first phase characterised by fever and other systemic symptoms, followed 

by symptoms relief in Week 2) 248. 

Our study found that only 6% (n = 36) patients experienced disease 

deterioration, i.e., progression from “moderate or less” status on admission, to 

“severe or critically” ill status within 2 weeks of admission. This study showed that 

features, including symptoms and abnormal radiological and laboratory presentation 

on admission, may be early signs of deterioration of respiratory, immune and the 

coagulation systems. In particular, age, pulmonary opacity score on CT, lymphocyte 

count and exposure to the pandemic centre in Wuhan were independent predictors 

for disease progression. This is in line with a study that identified several risk factors 

for disease progression of COVID-19, including age, respiratory failure and C-reactive 

protein levels 238. The severity of opacity evaluated from an initial CT scan of patients 

with COVID-19 was closely related to the progression of opacity presented in the 

subsequent CT, which are of value for monitoring disease progression 249. Old age and 

coagulation dysfunction were associated with progression from ARDS to death in 

patients with COVID-19 41. Old age and severe lymphopenia seem to be statistically 

significant in predicting clinical deterioration in patients with SARS 244,250. Patients who 

have been to Wuhan may have been exposed to a large amount of virus, so the disease 

may be more likely to deteriorate. 
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The progress and outcome of SARS may be associated with specific temporal 

patterns of development in combination with several non-specific signs and symptom 

complexes 251. Further study suggests that clinical progression at Week 2 may not be 

associated with uncontrolled viral replication, but with immunopathological damage 

244. This evidence indirectly supports our study results: symptoms and abnormal 

laboratory and radiological manifestations on admission provided early indicators for 

short-term immunopathological damage and progression of COVID-19. 

This cohort consisted of almost all COVID-19 patients in this province 

(population: over 80 million) and its results should be generalisable to other similar 

places outside Hubei Province. Our study also had some limitations. First, severity data 

were only available for the first 14 days of hospital stay, and we were unable to assess 

disease progression and its risk factors beyond this period. Second, as the data were 

collected retrospectively, we could not assess the impact of some important predictive 

variables such as clinical management before disease progression (e.g., oxygen 

support and drug treatments), viral load at admission (e.g., the quantity of viral RNA 

in blood), some other laboratory parameters (e.g., lactate dehydrogenase) and host 

genetic factors due to the lack of available data. As a result, observed risk factors may 

still be subject to unobserved confounders. 

 

4.5 Conclusion 

In this multicentre cohort of 625 patients with COVID-19, we found that 16.3% of 

patients experienced a deterioration in their clinical condition and 6% of patients with 

“moderate or less” status deteriorated to being “severe or critically ill”, but ultimately 
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survived. Age, pulmonary opacity score, lymphocyte count on admission and exposure 

to the pandemic centre in Wuhan were identified as independent risk factors for 

disease deterioration. Careful attention to these risk factors may help guide clinical 

care.  

Chapter 3 and Chapter 4 identify risk factors of being severe or critically ill 

status due to COVID-19, and risk factors of experiencing disease deterioration from 

asymptomatic or mild or moderate status into severe or critically ill status. These risk 

factors include some epidemiological and clinical characteristics, laboratory 

parameters, and radiological parameters. This helps health care providers and policy 

makers to pay more attention on patients with these factors to prevent patients from 

having severe disease or progressing from asymptomatic or mild or moderate disease 

into severe disease, and hence reduce the risk of death. Respiratory failure is one of 

the most severe illnesses that can occur after contracting COVID-19. Further research 

into risk factors of respiratory failure may provide some new insights, and the next 

chapter (Chapter 5) will do this. 
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Chapter 5 Respiratory failure among patients with COVID-19 in Jiangsu province, 

China: a multicentre retrospective cohort study 

 

Chapter 3 and Chapter 4 identify risk factors of two dangerous situations: being severe 

or critically ill status, and experiencing disease deterioration from asymptomatic or 

mild or moderate status into severe or critically ill status. Several factors such as age, 

pulmonary opacity score, lymphocyte count, and exposure to the pandemic centre 

were identified, which helps identifying patients with high risk of severe disease or 

disease deterioration, and hence taking early management measures. Based on these 

contents, this chapter (Chapter 5) aims to extend these studies by exploring the risk 

factors of respiratory failure, one of the most serious diseases caused by COVID-19, 

which deserves a better understanding. 

 

5.1 Introduction 

The major clinical effects of COVID-19 infection are on the respiratory system although 

other systems can be affected 45,46. COVID-19 may result in acute respiratory failure 

requiring mechanical ventilation and even leading to death 37,47-49. A study in Italy 

reported rates of respiratory failure as high as 29%-40% 59. The 28-day mortality could 

occur in 26%-30% of patients with COVID-19 who had respiratory failure necessitating 

invasive mechanical ventilation (IMV) 60. Since the COVID-19 pandemic is still evolving, 

the true mortality has not been defined, but the crude mortality ratio (the number of 

reported deaths divided by the number of reported cases) has been estimated to be 

3%-4%, which appears to be higher than that for influenza 56. However, the infection 
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mortality rate (the number of reported deaths divided by the number of infections) is 

lower than the crude mortality ratio; and the mortality rate varies among different 

regions, demographic and socioeconomic characteristics, levels of healthcare access 

and quality, intervention methods, and qualities of reported deaths and cases 56-58. 

Identifying risk factors of respiratory failure in patients with COVID-19 could help 

clinicians recognise patients at high risk of respiratory failure and hence take active 

treatment for them to prevent further worse outcomes and reduce emergency 

intubation or cardiopulmonary resuscitation to protect medical staff from related 

infections.  

For patients with COVID-19, risk factors of severe COVID-19, admission to intensive 

care unit (ICU) and death have been reported in many studies 252-255, but studies on 

risk factors of respiratory failure remain scarce. To the best of our knowledge, only 

two studies are available in the literature identifying the predictors of respiratory 

failure and both studies were conducted in Italy 59,199. However, demographic 

characteristics may vary across different countries, and the levels and risk factors of 

respiratory failure may also differ 200. Therefore, information on the respiratory failure 

in other settings than Italy will be of great academic and clinical value. 

Based on a large multicentre retrospective cohort with rich information on 

demographic, epidemiologic, clinical and laboratory features as well as CT imaging 

features, this study aims to assess the level and identify potential risk factors of 

respiratory failure in patients with COVID-19. 
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5.2 Methods 

5.2.1 Study Design and Participants 

The study design and participants have been described in our previous study 256. Here 

we briefly describe it. This is a retrospective multicentre cohort study. Patient 

inclusion criterion was as of 15th March 2020, all patients diagnosed with COVID-19 at 

24 hospitals designated to treat COVID-19 in Jiangsu province, China according to the 

diagnostic criteria of the “Diagnosis and treatment protocol for novel coronavirus 

pneumonia (trial version 7)” released by National Health Commission and National 

Administration of Traditional Chinese Medicine of China 212. The diagnosis of COVID-

19 was based on epidemiological history, clinical and CT manifestations, and 

laboratory confirmation (real–time reverse transcriptase–polymerase chain reaction 

assays [RT-PCR] to detect etiological agent severe acute respiratory syndrome 

coronavirus-2, SARS-CoV-2, which caused COVID-19) 58,212. The exclusion criterion was 

patients with no available medical records. The criteria for discharge were: the 

patient's body temperature remained normal for more than 3 days, the symptoms 

were relieved (if there were symptoms), and the results of two consecutive RT-PCR 

assays were negative (throat swab samples, at least 1 day apart). 

 

5.2.2 Data collection and definition of variables 

The primary outcome was the occurrence of acute respiratory failure during 14-day 

follow-up (days 1, 2, 3, 4, 5, 6, 7 and 14 from admission). The respiratory failure was 

defined as oxygen saturation (SpO2) <93% and/or partial pressure of oxygen in arterial 

blood (PaO2) <60 mmHg on room air and/or requirement of high-flow nasal cannula 
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oxygen therapy (HFNC), non-invasive or invasive mechanical ventilation. Type 1 

(hypoxemic) respiratory failure refers to the hypoxemia (PaO2 <60 mmHg [8 kPa]) with 

the normal (normocapnia) or low (hypocapnia) partial pressure of carbon dioxide 

(PaCO2) in arterial blood. Type 2 (hypercapnic) respiratory failure refers to the 

hypoxemia with the hypercapnia (PaCO2 >45 mm Hg [6 kPa]).  

Demographic features analysed in this study included sex and age (year). 

Epidemiologic features included exposure types (imported case or local case) and 

types of disease onset (single onset or clustered onset). Clinical features included 

initial symptoms (fever, cough, sputum, shortness of breath, anorexia, and diarrhoea), 

medical history (hypertension, coronary heart disease, diabetes, stroke, smoking, and 

drinking), and vital signs (temperature [°C], heart rate [HR, beats/minute], systolic 

blood pressure [SBP, mmHg], diastolic blood pressure [DBP, mmHg], respiratory rate 

[breaths/minute], and SpO2 [%]). Laboratory features included blood test parameters 

(white blood cell count [WBC, 109/L], neutrophil count [109/L], lymphocyte count 

[109/L], haemoglobin [g/L], and platelet count [109/L]), organ function parameters 

(albumin [g/L] and creatinine [umol/L]), inflammatory factors (C-reactive protein 

[mg/L]), and coagulation function parameters (activated partial thromboplastin time 

[APTT, s], fibrinogen [g/L], and D-dimer [mg/L]). Radiologic features included lesion 

distribution (outer third of lung involved, middle third of lung involved, or inner third 

of lung involved), lesion density (below 20% consolidation, 20% to 80% consolidation, 

or above 80% consolidation), lesion border (well-defined border, moderately defined 

border, or ill-defined border), quadrant score, and pulmonary opacity score. Data of 

features listed above were collected at admission. Data of treatments (supportive 

treatments and medication) were obtained within the whole study period.  
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Imported cases were defined as those who had been to the pandemic centre of China 

(Wuhan city), or had contact with people or patients with COVID-19 who had been to 

Wuhan; and other cases were classified as “local cases”. A clustered onset is defined 

as the occurrence of two or more confirmed COVID-19 cases in the same cluster/group 

within 14 days, such as family, community, hospital, workplace or public place. A 

clustered onset may occur from interpersonal transmission via close contact with or 

joint contact with a confirmed COVID-19 case. Other cases not meeting the criteria for 

a clustered onset were classified as “single onset”. 

Radiologic features were evaluated visually, by two radiologists with more than 5 

years’ working experience. The radiologists were blinded to patients’ other 

characteristics and would reach agreements on different assessments of radiologic 

features. Chest CT axial sections were divided into four quadrants (left, right, anterior 

and posterior) by drawing horizontal and vertical lines through the centre of the chest. 

The quadrant score was defined as the number of quadrants with pulmonary opacities 

extending from the proximal end to the distal end of the chest, ranging from 0 to 4; 

and pulmonary opacity score was defined as the percentage of pulmonary opacity 

area in the area of bilateral lungs, rounded to the nearest 5%. 

 

5.2.3 Statistical analysis 

Normally distributed continuous variables and skewed distributed continuous 

variables of patients were reported as mean (standard deviation, SD) and median 

(interquartile range, IQR) by group (patients with and without respiratory failure) and 

compared using Student's t-test or Mann-Whitney U test, respectively. Categorical 
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variables were summarised using frequency and percentage and compared by χ2 or 

Fisher exact test.  

Logistic regression models were used to identify risk factors of having respiratory 

failure. Univariate logistic regression models were fitted first to evaluate associations 

between each variable measured at admission and respiratory failure on the complete 

cases (without missing value). Variables that were statistically significant in the 

univariate analysis were then included in the multivariate logistic regression model. In 

the multivariate analysis, missing covariates were imputed with multiple imputation 

using a Markov Chain Monte Carlo simulation method with 10 iterations. A sensitivity 

analysis was performed on complete cases. Odds ratio (OR) of having respiratory 

failure for each variable was calculated along with 95% confidence interval (CI). The 2-

tailed P < 0.05 was considered as statistically significant. The analyses were performed 

using SAS 9.4 (SAS Institute). 

 

5.3 Results 

Of the 721 suspected cases with possible COVID-19 in Jiangsu province from 10th 

January to 15th March 2020, 90 cases were excluded since RT-PCR tests showed 

negative results and 6 cases were excluded due to no available medical records. Finally 

625 cases (52.6% male; median age 46 years old [IQR 32-57]) in 24 hospitals were 

included for analysis, mainly from the Second Hospital of Nanjing, Suzhou Infectious 

Disease Hospital and Huai'an No.4 People's Hospital (113 [18.1%], 86 [13.8%] and 79 

[12.6%], respectively). The remaining cases were disproportionately from the other 

hospitals. The hospital to which a patient was admitted was mainly determined by 
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geographic location. Of the 625 patients, 56 (9%) had respiratory failure, mainly type 

I (hypoxemic). At the study end point (15th March 2020), no patients died and all 

patients were discharged from hospitals.  

At admission to hospital, compared with patients without respiratory failure, those 

with respiratory failure were significantly older (mean age 59.70 vs. 42.93 years, P < 

0.0001); were more likely to be single onset (62.5% vs. 48.3%, P = 0.0498); were more 

likely to have symptoms including fever (82.1% vs. 64.3%, P = 0.0074), cough (71.4% 

vs. 53.4%, P = 0.0110), sputum (42.9% vs 25.0%, P = 0.0064), and shortness of breath 

(12.5% vs. 2.3%, P = 0.0010); were more likely to have prior histories of hypertension 

(32.1% vs. 13.9%, P = 0.0014), coronary heart disease (7.1% vs. 1.6%, P = 0.0224), and 

diabetes (17.9% vs. 5.3%, P = 0.0015); had higher mean temperature (37.25 vs. 

37.03 °C, P = 0.0347), greater mean heart rate (90.71 vs. 86.82 beats/minute, P = 

0.0387), greater mean respiratory rate (21.13 vs. 18.88 breaths/minute, P < 0.0001), 

and lower mean SpO2 (95.27% vs. 97.92%, P < 0.0001) (Table 5.1). 

 

Table 5.1 Epidemiological and clinical characteristics of patients at admission 

 

 Respiratory failure  

Category Characteristics 
All 

(N=625) 
Yes 

(N=56) 
No 

(N=569) P-value 

Demographic Male, n(%) 329(52.6%) 36(64.3%) 293(51.5%) 0.0700 

 Age (year), mean(SD) 44.44(17.21) 59.70(13.55) 42.93(16.80) <.0001 

Exposure type, n(%) Imported case 219(35.0%) 23(41.1%) 196(34.4%) 0.3784 

 Local case 406(65.0%) 33(58.9%) 373(65.6%)   

Types of disease onset, n(%) Single onset 310(49.6%) 35(62.5%) 275(48.3%) 0.0498 

 Clustered onset 315(50.4%) 21(37.5%) 294(51.7%)   

Initial symptoms, n(%) Fever 412(65.9%) 46(82.1%) 366(64.3%) 0.0074 

 Cough 344(55.0%) 40(71.4%) 304(53.4%) 0.0110 
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 Respiratory failure  

Category Characteristics 
All 

(N=625) 
Yes 

(N=56) 
No 

(N=569) P-value 

 Sputum 166(26.6%) 24(42.9%) 142(25.0%) 0.0064 

 Shortness of breath 20(3.2%) 7(12.5%) 13(2.3%) 0.0010 

 Anorexia 13(2.1%) 1(1.8%) 12(2.1%) 1.0000 

 Diarrhoea 53(8.5%) 6(10.9%) 47(8.3%) 0.4516 

Medical history, n(%) Hypertension 97(15.5%) 18(32.1%) 79(13.9%) 0.0014 

 Coronary heart disease 13(2.1%) 4(7.1%) 9(1.6%) 0.0224 

 Diabetes 40(6.4%) 10(17.9%) 30(5.3%) 0.0015 

 Stroke 9(1.4%) 2(3.6%) 7(1.2%) 0.1900 

 Smoke 25(4.0%) 0(0.0%) 25(4.4%) 0.1547 

 Drinking 30(4.8%) 1(1.8%) 29(5.1%) 0.5066 

Vital signs, mean(SD) Temperature (°C) 37.05(0.73) 37.25(0.90) 37.03(0.71) 0.0347 

 HR (beats/minute) 87.17(13.46) 90.71(15.24) 86.82(13.24) 0.0387 

 SBP (mmHg) 128.83(15.66) 131.16(18.89) 128.60(15.31) 0.2430 

 DBP (mmHg) 81.47(10.51) 78.95(9.67) 81.72(10.57) 0.0596 

 Respiratory rate (breaths/minute) 19.08(2.56) 21.13(5.03) 18.88(2.07) <.0001 

 SpO2 (%) 97.68(1.99) 95.27(4.95) 97.92(1.16) <.0001 

 

SD, standard deviation; HR, heart rate; SBP, systolic blood pressure; DBP, diastolic blood; SpO2, peripheral capillary oxygen saturation. 

 

Patients with respiratory failure had significantly lower median lymphocyte count 

(0.7*109/L vs. 1.3*109/L, P < 0.0001), median platelet count (155.5*109/L vs. 

186.5*109/L, P = 0.0008), and median albumin levels (40.0 vs. 41.9 g/L, P = 0.0005). In 

addition, patients with respiratory failure had significantly higher median levels of C-

reactive protein (40.6 vs. 10.0 mg/L, P < 0.0001), median fibrinogen levels (4.3 vs. 3.4 

g/L, P < 0.0001), and median D-dimer levels (0.3 vs. 0.2 mg/L, P = 0.0004) (Table 5.2). 
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Table 5.2 Laboratory parameters at hospital admission 

 

 N,median(IQR)  

 Respiratory failure  

Category Parameters All Yes No P-value 

Blood test WBC count (109/L) 513,4.9(3.9-6.2) 45,4.5(3.4-5.8) 468,4.9(3.9-6.3) 0.1742 

 Neutrophil (109/L) 507,3.0(2.2-4.0) 45,3.1(2.1-4.6) 462,3.0(2.2-4.0) 0.3912 

 Lymphocyte (109/L) 505,1.3(0.9-1.7) 45,0.7(0.5-0.9) 460,1.3(1.0-1.8) <.0001 

 Haemoglobin (g/L) 510,137.0(124.0-150.0) 43,129.0(121.0-142.0) 467,137.0(124.0-150.0) 0.0772 

 Platelet (109/L) 494,183.5(151.0-219.0) 40,155.5(121.5-188.5) 454,186.5(153.0-220.0) 0.0008 

Organ function Albumin (g/L) 480,41.4(38.0-45.1) 41,40.0(34.0-41.4) 439,41.9(38.0-45.6) 0.0005 

 Creatinine (umol/L) 476,63.9(51.0-79.0) 42,62.4(49.1-85.0) 434,64.0(51.0-78.8) 0.9785 

Inflammatory factors C-reactive protein (mg/L) 474,10.0(2.7-22.6) 39,40.6(7.6-106.6) 435,10.0(2.6-19.7) <.0001 

Coagulation function APTT (s) 513,32.2(28.0-37.2) 47,32.0(28.0-36.6) 466,32.2(28.0-37.3) 0.7284 

 Fibrinogen (g/L) 496,3.5(2.7-4.2) 46,4.3(3.0-6.1) 450,3.4(2.7-4.2) <.0001 

 D-dimer (mg/L) 475,0.2(0.1-0.4) 44,0.3(0.2-1.1) 431,0.2(0.1-0.4) 0.0004 

 

IQR, inter-quartile range; WBC, white blood cell; APTT, activated partial thromboplastin time. 

 

For visually evaluated CT features at hospital admission, patients with respiratory 

failure had significantly greater median of CT quadrant score (4.00 vs. 2.00, P < 0.0001) 

and median of pulmonary opacity score (52.50% vs. 20.00%, P < 0.0001) (Table 5.3). 

 

Table 5.3 Visually evaluated CT features at hospital admission 

 

  Respiratory failure, n(%) or median(IQR)  

Category Measurements All Yes No P-value 

Lesion distribution* Outer third of lung involved 400(82.6%) 39(84.8%) 361(82.4%) 0.6873 

 Middle third of lung involved 278(57.4%) 27(58.7%) 251(57.3%) 0.8561 

 Inner third of lung involved 123(25.4%) 17(37.0%) 106(24.2%) 0.0587 

Lesion density* Below 20% consolidation 205(42.4%) 21(45.7%) 184(42.0%) 0.6343 

 20% to 80% consolidation 89(18.4%) 10(21.7%) 79(18.0%) 0.5375 

 Above 80% consolidation 116(24.0%) 9(19.6%) 107(24.4%) 0.4622 

Lesion border* Well-defined border 90(18.6%) 9(19.6%) 81(18.5%) 0.8589 
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  Respiratory failure, n(%) or median(IQR)  

Category Measurements All Yes No P-value 

 Moderately defined border 82(16.9%) 8(17.4%) 74(16.9%) 0.9320 

 Ill-defined border 235(48.6%) 23(50.0%) 212(48.4%) 0.8365 

Other findings** Quadrant score (0-4) 2.00(1.00-4.00) 4.00(4.00-4.00) 2.00(1.00-4.00) <.0001 

 Pulmonary opacity (%) 20.00(5.00-40.00) 52.50(35.00-75.00) 20.00(5.00-35.00) <.0001 

      

 

 * The total number of cases is 484 (43 respiratory failures and 441 no respiratory failures) 

** The total number of cases is 496 (47 respiratory failures and 449 no respiratory failures). 

CT, computer tomography; IQR, inter-quartile range. 

 

Oxygen was delivered to patients with respiratory failure via nasal cannula (80.4%), 

simple face masks (23.2%), HFNC (39.3%), non-invasive mechanical ventilation (NIV) 

(53.6%), IMV (8.9%), and in prone position (30.4%) (Table 5.4). Patients with 

respiratory failure were more likely to receive supportive treatments and medications 

(all P < 0.05), except for the interferon. 

 

Table 5.4 Clinical management during hospitalisation 

 

 Respiratory failure  

Category Clinical management 
All 

(N=625) 
Yes 

(N=56) 
No 

(N=569) P-value 

Supportive treatments, n(%) Inotropic and vasoconstrictive agents 5(0.8%) 5(8.9%) 0(0.0%) <.0001 

 Nasal cannula 221(35.4%) 45(80.4%) 176(30.9%) <.0001 

 Mask 14(2.2%) 13(23.2%) 1(0.2%) <.0001 

 High-flow nasal cannula oxygen therapy 25(4.0%) 22(39.3%) 3(0.5%) <.0001 

 Non-invasive ventilation 34(5.4%) 30(53.6%) 4(0.7%) <.0001 

 Invasive mechanical ventilation 5(0.8%) 5(8.9%) 0(0.0%) <.0001 

 Prone position 18(2.9%) 17(30.4%) 1(0.2%) <.0001 

Medical drugs, n(%) Traditional Chinese medicine 98(15.7%) 29(51.8%) 69(12.1%) <.0001 

 Immunoglobulin 156(25.0%) 41(73.2%) 115(20.2%) <.0001 

 Interferon 503(80.5%) 40(71.4%) 463(81.4%) 0.0787 
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 Respiratory failure  

Category Clinical management 
All 

(N=625) 
Yes 

(N=56) 
No 

(N=569) P-value 

 Antioxidants 152(24.3%) 30(53.6%) 122(21.4%) <.0001 

 Glucocorticoid 142(22.7%) 48(85.7%) 94(16.5%) <.0001 

 Thymosin 144(23.0%) 35(62.5%) 109(19.2%) <.0001 

 Neurotrophic drugs 102(16.3%) 19(33.9%) 83(14.6%) 0.0009 

 Any antibiotics 336(53.8%) 53(94.6%) 283(49.7%) <.0001 

 Any antivirals 580(92.8%) 56(100%) 524(92.1%) 0.0258 

 

Twenty variables at admission were found to be related to the occurrence of 

respiratory failure in univariate logistic regression analysis (Table 5.5). When they 

were included in the multivariate logistic regression model simultaneously, four 

variables were independently related to the occurrence of respiratory failure: age (in 

years) (OR, 1.07; 95% CI: 1.03–1.10; P = 0.0002), respiratory rate (breaths/minute) (OR, 

1.23; 95% CI: 1.08–1.40; P = 0.0020), lymphocyte count (109/L) (OR, 0.18; 95% CI: 

0.05–0.69; P = 0.0157), and pulmonary opacity score (per 5%) (OR, 1.38; 95% CI: 1.19–

1.61; P < 0.0001). 

 

Table 5.5 Factors associated with respiratory failure in patients with COVID-19: Results from logistic regression analysis 

 

 Univariate analysis* Multivariate analysis** 

Variables OR (95%CI) P-value OR (95%CI) P-value 

Age (year) 1.07(1.05,1.09) <.0001 1.07(1.03,1.10) 0.0002 

Clustered onset 0.56(0.32,0.99) 0.0453 1.11(0.45,2.71) 0.8202 

Fever 2.55(1.26,5.16) 0.0092 1.69(0.60,4.71) 0.3176 

Cough 2.18(1.19,3.98) 0.0113 1.20(0.46,3.16) 0.7081 

Sputum 2.26(1.29,3.96) 0.0046 1.45(0.55,3.86) 0.4520 

Shortness of breath 6.11(2.33,16.02) 0.0002 0.82(0.15,4.59) 0.8242 

Hypertension 2.94(1.60,5.40) 0.0005 0.80(0.30,2.13) 0.6589 

Diabetes 3.91(1.80,8.49) 0.0006 2.13(0.59,7.68) 0.2469 
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 Univariate analysis* Multivariate analysis** 

Variables OR (95%CI) P-value OR (95%CI) P-value 

Coronary heart disease 4.79(1.43,16.08) 0.0113 4.60(0.78,27.20) 0.0925 

Temperature (°C) 1.44(1.02,2.03) 0.0362 0.67(0.39,1.17) 0.1607 

HR (beats/minute) 1.02(1.00,1.04) 0.0394 1.00(0.96,1.03) 0.7733 

Respiratory rate (breaths/minute) 1.25(1.15,1.37) <.0001 1.23(1.08,1.40) 0.0020 

Lymphocyte (109/L) 0.02(0.01,0.07) <.0001 0.18(0.05,0.69) 0.0157 

Platelet (109/L) 0.99(0.98,1.00) 0.0026 1.00(0.99,1.01) 0.9590 

Albumin (g/L) 0.92(0.87,0.96) 0.0007 1.02(0.93,1.11) 0.7318 

C-reactive protein (mg/L) 1.02(1.01,1.03) <.0001 1.00(0.99,1.01) 0.6707 

Fibrinogen (g/L) 1.88(1.50,2.37) <.0001 0.95(0.64,1.41) 0.8005 

D-dimer (mg/L) 1.33(1.10,1.60) 0.0035 1.15(0.78,1.71) 0.4824 

Quadrant score (0-4) 2.37(1.71,3.28) <.0001 0.80(0.46,1.40) 0.4331 

Pulmonary opacity (per 5%) 1.40(1.29,1.52) <.0001 1.38(1.19,1.61) <.0001 

 

* Univariate analysis is based on the complete cases without missing value. 

** Multivariate analysis is based on imputed values for missing data in lymphocyte, platelet, albumin, C-reactive protein, fibrinogen, D-
dimer, quadrant score and pulmonary opacity using multiple imputation method. 

OR, odds ratio; CI, confidence interval; HR, heart rate. 

 

The sensitivity logistic regression model with only above four significant variables was 

estimated on complete cases (without missing data), and these variables remained 

statistically significant. 

 

5.4 Discussion 

This study assessed the level and risk factors of respiratory failure among patients with 

COVID-19. During the 14-day follow-up, 9% (56 out of 625) of patients with COVID-19 

suffered from respiratory failure (mainly type I, hypoxemic) in Jiangsu province, China. 

At the end of the study (15th March 2020), no patients died and all patients were 

discharged from hospitals. Among many factors explored in this study, four of them 
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(older age, increased respiratory rate, decreased lymphocyte count and greater 

pulmonary opacity score) were identified as independent risk factors of respiratory 

failure after controlling for other confounders. Therefore, patients with such factors 

need to be carefully and thoroughly managed by physicians.  

Jiangsu province is non-neighbouring with and geographically distant around 600 km 

from Hubei province, where Wuhan city (the epicentre of COVID-19 pandemic in China) 

located in. The rate of respiratory failure in Jiangsu province is similar to the figure in 

the national report from China 109,257 but this rate is much lower than reported earlier 

in Wuhan city (26%–32%) 48,238. This may be due to the early responses and measures 

adopted by the Jiangsu provincial health authorities to deal with the disease during 

the pandemic, including more adequate medical resources, deeper understanding and 

better management of respiratory failure for patients with COVID-19 58. The rate of 

respiratory failure in this study is also lower than reported in other countries, including 

Italy (29%–40%) 59 and the United States (~14%) 200, which may result from variable 

population demographics 200, and the early identification and early treatment of 

patients at high risk of respiratory failure in Jiangsu province 58. 

Our study found that age was associated with respiratory failure. This is consistent 

with previous studies reporting that middle-aged and elderly patients with COVID-19 

were susceptible to respiratory failure 47,59, and is also similar to the results for 

patients with severe acute respiratory syndrome (SARS) 258-260. A previous study 

showed that the older population have a higher incidence of comorbidities and hence 

possible poorer immune response to COVID-19 and poorer clinical outcomes 261. This 

study also found that patients with respiratory failure tended to have more 
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comorbidities including hypertension, coronary heart disease and diabetes.  

Increased respiratory rate as a risk factor of respiratory failure identified in this study 

is simple and convenient to apply for clinicians in their practice. This result is 

consistent with previous studies 59,262.  

In our study, reduced lymphocyte count at admission was strongly associated with 

respiratory failure. Previous studies also show that the lymphocyte count of COVID-19 

patients admitted to the ICU continued to decline 38,44, and the reduced lymphocyte 

count was a risk factor for respiratory failure 59. Reduced lymphocytes may be part of 

the pathogenesis of COVID-19 27,263. Therefore, more attention needs to be paid to 

patients whose lymphocyte count decline more severely. Laboratory abnormalities 

including lymphopenia have been previously reported in severe cases of other 

respiratory viral diseases, including SARS, Middle East respiratory syndrome (MERS), 

and influenza 228,258,264-266. 

All radiologic images collected in our study were CT which have the advantage of high-

resolution transversal imaging and accurate display of the extent and range of lung 

lesions. The potential measurement bias and misclassification bias resulted from 

visual assessment of CT images were controlled by double assessments of CT images 

by two independent radiologists with more than 5 years’ experience in pulmonary 

imaging, and by discussion and reaching agreements on different assessment results. 

This study showed that the pulmonary opacity score, one of the radiologic features, 

was strongly and independently associated with respiratory failure in patients with 

COVID-19, indicating that the more severe abnormality of lung function is an 

important factor to identify patients at high risks of respiratory failure. Former studies 
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demonstrate that CT lung lesions can predict death and ICU admission in patients with 

COVID-19 253,267. On the other hand, this study shows that between patients with and 

without respiratory failure, there were no significant differences in the distribution of 

lung lesions (both were more likely to involve the outer third of lungs), lesion density 

(both were more likely to have less than 20% of consolidation of lungs), and lesion 

boundary definition (both were more likely to have the ill-defined border of lungs). 

In Jiangsu province with adequate medical material and human resources, all COVID-

19 patients with respiratory failure received ICU monitoring. In comparison, due to 

limited resources at disease outbreak in Spain, some comorbid patients with 

respiratory failure requiring mechanical ventilation and ICU treatment did not receive 

these treatments which were reserved for non-comorbid patients, hence a large 

number of patients with respiratory failure finally died 268. For similar settings with 

limited resources, the experience in Jiangsu province may be beneficial to COVID-19 

patients with respiratory failure: in Jiangsu, a large proportion of patients with 

respiratory failure conducted prone position (30%) and received HFNC (40%) or NIV 

(~50%), which help reduce the further use of IMV (~10%) and mortality (no death 

occurred and all patients were discharged at the end of the study). This confirms the 

findings from several previous small studies 269,270. 

This study addressed several limitations of previous studies by (1) adding radiologic 

features and several epidemiologic, clinical, and laboratory features into analysis to 

reduce residual confounding; (2) using multiple imputation method to provide 

unbiased estimates of levels and risk factors; and (3) conducting a sensitivity analysis 

to confirm that results from multivariate logistic regression analysis, from which our 
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main conclusion was drawn, were insensitivity to missing data, and hence were robust 

and credible. This study included 625 patients from 24 hospitals, i.e. nearly all patients 

in Jiangsu province, China (a province with a population of 80 million; only 6 cases 

were excluded due to missing medical records), to make the findings from this study 

be subject to less selection bias and be more generalisable to populations in similar 

settings.  

Our study has several limitations. Firstly, this is a retrospective observational study 

and its results may be subject to measurement bias and information bias, and some 

unobserved confounders (e.g. obesity, gene cluster) 199,271. Secondly, some data on 

laboratory test were missing and hence fewer laboratory parameters were included 

in the analysis. Thirdly, we were unable to analyse the impact of medical management 

on respiratory failure including supportive treatments and medication, because of the 

chronological order and treatment information collected before, when, or after 

respiratory failure occurred. 

 

5.5 Conclusions 

This chapter (Chapter 5) provides some new knowledge. This large cohort study based 

on a representative sample of 625 patients with COVID-19 shows that the rate of 

respiratory failure in Jiangsu province, China (9%), was similar to the national level in 

China, but much lower than in Wuhan city (the epicentre of COVID-19 pandemic in 

China) and some other countries. The study has also identified four independent risk 

factors of respiratory failure in patients with COVID-19 including older age, increased 

respiratory rate, decreased lymphocyte count and greater pulmonary opacity score at 
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admission. For successful control of mortality related to COVID-19, patients with 

COVID-19 having these risk factors need to be intensively managed during 

hospitalisation.  

Chapter 3 to Chapter 5 identify risk factors of three life-threatening situations: being 

severe or critically ill status, experiencing disease deterioration from asymptomatic or 

mild or moderate status into severe or critically ill status, and developing respiratory 

failure, to help provide evidence for health care professionals and policy makers to 

make better decision on the clinical management and allocation of medical and social 

resources. In particular, Chapter 3 to Chapter 5 suggest that age is one of the 

independent risk factors of severe or critically ill status, progression from milder 

disease to more severe status, and respiratory failure in patients with COVID-19. So in 

Chapter 6, I complete more comprehensive analysis on differences in clinical 

characteristics, disease severity, and clinical outcome burden in various age groups of 

patients with COVID-19.  
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Chapter 6 Age differences in clinical features and outcomes in patients with COVID-

19, Jiangsu, China: a retrospective, multi-centre cohort study 

 

From Chapter 3 to Chapter 5, we know that age is a very important factor on whether 

suffering severe disease, disease deterioration from milder disease to severe or 

critically ill status, and respiratory failure in patients with COVID-19. It is therefore 

important to further understand how and why characteristics and incidence of 

adverse outcomes among patients with COVID-19 differ among various age groups. To 

provide a more effective reference for managing COVID-19, this will be investigated in 

Chapter 6. 

 

6.1 Introduction 

COVID-19 infection causes a wide spectrum of disease which may lead to respiratory 

failure and organ failure, leading to death. Most of the available studies prior to the 

COVID-19 pandemic found that people of all ages are susceptible to SARS-CoV-2 

infection but noted higher positivity rates in real-time reverse transcriptase–

polymerase chain reaction (RT-PCR) assays and hospitalisation burden in older people 

61-63. Similar to SARS, deaths and adverse clinical outcomes have been found to be 

more common in the elderly with known comorbidities for patients with COVID-19 64-

66. Evidence suggests that asymptomatic carriers were more common among middle-

aged people in close contact with infected family members 272. One study found that 

elderly patients with COVID-19 had some different clinical features compared with 

younger patients 273. Because age is a host factor that leads to a higher risk of severe 
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COVID-19 and worse prognosis, it is important to better understand age-related 

susceptibility and pathology. However, published data on age differences in clinical 

features and clinical outcomes associated with COVID-19 remain scarce. This study 

aimed to investigate differences in clinical characteristics, disease severity, and clinical 

outcome burden in different age groups of patients with COVID-19. 

 

6.2 Methods 

6.2.1 Study design and participants  

This retrospective cohort study included all patients who met the study’s inclusion and 

exclusion criteria. The inclusion criterion was from March 15, 2020, all patients 

diagnosed with COVID-19 in Jiangsu Province according to the “Diagnosis and 

Treatment Protocol for Novel Coronavirus Pneumonia (Trial Version 7)” released by 

the National Health Commission & National Administration of Traditional Chinese 

Medicine of China 212. The only exclusion criterion was any patient with no available 

medical records. A standard criterion was set for discharge: a patient’s body 

temperature must be normal for more than 3 days, symptoms were resolved (if there 

were symptoms), and RT-PCR assays (throat swab samples, with at least 1 day 

sampling interval) showed two consecutive negative results. 

 

6.2.2 Data collection and definition of variables 

Epidemiological, clinical, laboratory, and radiologic parameters on admission; disease 

severity (asymptomatic, mild, moderate, severe, and critically ill); and clinical 
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outcomes data were extracted from medical records. A clustered onset was defined 

as the occurrence of two or more confirmed COVID-19 cases in the same cluster/group 

within 14 days, such as family, community, hospital, working place or public place, etc. 

A clustered onset could occur from interpersonal transmission via close contact with, 

or joint exposure to, a confirmed COVID-19 case. Other cases not meeting the 

conditions of a clustered onset were classified as ‘single onset’. Disease severity was 

assessed at Days 1, 2, 3, 4, 5, 6, 7 and 14 after admission, except for those who were 

discharged, and the highest degree of disease severity during the 14-day follow-up 

was selected to be analysed. Data on mortality and hospitalisation status and other 

clinical outcomes were available until March 15, 2020. Asymptomatic infection was 

defined as the absence of clinical symptoms but with a positive nucleic acid test result. 

Mild disease was defined as having mild clinical symptoms and the absence of imaging 

manifestations of pneumonia in computer tomography (CT) scans. Moderate disease 

was defined as the presence of fever, respiratory tract symptoms, or other symptoms 

and imaging manifestations of pneumonia. Severe disease was defined as the 

presence of at least one of the following conditions: respiratory distress, respiratory 

rate ≥ 30 breaths/min; oxygen saturation in resting state (SpO2) ≤93%; or arterial 

partial pressure of oxygen (PaO2)/fraction of inspired oxygen (FiO2) ≤300 mmHg 

(1 mmHg = 0.133kPa). Critically ill was defined as having respiratory failure requiring 

mechanical ventilation, shock or combined organ failure requiring intensive care unit 

(ICU) monitoring and treatment. We categorised the population into four age groups: 

children (18 years or younger), young adults (19-44 years), middle-aged adults (45-64 

years), and elderly adults (65 years or older).  

All of the patients in Jiangsu had a high-resolution CT thorax examination to identify 

https://www.sciencedirect.com/topics/medicine-and-dentistry/thorax


103 

 

lung lesions. CT images were assessed visually by two radiologists who had more than 

5 years of working experience in chest imaging. The radiologists were blinded to the 

patients’ characteristic. Quadrant scores were the sum of the number of quadrants 

containing pulmonary opacities extending from the proximal to the distal end of the 

chest, with a score ranging from 0 to 4. For pulmonary opacity, bilateral lungs were 

scored manually and assigned an estimated percentage of pulmonary opacity relative 

to the whole lung, rounded to the nearest 5%.   

 

6.2.3 Statistical analysis 

Normally distributed variables were summarised using mean (standard deviation [SD]) 

by group and compared using ANOVA tests, while skewed distributed variables were 

summarised using median (interquartile range [IQR]) by group and compared using 

Kruskal–Wallis tests. Categorical variables were summarised using frequency and 

percentage and compared using Chi-squared/Fisher exact test. To assess the linear 

trend effect of age on demographic and clinical variables, generalised linear models 

were employed with age (year) as the only predictor. Normal distribution and identity 

link function were used for continuous variables whereas binomial distribution and 

logit link function were used for binary variables. Analyses were performed using SAS 

9.4 (SAS Institute), and a two-sided P < 0.05 was considered statistically significant. 

 

6.2.4 Patient and public involvement 

Patients and members of the public were not involved in the design, conduct, 
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reporting, or dissemination plans of this research. 

 

6.3 Results 

Of the 721 suspected cases with possible COVID-19 during the study period, 631 

patients were found to be RT-PCR positive for COVID-19. Only 625 patients were 

included in the study with complete data (Figure 6.1). The median age was 46 years 

(IQR, 32-57; range, 0.75-96 years), and 329 (52.6%) were men (Table 6.1). Thirty-seven 

(5.9%) were children, 261 (40%) young adults of 19-44 years, 248 (39.7%) middle-aged 

of 45-64 years, and 79 (12.6%) elderly of 65 years or older. 

      

 

Figure 6.1: Study flow diagram 

 

 

 

721 suspected cases with possible COVID-19 were admitted in 24 hospitals in Jiangsu province 

from 10 January to 15 March 2020 

 

631 cases with confirmed COVID-19  

and quarantined 

90 cases excluded because real-time reverse transcriptase–polymerase chain 

reaction assays showed negative 

625 COVID-19 cases included in the analysis  

and quarantined 

6 cases excluded due to missing medical records  

and quarantined 

https://onlinelibrary.wiley.com/doi/full/10.1111/irv.12691#irv12691-tbl-0001
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Table 6.1 Demographic and clinical characteristics of patients with COVID-19 at admission by age group 

 

 Age group  

Category Characteristics* 
All 
(N=625) 

Children 
(≤18 years) 
(N=37) 

Young adulthood 
(19-44 years) 
(N=261) 

Middle adulthood 
(45-64 years) 
(N=248) 

Elderly 
(≥65 years) 
(N=79) P-value** P-value*** 

Demographic, n(%) Male 329(52.6%) 23(62.2%) 137(52.5%) 132(53.2%) 37(46.8%) 0.4844 0.7235 

Exposure type, n(%) Imported cases 219(35.0%) 10(27.0%) 98(37.5%) 88(35.5%) 23(29.1%) 0.3908 0.5508 

 Local cases 406(65.0%) 27(73.0%) 163(62.5%) 160(64.5%) 56(70.9%)     

Types of disease onset, n(%) Single onset 310(49.6%) 8(21.6%) 148(56.7%) 117(47.2%) 37(46.8%) 0.0005 0.5335 

 Clustered onset 315(50.4%) 29(78.4%) 113(43.3%) 131(52.8%) 42(53.2%)     

Initial symptoms, n(%) Fever 412(65.9%) 13(35.1%) 177(67.8%) 170(68.5%) 52(65.8%) 0.0008 0.0341 

 Cough 344(55.0%) 11(29.7%) 151(57.9%) 139(56.0%) 43(54.4%) 0.0146 0.3678 

 Sputum 166(26.6%) 3(8.1%) 70(26.8%) 68(27.4%) 25(31.6%) 0.0548 0.2217 

 Shortness of breath 20(3.2%) 0(0.0%) 5(1.9%) 8(3.2%) 7(8.9%) 0.0282 0.0016 

Medical history, n(%) Hypertension 91(14.6%) 0(0.0%) 11(4.2%) 49(19.8%) 31(39.2%) <.0001 <.0001 

 Coronary heart disease 13(2.1%) 0(0.0%) 1(0.4%) 5(2.0%) 7(8.9%) 0.0006 0.0003 

 Chronic obstructive pulmonary disease 9(1.4%) 0(0.0%) 0(0.0%) 3(1.2%) 6(7.6%) 0.0003 <.0001 

 Diabetes 40(6.4%) 1(2.7%) 4(1.5%) 21(8.5%) 14(17.7%) <.0001 <.0001 

 Current smoker 38(6.1%) 0(0.0%) 8(3.1%) 25(10.1%) 5(6.3%) 0.0035 0.0034 

 Drinking alcohol 33(5.3%) 1(2.7%) 6(2.3%) 20(8.1%) 6(7.6%) 0.0137 0.0032 

Vital signs, mean(SD) Temperature (°C) 37.05(0.73) 36.86(0.44) 37.03(0.69) 37.09(0.81) 37.07(0.73) 0.3558 0.2324 

 HR (bpm) 87.17(13.46) 91.43(17.84) 86.90(13.01) 86.92(12.77) 86.84(14.62) 0.2672 0.2721 

 SBP (mmHg) 128.83(15.66) 120.11(16.17) 123.14(12.37) 132.85(13.94) 139.06(20.38) <.0001 <.0001 
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 Age group  

Category Characteristics* 
All 
(N=625) 

Children 
(≤18 years) 
(N=37) 

Young adulthood 
(19-44 years) 
(N=261) 

Middle adulthood 
(45-64 years) 
(N=248) 

Elderly 
(≥65 years) 
(N=79) P-value** P-value*** 

 DBP (mmHg) 81.47(10.51) 72.41(11.24) 80.87(9.98) 83.60(10.30) 80.99(10.16) <.0001 <.0001 

 Respiratory rate (breath per min) 19.08(2.56) 19.86(3.15) 18.74(1.99) 19.38(3.00) 18.92(2.21) 0.0086 0.8381 

 SpO2 (%) 97.68(1.99) 98.05(1.05) 98.03(1.24) 97.58(1.92) 96.65(3.57) <.0001 <.0001 

CT image, N,median(IQR) Quadrant score (1-4) 496,2.0(1.0-4.0) 27,0.0(0.0-1.0) 205,2.0(1.0-3.0) 196,3.0(2.0-4.0) 68,3.0(2.0-4.0) <.0001 <.0001 

 Pulmonary opacity (%) 496,20.0(5.0-40.0) 27,0.0(0.0-5.0) 205,15.0(5.0-30.0) 196,30.0(12.5-45.0) 68,27.5(10.0-50.0) <.0001 <.0001 

*Missing data only occurred to two CT parameters. 

** P value from testing differences in proportions or means or distributions among different age groups 

*** P value from trend tests of linear age effect in generalised linear model in which age (year) was included as the only predictor. 
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There was no significant difference in the proportion of men and women in each age 

group (Table 6.1). The disease onset was clustered among a significantly higher 

proportion of young patients aged 18 years and below compared with older patients 

(aged 18 years and younger, young adult, middle-aged, and elderly patients: 78.4%, 

43.3%, 52.8%, 53.2%, respectively, P = 0.0005). The comorbidities incidence of 

hypertension, coronary heart disease, chronic obstructive pulmonary disease, and 

diabetes increased with age (trend test, P < 0.0001, P = 0.0003, P < 0.0001, and P < 

0.0001 respectively). Fever, cough, and shortness of breath occurred significantly 

more commonly among young adult, middle-aged, and elderly patients compared to 

children (67.8%, 68.5%, 65.8% vs 35.1%, P = 0.0008; 57.9%, 56%, 54.4%, vs 29.7%, P = 

0.0146; 1.9%, 3.2%, 8.9%, vs 0%, P = 0.0282, respectively). The frequencies of these 

symptoms were similar among different age groups of adults except for shortness of 

breath which was dramatically more common (8.9%) in elderly adult patients aged 65 

years or older. Compared to children and young adult patients, the incidence of 

smoking and drinking alcohol was significantly (twice the rate) higher among middle-

aged and elderly patients. Three vital sign parameters on admission: systolic blood 

pressure (SBP) (mmHg), diastolic blood pressure (DBP) (mmHg) and SpO2 (%), changed 

linearly with age (trend tests, all P < 0.0001). The quadrant score and pulmonary 

opacity score increased with age (trend tests, both P < 0.0001). 

Significant differences were observed in some laboratory test results (Table 6.2). Older 

patients tended to have lower PaO2 (mmHg) and partial pressure of carbon dioxide 

(PaCO2) (mmHg) in blood gas analysis. In blood tests they had lower white blood cell 

(WBC) count (109/L), lymphocyte count (109/L), haemoglobin level (g/L), and platelets 

count (109/L). In organ function tests these patients had higher levels of alanine 

https://onlinelibrary.wiley.com/doi/full/10.1111/irv.12691#irv12691-tbl-0001


108 

 

aminotransferase (U/L) and creatinine (umol/L), and lower albumin level (g/L).  In 

inflammatory factor tests they had higher level of C-reactive protein (mg/L); and in 

coagulation function tests lower activated partial thromboplastin time (s), and higher 

levels of fibrinogen (g/L) and D-dimer (mg/L). 
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Table 6.2 Laboratory parameters of patients with COVID-19 at admission by age group 

 

 Age group, N, median(IQR)  

Category Parameters 
All 
(N=625) 

Children 
(≤18 years) 

(N=37) 

Young adulthood 
(19-44 years) 

(N=261) 

Middle adulthood 
(45-64 years) 

(N=248) 

Elderly 
(≥65 years) 

(N=79) P-value* P-value** 

Blood gas analysis pH 252,7.4(7.4-7.4) 9,7.4(7.4-7.4) 92,7.4(7.4-7.4) 117,7.4(7.4-7.5) 34,7.4(7.4-7.5) 0.0213 0.0007 

 PaO2 (mmHg) 252,94.0(78.0-110.0) 9,94.0(86.7-113.0) 92,102.0(87.0-124.5) 117,89.0(76.2-106.0) 34,81.7(74.0-101.0) 0.0002 0.0009 

 PaCO2 (mmHg) 252,39.0(36.0-42.0) 9,45.0(42.0-49.0) 92,39.5(37.2-42.0) 117,39.0(35.6-42.0) 34,37.2(34.6-42.0) 0.0016 0.0087 

 Lactate (mmol/L) 260,2.1(1.3-2.8) 17,2.3(1.5-3.1) 98,2.1(1.3-2.8) 106,1.9(1.3-2.8) 39,2.3(1.3-3.1) 0.5056 0.5554 

Blood test WBC (109/L) 513,4.9(3.9-6.2) 33,6.0(4.8-7.2) 213,4.9(3.9-6.1) 205,4.8(3.8-6.1) 62,4.6(3.9-6.4) 0.0119 0.1275 

 Neutrophil (109/L) 507,3.0(2.2-4.0) 33,3.2(2.0-4.6) 210,2.8(2.1-3.9) 203,3.1(2.2-4.1) 61,3.4(2.4-4.3) 0.4466 0.2909 

 Lymphocyte (109/L) 505,1.3(0.9-1.7) 33,1.8(1.5-2.5) 209,1.4(1.0-1.9) 202,1.1(0.9-1.6) 61,1.0(0.7-1.3) <.0001 <.0001 

 Haemoglobin (g/L) 510,137.0(124.0-150.0) 33,138.0(126.0-148.0) 212,139.5(123.0-154.0) 204,136.5(125.0-148.0) 61,129.0(121.0-140.0) 0.0250 0.0050 

 Platelet (109/L) 494,183.5(151.0-219.0) 33,236.0(192.0-298.0) 203,197.0(161.0-228.0) 198,171.5(143.0-206.0) 60,152.0(125.0-186.5) <.0001 <.0001 

Organ function Alanine aminotransferase (U/L) 425,25.0(16.5-38.0) 33,19.0(16.0-30.0) 169,25.0(16.0-39.3) 170,26.8(19.0-42.0) 53,22.0(15.0-33.0) 0.0499 0.3126 

 Albumin (g/L) 480,41.4(38.0-45.1) 33,45.0(40.1-47.9) 194,42.1(38.0-46.6) 193,41.5(38.0-44.4) 60,38.9(35.4-43.1) 0.0001 <.0001 

 Total bilirubin (umol/L) 465,9.8(6.0-14.7) 33,7.7(5.0-10.8) 186,9.8(6.1-14.8) 188,10.0(6.3-14.9) 58,10.4(6.6-15.3) 0.1141 0.3401 

 Creatinine (umol/L) 476,63.9(51.0-79.0) 32,54.5(36.0-61.0) 193,64.0(51.3-78.0) 191,64.0(51.0-80.0) 60,67.0(56.0-85.1) 0.0003 0.0004 

Inflammatory factors C-reactive protein (mg/L) 474,10.0(2.7-22.6) 30,5.1(1.2-10.0) 193,9.6(2.0-16.2) 189,10.0(4.4-26.3) 62,16.8(5.0-51.1) <.0001 <.0001 

 Procalcitonin (ng/mL) 408,0.0(0.0-0.2) 28,0.0(0.0-0.2) 170,0.0(0.0-0.1) 157,0.1(0.0-0.2) 53,0.0(0.0-0.2) 0.8557 0.0980 

Coagulation function test Activated partial thromboplastin time (s) 513,32.2(28.0-37.2) 31,37.2(30.1-41.8) 217,32.2(27.9-36.5) 203,31.8(28.0-36.6) 62,33.0(27.9-38.1) 0.0448 0.2740 

 Fibrinogen (g/L) 496,3.5(2.7-4.2) 30,2.6(2.2-2.9) 209,3.3(2.6-4.1) 198,3.8(3.0-4.4) 59,3.7(2.6-4.8) <.0001 <.0001 

 D-dimer (mg/L) 475,0.2(0.1-0.4) 30,0.2(0.1-0.3) 191,0.2(0.1-0.3) 195,0.2(0.1-0.4) 59,0.4(0.2-0.7) 0.0016 0.0049 
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* P value from Kruskal-Wallis tests of differences in distributions among different age groups  ** P value from trend tests of linear age effect in generalised linear model in which age (year) was included as only predictor. 
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The proportion of patients who received supportive treatment and antiviral and antibiotic 

therapy increased significantly with patients’ age, except for the very rare procedure of 

continuous renal replacement therapy and extracorporeal membrane oxygenation treatment, 

and the very common use of interferon among different age groups (Supplementary 

Table S6.1). 

 

Table S6.1 Clinical management of patients with COVID-19 during hospital stay 

 

 Age group, n(%)  

Category Clinical management 
All 

(N=625) 

Children 
(≤18 years) 

(N=37) 

Young 
adulthood 

(19-44 years) 
(N=261) 

Middle 
adulthood 

(45-64 years) 
(N=248) 

Elderly 
(≥65 years) 

(N=79) P-value* P-value** 

Supportive 
treatments 

Inotropic and vasoconstrictive agents 5(0.8%) 0(0.0%) 0(0.0%) 1(0.4%) 4(5.1%) 0.0018 0.0063 

 Nasal cannula 221(35.4%) 5(13.5%) 76(29.1%) 103(41.5%) 37(46.8%) <.0001 <.0001 

 Mask 14(2.2%) 0(0.0%) 2(0.8%) 6(2.4%) 6(7.6%) 0.0090 0.0041 

 High-flow nasal cannula oxygen 
therapy 

25(4.0%) 0(0.0%) 4(1.5%) 11(4.4%) 10(12.7%) 0.0005 0.0001 

 Non-invasive ventilation 34(5.4%) 0(0.0%) 2(0.8%) 16(6.5%) 16(20.3%) <.0001 <.0001 

 Invasive mechanical ventilation 5(0.8%) 0(0.0%) 0(0.0%) 1(0.4%) 4(5.1%) 0.0018 0.0038 

 Prone position 18(2.9%) 0(0.0%) 2(0.8%) 8(3.2%) 8(10.1%) 0.0008 0.0010 

 Continuous renal replacement 
therapy 

1(0.2%) 0(0.0%) 0(0.0%) 0(0.0%) 1(1.3%) 0.1856 0.0999 

 Extracorporeal membrane 
oxygenation 

2(0.3%) 0(0.0%) 0(0.0%) 1(0.4%) 1(1.3%) 0.2313 0.0951 

Medical drugs Traditional Chinese medicine 98(15.7%) 0(0.0%) 26(10.0%) 49(19.8%) 23(29.1%) <.0001 <.0001 

 Immunoglobulin 156(25.0%) 2(5.4%) 40(15.3%) 79(31.9%) 35(44.3%) <.0001 <.0001 

 Interferon 503(80.5%) 28(75.7%) 209(80.1%) 205(82.7%) 61(77.2%) 0.5612 0.9408 

 Antioxidants 152(24.3%) 4(10.8%) 49(18.8%) 71(28.6%) 28(35.4%) 0.0012 <.0001 

 Glucocorticoid 142(22.7%) 1(2.7%) 40(15.3%) 70(28.2%) 31(39.2%) <.0001 <.0001 

 Thymosin 144(23.0%) 1(2.7%) 37(14.2%) 74(29.8%) 32(40.5%) <.0001 <.0001 

 Neurotrophic drugs 102(16.3%) 1(2.7%) 32(12.3%) 48(19.4%) 21(26.6%) 0.0008 <.0001 

 Any antibiotics 336(53.8%) 5(13.5%) 136(52.1%) 142(57.3%) 53(67.1%) <.0001 <.0001 

 Any antivirals 580(92.8%) 25(67.6%) 245(93.9%) 234(94.4%) 76(96.2%) <.0001 <.0001 

 

* P value from testing differences in proportions among different age groups 

https://onlinelibrary.wiley.com/doi/full/10.1111/irv.12691#irv12691-tbl-0001
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** P value from trend test of linear age effect in generalised linear model in which age (year) was included as only predictor. 

 

The proportion of patients with severe or critical illness was 33% among elderly patients, 

compared with 13% among middle-aged patients, 2.3% among young adult patients, and 0% 

among children (P < 0.0001) (Table 6.3). 

 

Table 6.3 Highest degree of disease severity of patients with COVID-19 during hospital stay by age group 

 

 Age group, n(%)  

Worst disease 
severity 

All 
(N=625) 

Children 
(≤18 years) 

(N=37) 

Young 
adulthood 

(19-44 years) 
(N=261) 

Middle 
adulthood 

(45-64 years) 
(N=248) 

Elderly 
(≥65 years) 

(N=79) P-value 

Asymptomatic 24(3.8%) 8(21.6%) 5(1.9%) 7(2.8%) 4(5.1%) <.0001 

Mild 34(5.4%) 11(29.7%) 18(6.9%) 4(1.6%) 1(1.3%)  

Moderate 503(80.5%) 18(48.6%) 232(88.9%) 205(82.7%) 48(60.8%)  

Severe 30(4.8%) 0(0.0%) 4(1.5%) 16(6.5%) 10(12.7%)  

Critically ill 34(5.4%) 0(0.0%) 2(0.8%) 16(6.5%) 16(20.3%)  

 

By the end of the study, none of the patients had died and all 625 patients had been 

discharged. The ICU rate (trend test, P < 0.0001), respiratory failure rate (trend test, P < 

0.0001), and length of hospital stays (trend test, P < 0.0001) increased with age (Table 6.4). 

The proportion of patients requiring ICU care (P < 0.0001) and developing respiratory failure 

(P < 0.0001) among elderly patients was 35.4% and 31.6% respectively, compared to 14.5% 

and 12.5% among middle-aged patients, 2.3% and 1.9% among young adult patients, and 

none among children, respectively. Elderly patients also had longer hospital stays (median 

[IQR], 21.0 [14.0-26.0] days) than all other age groups (15.0 [11.0-21.0] for children, 14.0 

[11.0-19.0] for young adults, and 17.0 [13.0-22.0] for middle-aged adults, P < 0.0001).  

 

https://onlinelibrary.wiley.com/doi/full/10.1111/irv.12691#irv12691-tbl-0001
https://onlinelibrary.wiley.com/doi/full/10.1111/irv.12691#irv12691-tbl-0001
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Table 6.4 Clinical outcome of patients with COVID-19 by age group 

 

 Age group, n(%) or median(IQR)  

Clinical outcome 
All 
(N=625) 

Children 
(≤18 years) 

(N=37) 

Young adulthood 
(19-44 years) 

(N=261) 

Middle 
adulthood 

(45-64 years) 
(N=248) 

Elderly 
(≥65 years) 

(N=79) P-value* P-value** 

ICU 70(11.2%) 0(0.0%) 6(2.3%) 36(14.5%) 28(35.4%) <.0001 <.0001 

Shock 2(0.3%) 0(0.0%) 0(0.0%) 1(0.4%) 1(1.3%) 0.3581 0.0672 

Respiratory failure 61(9.8%) 0(0.0%) 5(1.9%) 31(12.5%) 25(31.6%) <.0001 <.0001 

Renal failure 2(0.3%) 0(0.0%) 0(0.0%) 0(0.0%) 2(2.5%) 0.0031 0.0266 

Hospital stay (day) 16.0(12.0-22.0) 15.0(11.0-21.0) 14.0(11.0-19.0) 17.0(13.0-22.0) 21.0(14.0-26.0) <.0001 <.0001 

* P value from testing differences in proportions or distributions among different age groups 

** P value from trend test of linear age effect in generalised linear model in which age (year) was included as only predictor. 

 

6.4 Discussion 

To our knowledge, this is the largest cohort of 625 patients to date, to assess age differences 

in clinical features and clinical outcomes associated with COVID-19. We observed that the 

majority (~80%) of COVID-19 cases were among young adult patients of 19-44 years and 

middle-aged patients of 45-64 years, with the remainder of patients comprising children of 

18 years or under (5.9%), and elderly patients of 65 years or over (12.6%). This is consistent 

with a previous study from Korea which reported 6.3% of cases with COVID-19 were children 

under 19 years old, a study which had tested the broadest and hence the most representative 

population during this study period 202. 

Our study showed that compared to adults, children were more likely to get infected through 

cluster gatherings. A previous study reported that COVID-19 in children was mainly caused by 

family transmission 203.  

Our study in Jiangsu, found that all patients were discharged with no deaths. Elderly patients 

were more than twice as likely to have severe or critical illness compared with middle-aged 
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patients, while a smaller proportion of young adult patients had severe symptoms, and child 

patients exhibited none. The ICU use and respiratory failure rate, and length of hospital stay 

increased with age. Many case studies have shown that older patients are refractory (not 

yielding to treatment or not significantly improved after treatment) and likely to be at higher 

risk of more severe disease including acute respiratory distress syndrome (ARDS), respiratory 

failure, and death 38,41,42,47,274-277, while younger patients are more likely to have mild or 

moderate type of COVID-19 203,205,278. This is similar to SARS characteristics that, compared to 

adults and adolescents, disease appears to be less severe in younger children 66. 

We found that initial symptoms including fever, cough, and shortness of breath occurred 

more frequently among adults compared to child patients and especially shortness of breath 

was dramatically more common in elderly adult patients aged 65 years or older. This is 

consistent with the previous study showing that the older group (≥60y) had a higher rate of 

shortness of breath than the younger group (<60y) 279. However, another study showed that 

only sore throat showed a significant difference between age groups but fever, cough, sputum 

and diarrhoea did not show differences, probably due to the small sample size 205. Another 

study which evaluated age difference only found 4 patients in total with symptoms of chest 

tightness or difficulty of breathing; however, the sample size (56 patients) was too small to 

draw any conclusions 273. Such symptoms may be the early signs of more severe illness and 

poorer outcomes in older patients. The frequency of these symptoms among adult patients 

in different age groups were similar except for shortness of breath, which was dramatically 

more common in elderly patients than younger adult groups in our study. This is different 

from the characteristics of influenza, where the initial clinical manifestations of frail elderly 

patients are usually subtle compared to young patients 280,281. In our study, the difference in 
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vital sign of SBP and DBP on admission for different age groups were statistically significant 

(increasing with age) but may not be clinically significant. 

Our study showed that the age differences in clinical outcomes may also have partially 

resulted from the increased incidence of comorbidities with age including hypertension, 

coronary heart disease, chronic obstructive pulmonary disease, and diabetes. This may have 

increased susceptibility to the virus infection; such comorbidities are identified as risk factors 

of more severe disease including respiratory failure and death in patients with COVID-19 

38,47,276,277,282. Other explanations about why older people suffer poorer outcomes may be due 

to the higher prevalence (twice the rate) of smoking and alcohol drinking in older patients 

with COVID-19 in Jiangsu. A history of smoking has been identified as a factor contributing to 

the progression of COVID-19 pneumonia 238. 

Our study demonstrated that the quadrant score and pulmonary opacity score increased with 

age, suggesting more severe abnormal imaging manifestation on admission among these 

older patients. This is consistent with the finding that the proportion of multiple lobe 

involvement in older patients was higher than in younger cases 273. Previous reports have also 

found some imaging differences by age groups; for example,  primarily elderly patients were 

reported to have atypical imaging findings of consolidative opacities superimposed on 

ground-glass opacification 283, while paediatric patients showed more modest pulmonary 

involvement and less commonly reported consolidation complicated peripheral halo signs, 

compared with adults 206-208. 

More abnormal manifestation in laboratory parameters in older patients may also be an early 

sign of, and a contribution to, severe illness and poor outcomes. This is consistent with 

previous studies showing the level of lymphocytes and albumin in the older cases was 
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significantly lower and the level of C-reactive protein was higher than that in the younger 

patients 205,273. Studies showed that levels of albumin and C-reactive protein were associated 

with the progression of COVID-19 pneumonia 238, greater D-dimer on admission increased risk 

of in-hospital death 42, and organ and coagulation dysfunction (e.g., higher D-dimer) 

contributed to the development of ARDS and progression from ARDS to death 41.  

Our study indicated that lymphopenia (normal range: [0.3-3.0]*109/L) was shown in all age 

groups, but white blood cell and lymphocytes counts were lower in the older patients, 

indicating that live SARS-COV-2 virus stimulated poorer responses in the older patients. The 

mechanism in old patients with a severe COVID-19 illness may be that older patients have a 

diminished immune response to the novel SARS-COV-2 virus which is a defence mechanism 

against respiratory viruses and contributes to virus clearance. The thymic involution in older 

patients causes age-related reduction of T cell repertoire diversity and defects in CD4+ and 

CD8+ T cell function and hence significantly reduces immune function (known as 

immunosenescence) 231,284. Immunosenescence makes many viral infections worse in older 

patients 285. But further research is necessary to investigate whether age differences in 

disease severity and outcomes of COVID-19 result from aging of the immune system and 

reduced responsiveness. This is because some respiratory viruses could escape antiviral 

mechanisms and immune responses 286. For example, a study of H1N1pdm (respiratory 

viruses) on ferrets found no significant difference in viral clearance between young and adult 

subjects 287. However, studies found that the pulmonary pathology improved earlier in young 

ferrets, regulatory interleukin-10 (which is mainly produced by monocytes and lymphocytes) 

and interferon responses were more robust in young ferrets 287-289. Also H1N1pdm infection 

triggered formation of lung structures that resembled inducible bronchus-associated 

https://www.googleadservices.com/pagead/aclk?sa=L&ai=DChcSEwijlZqb67boAhWG0N4KHVOcDVgYABAAGgJ3Yg&ohost=www.google.com&cid=CAESQOD2y7ii5kj5E4mVVESc8eGG4N-nTybLnvnCIinOrpPv1dtInvZ6-GIECtE8HNPyAn0UCt2VxHlyBpBQQwoPegc&sig=AOD64_0aEdahNJbJmATyD8i85c_fwkk4ow&adurl=&q=
https://en.wikipedia.org/wiki/Lymphocyte
https://en.wikipedia.org/wiki/Monocyte
https://en.wikipedia.org/wiki/Lymphocyte
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lymphoid tissues (iBALTs) in young ferrets which contributes to pulmonary immune responses 

and were not seen in the adult ferrets with severe disease 287-289. Some other studies 

demonstrated aged ferrets infected with influenza viruses had reduced antibody production 

and delayed peripheral blood T-cell responses compared to adult comterparts 231,284,290. 

Another study reported that, except for immunosenescence in older people, age-related 

increases in levels of phospholipase could also result in a delay of immune response and poor 

outcomes after SARS-CoV infection 285. Overall, research focused on innate immune-related 

mechanisms and viral clearance in patients with COVID-19 of different age groups may help 

determine the underlying mechanisms of disease severity. 

Some other reasonable mechanisms of mild presentation in children include qualitatively 

different response to SARS-CoV-2, or different expression of angiotensin-converting enzyme 

(ACE) 2 receptors required for SARS-CoV-2 infection, or different virus-to-virus interaction and 

competition from other viruses limiting SARS-CoV-2 growth 202. 

A larger proportion of older patients in this study received supportive treatment and antiviral 

and antibiotic therapies which was due in part to the increasing proportion of severe or critical 

illness in older adults. Previous studies similarly showed that treatment was statistically 

different by age group 205,273.   

We believe that the findings from this study are generalisable to populations in similar 

settings (e.g. outside the initial pandemic centre) for two reasons: (1) we included nearly all 

patients in Jiangsu Province, China; (2) the study population consisted of cases confirmed by 

laboratory tests including those who were screened from suspected cases who had been to 

the pandemic centre (Wuhan), or had contact with people who had been to Wuhan or who 

had a confirmed diagnoses of COVID-19. 
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Our study has several limitations. First, the relatively short follow-up time and a very small 

proportion of patients who remained in hospital after the 14-day follow-up period may have 

resulted in incomplete estimates for disease severity. This would limit our interpretation of 

age differences in the burden associated with COVID-19. However, this impact is minor and 

may not strongly affect the study results because we included analyses of clinical outcomes 

at the end of the study and actually all patients in this study were observed to discharge. 

Second, we were unable to perform multiple regression analysis to control for possible bias 

in the observed age impact on clinical features and outcomes. As a result, the observed age 

differences may still be subject to possible confounding factors. Third, this is an observational 

and exploratory analysis in which many statistical tests have been performed. As a result, 

there may be some false positive results. 

 

Strengths and limitations of this study 

This cohort consists of almost all COVID-19 patients in Jiangsu Province, with a population 

over 80 million. Findings are therefore representative of the hospitalised patient population 

in the whole province. They are inclusive across the range of disease severity, so are subject 

to less selection bias.  

The study includes imported and local cases with different types of exposure. 

This is an observational exploratory study and our results may thus be subject to possible 

confounding factors and false positive error. 
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6.5 Conclusions 

This chapter shows that older patients outside the pandemic centre of Wuhan, China, tended 

to have relatively more severe clinical infections and poorer clinical outcomes associated with 

COVID-19 compared to younger patients. Elderly patients aged 65 and older were at a much 

higher risk of developing severe or critical illness than other age groups. The ICU and 

respiratory failure rate, and length of hospital stay increased with age. Older patients had 

worse clinical outcomes, in part due to comorbidities in older people, and higher rates of 

smoking and drinking habits, and immune, organ, and coagulation dysfunction on admission. 

In studying the pathogenesis and developing management strategies of COVID-19, age is 

confirmed as a critical factor in severity of infection.  

Cumulatively, Chapter 3 to 5 suggest that both age and CT pulmonary opacity score are 

important factors of developing severe or critical illness and having adverse outcomes with 

Chapter 6 providing useful information on age factor. Similar to the previous chapter, it is 

meaningful to focus on CT pulmonary opacity scores in relation to characteristics and 

outcomes, which will be completed in Chapter 7. 
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Chapter 7 Associations between CT pulmonary opacity score on admission and clinical 

characteristics and outcomes in patients with COVID-19 

 

Chapter 3 to Chapter 5 suggest that beside of age factor, greater pulmonary opacity score in 

CT is also one of the independent risk factors of severe or critically ill status, progression from 

milder disease to more severe status, and respiratory failure in patients with COVID-

19. Therefore, similar to Chapter 6, Chapter 7 here will present the information of differences 

in clinical characteristics, disease severity, and clinical outcome burden in different pulmonary 

opacity score groups of patients with COVID-19, which is helpful for us to understand the 

novel disease of COVID-19.  

 

7.1 Introduction 

Computed tomography (CT) is important in the diagnosis and monitoring of emerging 

infectious diseases caused by viral infections and manifested mainly in the respiratory tract 

(such as H1N1 and severe acute respiratory syndrome [SARS]) 291,292. COVID-19 is a clinical 

infectious disease resulting in bilateral pneumonia and rapid deterioration of lung function 

293. Although real-time reverse transcriptase-polymerase chain reaction assay (RT-PCR) is the 

standard diagnostic method for COVID-19, chest CT plays an important supplementary role in 

the diagnosis 91 with a high sensitivity but a lower specificity 294. CT findings of COVID-19 are 

mainly patchy glass opacity in the peripheral area 92,93. Previous studies have shown that the 

abnormal imaging of COVID-19 patients was correlated with main clinical symptoms 295, 

demographic, epidemiologic, clinical, laboratory characteristics, treatments, severe/critical 
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pneumonia 95, maximal respiratory severity score 96, intensive care unit (ICU) admission 97, 

and length of hospitalization 98.  

This large multi-centre cohort study aims to systematically investigate associations 

between CT pulmonary opacity score on admission and clinical features and outcomes 

in COVID-19 patients.  

 

7.2 Material and methods 

7.2.1 Study population  

Inclusion criteria were as of March 15, 2020, all patients (N=631) diagnosed with COVID-19 in 

all 24 hospitals designated for COVID-19 treatment in Jiangsu province, China according to 

the “Diagnosis and Treatment Protocol for Novel Coronavirus Pneumonia (Trial Version 7)” 

released by the National Health Commission & National Administration of Traditional Chinese 

Medicine of China 212. Exclusion criteria: Patient with no available medical records (N=6) or CT 

pulmonary opacity score (N=129, did not take CT but X-ray examination). The study ultimately 

included 496 cases.   

 

7.2.2 Data collection and definition of variables 

Data were extracted from medical records provided by the Data Centre of Jiangsu Provincial 

Health Commission of China. Variables analyzed were demographic features (age, sex), 

epidemiological features (type of disease onset [single onset or clustering onset]), clinical 

features on admission (initial symptoms, medical history, vital signs), radiologic features on 

admission (CT pulmonary opacity score), laboratory features on admission (hematology, 
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organ function, inflammatory factors, coagulation function indicators), clinical management 

during hospitalization (supportive treatments and medical drugs), and clinical outcomes 

(disease severity, ICU admission, respiratory failure, length of hospital stay). A clustering 

onset was defined as the occurrence of two or more confirmed COVID-19 cases in the same 

cluster/group within 14 days, such as family and hospital. Other cases were classified as single 

onset. Two radiologists (YW and SJ) with more than 5 years of working experience in chest 

imaging performed visual evaluation of CT images and the agreement was reached through 

consultation if discrepancies of pulmonary opacity score occurred. Pulmonary opacity score 

was defined as the percentage of pulmonary opacity (ground-glass opacities [GGO] or 

consolidation) area relative to the entire lung on CT images (range: 0-100%), rounded to the 

nearest 5%. GGO was defined as an area of hazy increased attenuation, in which vessels and 

bronchial markings may still be observable. Consolidation was more opaque than GGO, in 

which such markings were obscured. On CT image, GGO and consolidation looked more grey 

or hazy compared to the normal dark appearance of the lung. Figure 1 showed an example of 

CT image for a patient with pulmonary opacity score being 70%. 
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Figure 1: CT images of a patient with pulmonary opacity score of 70%. Details: Female, 61 years old. Her CT was performed 1 day after admission. 

She was diagnosed with respiratory failure on the next day. 

 

Disease severity were measured at days 1, 2, 3, 4, 5, 6, 7 and 14 after admission, 

mortality and hospitalization status were available until March 15, 2020. Asymptomatic 

infection was defined as the absence of clinical symptoms but a positive RT-PCR result. Mild 

disease was defined as having mild clinical symptoms without respiratory distress and the 

absence of imaging manifestations of pneumonia. Moderate disease was the presence of 

fever, respiratory tract symptoms and imaging manifestations of pneumonia. Severe disease 
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was the presence of at least one of the follows: respiratory distress, respiratory rate ≥ 30 

breaths/minute; peripheral capillary oxygen saturation (SpO2) ≤ 93%; or arterial blood oxygen 

partial pressure (PaO2) / fraction of inspired oxygen (FiO2) ≤ 300 mmHg (1 mmHg = 0.133kPa). 

Critically ill was having respiratory failure requiring mechanical ventilation, shock or combined 

organ failure requiring ICU monitoring and treatment.  

 

7.2.3 Statistical analysis 

Patients were divided into four groups based on the quartile of baseline CT pulmonary 

opacity score: <=5%, 6-20%, 21-40% and 41%+. Continuous variables of baseline features 

and clinical management during hospitalization were reported as mean (standard deviation 

[SD]) or median (interquartile range [IQR]) by group and compared using ANOVA test or 

Kruskal-Wallis test depending on their distributions. Binary variables were summarized using 

frequency and percentage and compared using χ2/Fisher exact test. To assess the linear 

trend effect of pulmonary opacity score on baseline features and clinical management, 

generalized linear model (GLM) was employed with pulmonary opacity score as the only 

predictor (continuous variable). For GLM analysis of continuous variables, normal 

distribution and identity link function were used, whereas for GLM analysis of binary 

variables, binomial distribution and logit link function were used. The analysis of inter-

observer agreement for pulmonary opacity scores was conducted using an intraclass 

correlation coefficient (ICC) calculated from a generalized linear mixed model.  

To explore associations between pulmonary opacity score with characteristics on 

admission, univariate and multivariate linear regression analysis was conducted, with 
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pulmonary opacity score as dependent variable (continuous variable). To assess effects of 

pulmonary opacity score on clinical outcome, GLMs were performed, in which pulmonary 

opacity score was treated as a continuous and categorical variable, controlling for baseline 

characteristics.  

Two-tailed P < 0.05 was considered statistically significant. The analyses were 

performed using SAS 9.4 (SAS Institute). 

 

7.3 Results 

Of 496 patients (270 [54.4 %] men, mean age 45.10 [SD 17.13] years), 244 (49.2%) were single 

onset, 339 (68.3%) had fever, 279 (56.3%) had cough, 130 (26.2%) had sputum, 71 (14.3%) 

had hypertension, 31 (6.3%) had diabetes, 30 (6.0%) smoked, mean temperature was 37.09 °C 

(SD 0.76), mean heart rate was 87.70 beats/minute (SD 13.42), mean respiratory rate was 

19.10 breaths/minute (SD 2.49) and mean peripheral capillary oxygen saturation (SpO2) was 

97.60% (SD 2.16) (Table 7.1). The ICC value for pulmonary opacity score from the two 

radiologists was 0.93. With the rise of pulmonary opacity score, age and body temperature 

statistically significantly increased (trend test) while SpO2 decreased, and the proportion of 

men and patients who were single onset and who had initial symptoms, hypertension 

comorbidity and smoking habit increased.  
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Table 7.1 Demographic and clinical characteristics of patients with COVID-19 at admission 

 

 Pulmonary opacity group, mean (SD) or n (%)  

Category Characteristics 
All 

(N=496) 
<=5% 

(N=142) 
6-20% 

(N=123) 
21-40% 
(N=135) 

41%+ 
(N=96) 

P-
value* 

P-
value† 

Demographic Male 270(54.4%) 68(47.9%) 63(51.2%) 78(57.8%) 61(63.5%) 0.0791 0.0094 

 Age (year) 45.10(17.13) 37.38(19.44) 44.52(16.95) 48.57(13.64) 52.36(13.27) <.0001 <.0001 

Types of disease 
onset 

Single onset 244(49.2%) 37(26.1%) 62(50.4%) 77(57.0%) 68(70.8%) <.0001 <.0001 

 Clustering onset 252(50.8%) 105(73.9%) 61(49.6%) 58(43.0%) 28(29.2%) <.0001 <.0001 

Initial symptoms Fever 339(68.3%) 66(46.5%) 86(69.9%) 107(79.3%) 80(83.3%) <.0001 <.0001 

 Cough 279(56.3%) 66(46.5%) 65(52.8%) 80(59.3%) 68(70.8%) 0.0019 <.0001 

 Sputum 130(26.2%) 31(21.8%) 22(17.9%) 38(28.1%) 39(40.6%) 0.0009 <.0001 

Medical history Hypertension 71(14.3%) 11(7.7%) 11(8.9%) 24(17.8%) 25(26.0%) 0.0002 <.0001 

 Diabetes 31(6.3%) 6(4.2%) 4(3.3%) 8(5.9%) 13(13.5%) 0.0088 0.0009 

 Current smoker 30(6.0%) 5(3.5%) 6(4.9%) 8(5.9%) 11(11.5%) 0.1011 0.0237 

Vital signs Temperature (°C) 37.09(0.76) 36.84(0.56) 37.07(0.73) 37.21(0.78) 37.33(0.91) <.0001 <.0001 

 Heart rate (beat/minute) 87.70(13.42) 86.64(12.29) 85.25(13.66) 88.09(13.69) 91.88(13.51) 0.0023 0.0012 

 Respiratory rate (breath/minute) 19.10(2.49) 18.87(1.67) 18.68(1.81) 19.20(2.70) 19.85(3.57) 0.0031 <.0001 

 Peripheral capillary oxygen 
saturation (SpO2, %) 

97.60(2.16) 97.97(1.18) 97.88(1.11) 97.76(1.88) 96.49(3.74) <.0001 <.0001 

 

* P value from testing differences in proportions or means or distributions among different pulmonary opacity groups. 

† P value from trend test of linear pulmonary opacity effect in generalized linear model in which pulmonary opacity (%) was included as the only 
predictor. 

SD, standard deviation. 

 

As pulmonary opacity score raised, lymphocyte count, platelet count and albumin 

level statistically significantly declined, while the level of CRP and fibrinogen elevated (trend 

test, Table 7.2). The proportion of patients receiving medical treatment and oxygen support 

increased with the increase in pulmonary opacity score, except for the rarely used continuous 

renal replacement therapy and extracorporeal membrane oxygenation, and the commonly 

used interferon and antivirals (trend test, Table 7.3).  
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Table 7.2 Laboratory parameters of patients with COVID-19 at admission 

 

 Pulmonary opacity group, N, median (IQR)  

Category Parameters 
All 

(N=496) 
<=5% 

(N=142) 
6-20% 

(N=123) 
21-40% 
(N=135) 

41%+ 
(N=96) 

P-
value* 

P-
value† 

Blood test White blood cell 
count (109/L) 

413,4.8(3.9-6.0) 124,5.2(4.3-6.6) 93,4.6(3.5-5.4) 113,4.4(3.6-5.9) 83,4.9(3.9-6.2) 0.0009 0.9967 

 Neutrophil (109/L) 407,2.9(2.1-3.9) 117,3.0(2.3-4.1) 94,2.7(2.0-3.5) 113,2.9(2.1-3.6) 83,3.3(2.5-4.6) 0.0071 0.0028 

 Lymphocyte 
(109/L) 

405,1.3(0.9-1.7) 117,1.6(1.2-2.1) 93,1.3(1.0-1.6) 112,1.3(0.9-1.6) 83,1.0(0.7-1.3) <.0001 <.0001 

 Hemoglobin (g/L) 410,135.5(123.0-
150.0) 

124,135.5(124.0-
149.0) 

93,135.0(121.0-
154.0) 

111,134.0(118.0-
146.0) 

82,138.0(124.0-
154.0) 

0.4568 0.9862 

 Platelet (109/L) 395,182.0(149.0-
218.0) 

123,199.0(160.0-
235.0) 

91,184.0(154.0-
211.0) 

107,175.0(144.0-
208.0) 

74,160.0(123.0-
211.0) 

0.0026 0.0002 

Organ 
function 

Alanine 
aminotransferase 
(U/L) 

341,24.9(16.0-
37.5) 

103,22.0(15.0-
33.0) 

82,24.0(14.5-
39.3) 

95,27.0(19.0-
38.0) 

61,26.4(19.0-
44.0) 

0.0280 0.0003 

 Albumin (g/L) 396,41.0(37.5-
44.3) 

119,42.0(38.0-
46.7) 

91,41.6(38.8-
45.5) 

107,41.0(37.5-
43.7) 

79,39.8(34.0-
42.0) 

0.0003 <.0001 

 Total bilirubin 
(umol/L) 

381,9.9(6.0-14.3) 114,9.6(5.0-15.6) 85,9.0(6.6-14.1) 106,10.1(6.4-
14.9) 

76,10.1(5.3-
12.9) 

0.7289 0.8663 

 Creatinine 
(umol/L) 

392,64.0(51.0-
78.4) 

118,61.0(48.0-
78.0) 

91,65.0(51.0-
76.0) 

103,60.7(47.0-
76.0) 

80,70.5(57.5-
86.0) 

0.0125 0.0426 

Inflammatory 
factors 

C-reactive protein 
(mg/L) 

377,10.0(4.0-
25.2) 

112,5.1(1.0-10.0) 89,10.0(4.5-
16.2) 

96,13.4(5.4-26.9) 80,33.6(10.2-
67.0) 

<.0001 <.0001 

 Procalcitonin 
(ng/mL) 

355,0.0(0.0-0.2) 100,0.1(0.0-0.2) 85,0.0(0.0-0.1) 102,0.0(0.0-0.1) 68,0.1(0.0-0.4) 0.0007 0.1307 

Coagulation 
function test 

Activated partial 
thromboplastin 
time (s) 

407,33.0(28.0-
38.0) 

121,32.8(27.9-
38.0) 

93,32.9(28.2-
37.3) 

111,32.4(28.0-
38.0) 

82,34.6(28.8-
38.3) 

0.8155 0.9293 

 Fibrinogen (g/L) 393,3.6(2.8-4.4) 115,3.0(2.5-3.7) 90,3.1(2.6-3.8) 109,4.1(3.4-4.4) 79,4.5(3.8-5.5) <.0001 <.0001 

 D-dimer (mg/L) 393,0.3(0.2-0.4) 113,0.3(0.2-0.4) 91,0.2(0.2-0.4) 108,0.3(0.2-0.4) 81,0.3(0.2-0.5) 0.5765 0.4164 

 

* P value from testing differences in distributions among different pulmonary opacity groups. 

† P value from trend test of linear pulmonary opacity effect in generalized linear model in which pulmonary opacity (%) was included as the only 
predictor. 

IQR, interquartile range. 
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Table 7.3 Clinical management of patients with COVID-19 during hospital stay 

 Pulmonary opacity group, n (%)  

Category Clinical management 
All 

(N=496) 
<=5% 

(N=142) 
6-20% 

(N=123) 
21-40% 
(N=135) 

41%+ 
(N=96) 

P-
value* 

P-
value† 

Supportive 
treatments 

Inotropic and vasoconstrictive 
agents 

5(1.0%) 0(0.0%) 0(0.0%) 1(0.7%) 4(4.2%) 0.0079 0.0014 

 Nasal cannula 178(35.9%) 34(23.9%) 33(26.8%) 58(43.0%) 53(55.2%) <.0001 <.0001 

 Mask 13(2.6%) 0(0.0%) 1(0.8%) 2(1.5%) 10(10.4%) <.0001 <.0001 

 High-flow nasal cannula oxygen 
therapy 

20(4.0%) 2(1.4%) 4(3.3%) 2(1.5%) 12(12.5%) 0.0002 <.0001 

 Non-invasive ventilation 29(5.8%) 2(1.4%) 3(2.4%) 4(3.0%) 20(20.8%) <.0001 <.0001 

 Invasive mechanical ventilation 5(1.0%) 0(0.0%) 0(0.0%) 1(0.7%) 4(4.2%) 0.0079 0.0007 

 Prone position 15(3.0%) 1(0.7%) 2(1.6%) 2(1.5%) 10(10.4%) 0.0003 <.0001 

 Continuous renal replacement 
therapy 

1(0.2%) 0(0.0%) 0(0.0%) 0(0.0%) 1(1.0%) 0.1935 0.1339 

 Extracorporeal membrane 
oxygenation 

2(0.4%) 0(0.0%) 0(0.0%) 1(0.7%) 1(1.0%) 0.4553 0.0507 

Medical drugs Traditional Chinese medicine 79(15.9%) 8(5.6%) 14(11.4%) 27(20.0%) 30(31.3%) <.0001 <.0001 

 Immunoglobulin 134(27.0%) 15(10.6%) 33(26.8%) 33(24.4%) 53(55.2%) <.0001 <.0001 

 Interferon 387(78.0%) 117(82.4%) 94(76.4%) 99(73.3%) 77(80.2%) 0.2906 0.4539 

 Antioxidants 134(27.0%) 22(15.5%) 27(22.0%) 38(28.1%) 47(49.0%) <.0001 <.0001 

 Glucocorticoid 123(24.8%) 12(8.5%) 19(15.4%) 41(30.4%) 51(53.1%) <.0001 <.0001 

 Thymosin 130(26.2%) 19(13.4%) 27(22.0%) 39(28.9%) 45(46.9%) <.0001 <.0001 

 Neurotrophic drugs 95(19.2%) 15(10.6%) 17(13.8%) 35(25.9%) 28(29.2%) 0.0002 <.0001 

 Any antibiotics 283(57.1%) 53(37.3%) 65(52.8%) 89(65.9%) 76(79.2%) <.0001 <.0001 

 Any antivirals 471(95.0%) 135(95.1%) 116(94.3%) 128(94.8%) 92(95.8%) 0.9762 0.6806 

 

* P value from testing differences in proportions among different pulmonary opacity groups. 

† P value from trend test of linear pulmonary opacity effect in generalized linear model in which pulmonary opacity (%) was included as the only 
predictor. 

 

Pulmonary opacity score on admission was independently associated with age, single 

onset type, presentation of symptoms including fever and cough, vital signs including 

temperature and SpO2 (Table 7.4).   
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Table 7.4 Factors associated with pulmonary opacity score in patients with COVID-19: Results from linear regression analysis* 

 

 Univariate analysis Multivariate analysis 

Variables Estimate (95%CI) P-value Estimate (95%CI) P-value 

Male 5.16(1.30,9.02) 0.0088 1.20(-2.22,4.63) 0.4917 

Age (year) 0.41(0.30,0.52) <.0001 0.29(0.19,0.39) <.0001 

Single onset 13.22(9.53,16.91) <.0001 10.29(6.86,13.72) <.0001 

Fever 12.27(8.26,16.29) <.0001 4.67(0.89,8.46) 0.0158 

Cough 8.29(4.46,12.13) <.0001 4.13(0.32,7.94) 0.0340 

Sputum 8.88(4.54,13.21) <.0001 2.32(-1.96,6.59) 0.2895 

Hypertension 11.62(6.19,17.06) <.0001 2.45(-2.65,7.55) 0.3471 

Diabetes 14.02(6.12,21.92) 0.0005 3.42(-3.73,10.57) 0.3492 

Smoker 9.48(1.40,17.56) 0.0215 4.14(-2.91,11.19) 0.2506 

Temperature (°C) 6.58(4.09,9.06) <.0001 3.42(1.06,5.79) 0.0047 

Heart rate (beat/minute) 0.23(0.09,0.38) 0.0014 0.03(-0.10,0.17) 0.6166 

Respiratory rate (breath/minute) 1.54(0.77,2.30) <.0001 0.41(-0.29,1.11) 0.2504 

Peripheral capillary oxygen 
saturation (SpO2, per 5%) 

-15.23(-19.51,-10.94) <.0001 -10.44(-14.57,-6.32) <.0001 

 

* The estimates were coefficients. 

CI, confidence interval. 

 

Pulmonary opacity score on admission was independently associated with severe or 

critical illness, ICU admission and respiratory failure (Table 7.5). Especially, compared to 

patients with pulmonary opacity score <=5%, those who with score >=41% had a statistically 

significant increased odds of severe or critical illness (OR, 15.58, 95% CI: 3.82-63.53, p = 

0.0001), ICU admission (OR, 6.26, 95% CI: 2.15-18.23, p = 0.0008) and respiratory failure (OR, 

19.49, 95% CI: 4.55-83.40, p < 0.0001). Pulmonary opacity score was also associated with the 

length of hospital stay and in the third quartile versus the first quartile, the duration of 

hospitalization raised significantly (coefficient, 2.59, 95% CI: 0.46-4.72, p = 0.0170). 
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Table 7.5 Effects of pulmonary opacity score on clinical outcomes in patients with COVID-19: Results from generalized linear model analysis 

 

 Unadjusted analysis Adjusted analysis* 

Clinical outcome† Pulmonary opacity score 
n/N(%) or 

N,Mean(SD) Estimate (95%CI) P-value Estimate (95%CI) P-value 

Severe or critically ill 
(Yes or no) 

Score as continuous variable (per 5%) 58/496(11.7%) 1.38(1.28,1.49) <.0001 1.35(1.22,1.49) <.0001 

 Score as categorical variable      

 <=5% 3/142(2.1%) 1.00  1.00  

 6-20% 6/123(4.9%) 2.38(0.58,9.71) 0.2282 1.79(0.37,8.53) 0.4665 

 21-40% 11/135(8.1%) 4.11(1.12,15.07) 0.0330 2.19(0.50,9.61) 0.2998 

 41%+ 38/96(39.6%) 30.36(9.01,102.28) <.0001 15.58(3.82,63.53) 0.0001 

ICU admission (Yes or 
no) 

Score as continuous variable (per 5%) 64/496(12.9%) 1.31(1.22,1.39) <.0001 1.27(1.16,1.38) <.0001 

 Score as categorical variable      

 <=5% 7/142(4.9%) 1.00  1.00  

 6-20% 7/123(5.7%) 1.16(0.40,3.42) 0.7824 0.77(0.22,2.62) 0.6713 

 21-40% 12/135(8.9%) 1.88(0.72,4.93) 0.1986 0.91(0.29,2.86) 0.8700 

 41%+ 38/96(39.6%) 12.64(5.33,29.95) <.0001 6.26(2.15,18.23) 0.0008 

Respiratory failure (Yes 
or no) 

Score as continuous variable (per 5%) 55/496(11.1%) 1.39(1.28,1.50) <.0001 1.39(1.25,1.55) <.0001 

 Score as categorical variable      

 <=5% 3/142(2.1%) 1.00  1.00  

 6-20% 5/123(4.1%) 1.96(0.46,8.39) 0.3626 1.66(0.32,8.54) 0.5419 

 21-40% 10/135(7.4%) 3.71(1.00,13.77) 0.0504 2.37(0.52,10.90) 0.2658 

 41%+ 37/96(38.5%) 29.06(8.62,97.96) <.0001 19.49(4.55,83.40) <.0001 

Hospital stay 
(Continuous variable, 
day) 

Score as continuous variable (per 5%) 496,17.62(7.53) 0.32(0.17,0.47) <.0001 0.24(0.07,0.41) 0.0047 

 Score as categorical variable      

 <=5% 142,15.94(6.36) 0.00  0.00  

 6-20% 123,17.36(7.45) 1.42(-0.37,3.21) 0.1192 1.13(-0.65,2.91) 0.2148 

 21-40% 135,18.20(7.84) 2.26(0.52,4.01) 0.0110 1.37(-0.45,3.18) 0.1397 

 41%+ 96,19.65(8.27) 3.71(1.79,5.63) 0.0002 2.59(0.46,4.72) 0.0170 

 

* All variables in Table 1 were included in the adjusted analysis. 

† For severe or critically ill, intensive care unit admission and respiratory failure, the estimates were odds ratios; while for hospital stay, the estimates 
were coefficients. 

SD, standard deviation; ICU, intensive care unit. 

 

7.4 Discussion  
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To our knowledge, this is by far one of the largest studies that systematically assessed 

associations between CT pulmonary opacity score and clinical features and outcomes in 

COVID-19 patients. The study demonstrated that demographic, epidemiological, clinical, 

laboratory features on admission, and clinical management during hospitalization showed a 

linear trend by the quartile CT pulmonary opacity score. CT score correlated with poor 

clinical outcomes including severe and critical illness, ICU admission, respiratory failure and 

prolonged hospital stay. Our study introduced a simple quantitative parameter of 

pulmonary opacity score from CT to describe lung involvement which is reproducible for 

radiologists. 

To facilitate better communication between radiologists and physicians, different 

classification systems of COVID-19 incorporating imaging findings (e.g. ground-glass 

opacities (GGO), consolidation, crazy-paving pattern and fibrosis) have been developed 296. 

CT imaging findings play a role in the classification and staging of COVID-19, early detection 

in relation to a serological test, disease severity and guide to therapy, surveillance with the 

response to therapy, prediction of secondary bacterial infection, differentiation from 

simulating lesions, and screening with prevention and control 296. Follow-up CT scans were 

used for longitudinal evaluation by allowing the detection of disease progression, 

complications, and suspected acute respiratory deteriorations 297. Advanced imaging 

modalities, such as quantitative CT techniques may also be valuable in delineation of the 

pulmonary distribution (GGO and consolidations) to assess the disease severity and detect 

disease progression on follow-up 296,297. To calculate the opacity extent, we employed a 

more precise CT scoring system that used the percentage of pulmonary opacity area relative 

to the entire lung zone on CT image in the unit of 5%. Other studies applied crude CT scoring 
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systems. For example, Wang et al. used 0:0%; 1:1-49%; 2:50-75%; 3:>75%; range 0-3; global 

score 0-15 298;  Hu et al. used 0:0%; 1:1-25%; 2:26-50%; 3:51-75%; 4:76-100%; range 0-4; 

global score 0-20) 233,299-302; Francone et al. used 0:0%; 1:< 5%; 2:5-25%; 3:26-50%; 4:51-

75%; 5:> 75%; range 0-5; global score 0-25) 303,304; Zhao et al. used 0:0%; 1:< 25%; 2:25-49%; 

3:50-74%; 4:>= 75%; range 0-4; global score 0-24) 100,305,306; Aalinezhad et al. used another 

system (0:0%; 1:< 50%; 2:> 50%; range 0-2; global score 0-40) 307,308. Similarly, Guillo et al. 

used a scoring system of 0-10%, 11-25%, 26-50%, 51-75% and 76-100% ground glass 

opacities and consolidation 309. The ICC value for pulmonary opacity score from the two 

radiologists (YW and SJ) in our study was closed to 1, indicating high inter-observer 

consistency and reliability. Due to the good agreement of pulmonary opacity score assessed 

by the two radiologists, the average of pulmonary opacity scores was used when 

discrepancies occurred. 

The study found that age, single onset, initial symptoms, body temperature and SpO2 

on admission in patients with COVID-19 were independent predictors of CT pulmonary 

opacity score, indicating more severe lung function injury. This is consistent with the 

previous studies reporting that clinical characteristics including patient age and coexisting 

condition, immune status, body temperature and exposure history may be related to CT 

imaging in patients with viral pneumonia including SARS and COVID-19 95,292,310,311. In 

addition, Aalinezhad et al.’s study also showed a significant inverse relationship between CT 

severity score and SpO2 308.  

Our study showed that in patients with COVID-19, as CT pulmonary opacity score 

increased, platelet count and albumin level decreased, while the level of CRP and fibrinogen 

elevated, and >=41% of lung involvement was associated with more severe lymphopenia, 
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suggesting signs of viral infection and inflammation, abnormal coagulation function and liver 

function. Previous studies reported that CT severity showed a positive association with CRP 

level and negative correlation with lymphocyte count 312,313. Francone et al. found the semi-

quantitative CT score was significantly correlated with CRP (correlation coefficient r = 0.62) 

and D-dimer (r = 0.66) levels 303 while our data provided some evidence to support the 

association with CRP but not with D-dimer. A study demonstrated that age and monocyte-

lymphocyte ratio may predict imaging progression on chest CT in COVID-19 patients 314. Other 

studies indicated moderate positive correlations between CT severity score and transferrin, 

lactate dehydrogenase, troponin, and inflammation-related factors of leucocytes, neutrophils, 

and IL-2R (r range: 0.45-0.60) 299,315, although we were unable to verify those correlations due 

to lack of data. 

The study presented that the proportion of patients receiving medical treatment and 

oxygen support increased with the rise of pulmonary opacity score. Khosravi et al. also 

found patients with baseline CT severity score > 8 had 3-fold higher risk of intubation 305. 

Our data showed that pulmonary opacity score, especially when >=41%, may be an accurate 

indicator of severe or critical illness, acute respiratory failure and intensive care 

requirements. Zhao et al. evaluated lung involvement using another CT scoring system and 

also found mean score was higher in the emergency group (mild and common types) than in 

the nonemergency group (severe and fatal types) 100. More studies showed the CT score 

calculated by their scoring systems was significantly higher in critical and severe than in mild 

and common category 233,300,303. Other studies found that the overall lung involvement score 

had predictive value for clinical severity and ICU admission, and higher chest CT score was 

significantly associated with an increase in requirement of oxygen and even mechanical 
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ventilation 298,305-307,316,317. CT involvement score can help early diagnosis, severity 

assessment and treatment of COVID-19 95,318,319 and may indicate the progression and 

recovery of the disease 92,320. These findings are similar to that of SARS that the extent of 

lung opacification was an objective prognostic indicator of death, disease severity and 

requirements of aggressive therapy for assisted ventilation or oxygen supplementation 321-

323, and pulmonary opacity resolved over time in convalescent patients 324,325. We found 

patients with more pulmonary opacity stayed longer in hospital. This may be due to more 

severe illness and more medical treatment and oxygen support associated with higher 

pulmonary opacity score. Previous evidence suggested that patients having bilateral 

pneumonia were hospitalized longer than those with normal CT scan results 98 and patients 

with higher CT scores may have more prolonged disease course and hospital stay 302,326,327. 

Our study did not assess the association between pulmonary opacity score and mortality 

because of no recorded death in the study sample as a result of early recognition and 

intervention 58. 

The study had several merits compared with previous studies. First, all eligible 

COVID-19 patients with and without symptoms, including asymptomatic, mild, moderate, 

severe and critically ill, in Jiangsu province, were included in the current study whereas most 

of the previous studies focused on the patients with moderate, severe or critically ill 

symptoms. Therefore, results from this study are more generalizable to the COVID-19 

patients with a wide spectrum of infections, particularly in the post-COVID-19 era when 

severe cases are supposed to decrease. Second, the study provided some novel and robust 

information on associations between pulmonary opacity score and demographic, 

epidemiological, clinical, laboratory features and clinical management based on a larger 
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dataset (N=496) than most previous studies on the similar topic (mostly N=50-200). Third, 

the present study assessed impacts of pulmonary opacity score at admission on a number of 

important clinical outcomes (including disease severity, ICU admission, respiratory failure, 

and hospital stay), instead of a single clinical outcome alone in most previous reports, thus 

providing a more comprehensive perspective of the relationships between pulmonary 

opacity score and various clinical outcomes in patients with COVID-19. Fourth, to assess 

effects of pulmonary opacity score on clinical outcomes, the pulmonary opacity score was 

measured in the unit of 5% and treated as both continuous and categorical variables in the 

generalised linear models, and the results were robust regardless of CT score function 

forms. This is in contrast to most previous studies in which CT score was treated as either a 

continuous variable or binary variable, which may have generated biased statistical results 

due to possibly wrong specification of CT score. 

This study had some limitations. First, the study excluded 129 patients who did not 

take CT but X-ray examination and hence had no CT pulmonary opacity score, so selection 

bias may occur. Second, although this study analyzed effects of pulmonary opacity scores at 

admission on disease severity, ICU admission and respiratory failure during the whole study 

period, we only recorded CT at the time of admission; hence it was impossible to analyze 

the change in pulmonary opacity scores throughout the study period. Third, due to lack of 

data, we did not analyze associations between CT pulmonary opacity score and some other 

characteristics, e.g. transferrin, leucocytes and platelet-lymphocyte ratios, which had been 

reported to be associated with pulmonary opacity score in the previous studies 299,315,328. For 

the same reason, we did not analyze association between CT findings and pulmonary 

embolism although a previous study has showed a high pulmonary embolism prevalence at 
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CT pulmonary angiography in patients testing positive for COVID-19 329. Lastly, this was an 

observational study and the observed results may still be subject to possible unobserved 

confounding factors. 

 

7.5 Conclusion  

This chapter (Chapter 7) indicates that the degree of CT pulmonary opacity was closely related 

to age, single onset, fever, cough, SpO2, lymphocyte count, platelet count, albumin level, CRP 

level and fibrinogen level. Patients with high pulmonary opacity score, in particular, >=41%, 

had a high risk of severe or critical illness, ICU admission, respiratory failure and long hospital 

stay. More attention may need to be paid to patients with high pulmonary opacity score to 

reduce the adverse impact of COVID-19. 

Chapter 3 to Chapter 5 suggest several risk factors of severe or critically ill status, progression 

from milder disease to more severe status, and respiratory failure in patients with COVID-19, 

including age, exposure to the pandemic centre, respiratory rate, lymphocyte count, 

pulmonary opacity score in CT, and so on. Chapter 6 and Chapter 7 provide further 

information of the impact of two important factors, i.e. age and pulmonary opacity score in 

CT, on the novel disease of COVID-19. Therefore, based on these understandings, we could 

further build a prediction model to provide accurate, personalised predictions of the risk of 

being severe or critically ill status, which can help early identify those at high risks of severe 

disease and death. This will be carried out in Chapter 8. 
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Chapter 8 A nomogram predicting severe COVID-19 based on a large study cohort from 

China 

 

Chapter 3 to Chapter 7 investigate several risk factors of severe or critically ill status, 

progression from milder disease to more severe status, and respiratory failure in patients with 

COVID-19, and comprehensively look into age factor and pulmonary opacity score in CT. 

Basing on this knowledge, Chapter 8 here builds a nomogram which can be a reliable 

prediction tool for assessing the probability of being severe or critically ill and may facilitate 

clinicians stratifying patients and providing early and optimal therapies. 

 

8.1 Introduction 

Coronavirus disease 2019 (COVID-19) is a respiratory disease caused by the novel coronavirus 

severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2). Patients with COVID-19 may 

be asymptomatic, have mild to moderate symptoms (such as cough, fever, dyspnea, and 

pneumonia), be in severe or critically ill condition, or even die. The COVID-19 pandemic has 

placed an unprecedented burden on the world economy and health care 3. Delayed treatment 

for severe COVID-19 in particular can lead to a prolonged hospitalization duration, increased 

mortality and a heavier financial burden 142,143. Risk factors for severe COVID-19 are currently 

considered to be age, comorbidities, dyspnea, chest pain, cough, expectoration, 

lower lymphocyte and higher leukocyte counts, blood urea nitrogen/creatinine ratios and 

serum ferritin, pulmonary opacity, and so on 67,136,141,144,330,331. As there are many related risk 

factors, the use of accurate prediction tools and early intervention are important in 
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addressing severe COVID-19. 

However, the prediction models of severe COVID-19 available to date are subject to 

various biases related to data quality (the presence and handling of missing data), flaws in the 

statistical analysis (lack of internal and external validation and categorization of continuous 

predictors and hence loss of information and weak assessment of model calibration and 

discrimination) and poor reporting (no mention of missing data) 127-136. 

A nomogram is a two-dimensional graphical representation of a scoring model consisting 

of multiple scale axes designed to quickly, visually calculate the probability of having an 

outcome with acceptable accuracy. The axis on the top is the point scale, which is followed 

by scale axes for the selected predictors, the total point scale, and then the probability scale. 

Each value on a predictor axis corresponds vertically to a point on the point scale. After 

determining the points for all the predictors from the point scale and adding them to obtain 

the total number of points, we can find a corresponding probability on the probability scale. 

Compared with other risk estimates and decision-making aid tools (risk groupings, artificial 

neural networks, probability tables, classification and regression tree analyses), nomograms 

provide a user-friendly interface (no computer software is required for interpretation and 

prediction) with consistent, highly accurate risk estimates 140. 

Therefore, this study aimed to construct a nomogram based on a large number of COVID-

19 patients to provide accurate, personalized predictions of severe COVID-19. 
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8.2 Methods 

8.2.1 Study design and subjects 

This study was based on a large, multicenter retrospective derivation cohort and a validation 

cohort. Patients were included if they fulfilled the diagnostic criteria of the “Diagnosis and 

Treatment Protocol for Novel Coronavirus Pneumonia (Trial Version 7)” released by the 

National Health Commission & National Administration of Traditional Chinese Medicine of 

China 212. Patients without medical records or computed tomography (CT) information were 

excluded. The derivation cohort consisted of 496 patients from Jiangsu Province, China, 

between January 10, 2020 and March 15, 2020, and the validation cohort contained 105 

patients from Huangshi, Hunan Province, China, between January 21, 2020, and February 29, 

2020. 

 

8.2.2 Variables measured 

The primary outcome was severe or critical illness within the follow-up period. According to 

disease severity, patients were categorized into two groups: (1) the 

asymptomatic/mild/moderate group and (2) the severely or critically ill group 212. 

Asymptomatic disease was defined as the absence of clinical symptoms and a positive nucleic 

acid test (real-time reverse transcriptase–polymerase chain reaction assay (RT-PCR) for SARS-

CoV-2). Mild disease was defined as the presence of mild clinical symptoms without 

respiratory distress and the absence of imaging manifestations of pneumonia. Moderate 

disease was the presence of fever with respiratory symptoms and imaging manifestations of 

pneumonia. Severe disease was the presence of at least one of the three following conditions: 

respiratory distress, a respiratory rate ≥30 breaths/min; oxygen saturation (SpO2) ≤93%; or 
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arterial blood oxygen partial pressure (PaO2)/fraction of inspired oxygen (FiO2) ≤300 mmHg 

(1 mmHg = 0.133 kPa). Critical illness was having respiratory failure requiring mechanical 

ventilation, shock or combined organ failure requiring intensive care unit (ICU) monitoring 

and treatment. 

Disease severity was assessed at days 1, 2, 3, 4, 5, 6, 7 and 14 after admission (except for 

those who were discharged before day 14), the highest degree of severity was selected for 

analysis, and patients were followed up to discharge. Data were collected using medical 

records. Predictive baseline variables included sex, age, time from illness onset to admission 

(days), fever, cough, dyspnea, Charlson comorbidity index (CCI, a weighted index considering 

comorbidities associated with mortality 332), white blood cell count, lymphocyte count, 

platelet count, creatinine level, C-reactive protein (CRP) level, procalcitonin level, D-dimer 

level, radiologic quadrant score and pulmonary opacity score. 

Imaging grading was performed by two independent radiologists with more than 5 years 

of experience in pulmonary imaging. Axial chest CT sections were divided into quadrants (left, 

right, anterior, and posterior) by drawing horizontal and vertical lines through the center of 

the chest. Quadrant scores were estimated as the sum of quadrants with pulmonary opacities 

extending from the proximal to the distal end of the chest and ranged from 0 to 4. The 

pulmonary opacity score was visually assessed as the percentage of bilateral lung area with 

pulmonary opacity rounded to the nearest 5%. 

 

8.2.3 Statistical analysis 

Baseline characteristics of the derivation and validation cohorts are summarized as the 

median (interquartile range [IQR]) or frequency (percentage) and were compared using the 
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Mann–Whitney U test for continuous variables and the χ2 test or Fisher exact test for 

categorical variables. 

Univariate binary logistic regression analysis was performed to select potential 

predictors of severe COVID-19. In addition to considering the clinical significance, collinearity 

analysis was conducted to exclude variables with slight collinearity (Spearman's rank 

correlation coefficient >0.2) before univariate analysis. To determine the optimal 

combination of baseline characteristics for predicting severe COVID-19, a multivariate logistic 

regression model with variables selected via a backward stepwise process based on the 

smallest Akaike information criterion was established. Odds ratios (ORs) and 95% confidence 

intervals (95% CIs) were used to evaluate associations between predictors and severe COVID-

19. No categorical data were missing, and missing continuous data were imputed with 

medians. A nomogram for the prediction of severe COVID-19 was established with the 

determined predictors.  

The nomogram was internally validated on the derivation cohort using the bootstrap 

method and further externally validated on a separate independent validation cohort from 

Huangshi. Discrimination ability and calibration were used to assess the performance of the 

nomogram. The area under the receiver operating characteristic curve (AUC) and its 95% CI 

were used to evaluate model discrimination (0.5–1.0, the higher the better). Calibration plots 

were presented using the bootstrap resampling method (1000 resamples). Calibration plots 

are a good way to visually compare the accordance (agreement) between the predicted and 

actual absolute risk. The ideal calibration curve is located on the 45-degree diagonal, which 

reflects perfect consistency. Hosmer-Lemeshow tests were also conducted (P ≥ 0.05 indicates 

that the model fits the data well [well-calibrated]). 
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The 2-tailed P < 0.05 was set as the significance level. Statistical analyses were performed 

using R software (version 3.6.0, http://www.R-project.org). The “rms” package was used to 

derive a user-friendly nomogram. 

 

8.3 Results 

A total of 601 patients were included in the study, with 496 patients in the derivation cohort 

and 105 patients in the external validation cohort. During the 14-day hospitalization period, 

in the derivation and validation cohorts, 58 (11.7%) and 27 (25.7%) patients had severe 

COVID-19, and 438 (88.3%) and 78 (74.3%) patients had nonsevere COVID-19, respectively (P 

< 0.001). The patients’ median age was 49 years (IQR, 35–60), and 53.9% were male (Table 

8.1). Most of the baseline characteristics were significantly different between the two cohorts, 

including age, time from illness onset to admission, dyspnea, CCI, lymphocyte count, platelet 

count, CRP level, procalcitonin level, D-dimer level, radiologic quadrant score and pulmonary 

opacity score (all P < 0.05). 

 

Table 8.1 Patient baseline characteristics for the derivation and validation cohorts* 

 

Characteristics 
Overall cohort 

(N=601) 

Derivation cohort 

(N=496) 

Validation cohort 

(N=105) 
P value 

Sex 
   

0.650 

    Female 277 (46.1%) 226 (45.6%) 51 (48.6%) 
 

    Male 324 (53.9%) 270 (54.4%) 54 (51.4%) 
 

Age (years) 49.0 (35.0–60.0) 47.0 (32.5–57.0) 60.0 (50.0–69.0) <0.001 

Time from onset to admission (days) 5.0 (2.5–8.0) 5.00 (2.0–8.0) 6.0 (5.0–9.0) <0.001 

Fever 
   

0.124 

    No 199 (33.1%) 157 (31.7%) 42 (40.0%) 
 

    Yes 402 (66.9%) 339 (68.3%) 63 (60.0%) 
 

Cough 
   

0.094 

http://www.r-project.org/
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    No 253 (42.1%) 217 (43.8%) 36 (34.3%) 
 

    Yes 348 (57.9%) 279 (56.2%) 69 (65.7%) 
 

Dyspnea 
   

<0.001 

    No 566 (94.2%) 493 (99.4%) 73 (69.5%) 
 

    Yes 35 (5.8%) 3 (0.6%) 32 (30.5%) 
 

CCI 
   

<0.001 

    0 511 (85.0%) 440 (88.7%) 71 (67.6%) 
 

    ≥1 90 (15.0%) 56 (11.3%) 34 (32.4%) 
 

WBC (109/L) 4.84 (3.88–6.01) 4.84 (3.88–5.96) 4.95 (3.92–6.23) 0.473 

Lymphocyte count (109/L) 1.20 (0.79–1.63) 1.28 (0.90–1.72) 0.95 (0.62–1.33) <0.001 

Platelet count (109/L) 165 (130–208) 182 (149–218) 127 (120–136) <0.001 

Creatinine (μmol/L) 63.0 (51.0–78.0) 64.0 (51.0–78.2) 60.5 (50.4–74.1) 0.325 

C-reactive protein (mg/L) 11.1 (4.67–34.4) 10.0 (4.04–25.2) 30.8 (13.5–68.7) <0.001 

Procalcitonin (ng/mL) 0.06 (0.02–0.20) 0.04 (0.02–0.20) 0.10 (0.07–0.15) <0.001 

D-dimer (mg/L) 0.25 (0.13–0.41) 0.26 (0.16–0.42) 0.11 (0.04–0.35) <0.001 

Quadrant score (0–4) 3.00 (1.00–4.00) 2.00 (1.00–4.00) 4.00 (4.00–4.00) <0.001 

Pulmonary opacity score (%) 20.0 (5.00–40.0) 20.0 (5.00–40.0) 25.0 (10.0–45.0) 0.030 

* Descriptive statistics: frequency (percentage), median (interquartile range). 

Abbreviations: CCI, Charlson comorbidity index; WBC, white blood cell. 

 

Considering the clinical significance and collinearity shown in supplementary Figure S8.1, 

the radiologic quadrant score was excluded in the univariate logistic regression analysis due 

to the high correlation with pulmonary opacity score. The univariate analysis revealed that 

age, time from illness onset to admission, fever, cough, dyspnea, CCI, lymphocyte count, 

platelet count, CRP, D-dimer and pulmonary opacity score were statistically significant risk 

factors for severe COVID-19 (Table 8.2, all P < 0.05). 
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Figure S8.1. Results of the collinearity analysis. Abbreviations: CCI, Charlson comorbidity index; WBC, white blood cell. 
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Table 8.2 Factors associated with severe COVID-19 in the derivation cohort (univariate logistic regression) 

 

 Characteristics OR (95% CI) P value 

Sex, Male vs. Female 1.42 (0.81–2.54) 0.218 

Age (years) 1.07 (1.05–1.09) <0.001 

Time from onset to admission (days) 1.07 (1.01–1.13) 0.031 

Fever, Yes vs. No 2.11 (1.10–4.42) 0.024 

Cough, Yes vs. No 2.01 (1.13–3.75) 0.018 

Dyspnea, Yes vs. No 14.52 (1.16–460.18) 0.039 

CCI, ≥1 vs. 0 2.95 (1.53–5.51) 0.002 

WBC (109/L) 0.96 (0.82–1.12) 0.595 

Lymphocyte count (109/L) 0.04 (0.02–0.10) <0.001 

Platelet count (109/L) 0.99 (0.99–1.00) 0.001 

Creatinine (umol/L) 1.01 (1.00–1.02) 0.165 

C-reactive protein (mg/L) 1.02 (1.01–1.03) <0.001 

Procalcitonin (ng/mL) 1.03 (0.98–1.07) 0.244 

D-dimer (mg/L) 1.33 (1.11–1.59) 0.002 

Pulmonary opacity score (%) 1.07 (1.05–1.08) <0.001 

Abbreviations: OR, odds ratio; CCI, Charlson comorbidity index; WBC, white blood cell. 

 

Subsequent multivariate analyses identified significant independent predictors of severe 

COVID-19, including age, lymphocyte count, and pulmonary opacity score (Table 8.3). Since 

the variance inflation factor value of predictors in the final model was less than 10, the 

multicollinearity was considered acceptable. 

 

Table 8.3 The final multivariate logistic regression model on which the nomogram was based* 

 

Variable Coefficient OR 95% CI P value 

Age (years) 0.059 1.061 1.028–1.095 <0.001 

Lymphocyte count (109/L) -2.567 0.077 0.023–0.257 <0.001 

Pulmonary opacity score (%) 0.053 1.055 1.035–1.075 <0.001 

*AUC: 0.93 (95% CI, 0.90–0.96) in the derivation cohort; 0.85 (95% CI, 0.76–0.93) in the validation cohort. 

Abbreviations: OR, odds ratio; CI, confidence interval; AUC, area under the receiver operating characteristic curve. 

 

A nomogram was established based on the above three variables, which could predict 

the probability of severe COVID-19 in an individual patient (Figure 8.1). Lymphocyte count 
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had the largest regression coefficient absolute value and was used as a reference, and its 

range (3.5–0) corresponded vertically to the point range (0–100) of the point scale. According 

to the absolute value of the regression coefficient, each value of the remaining predictors 

(age and pulmonary opacity score) also corresponds to a point on the point scale vertically. 

The probability of severe COVID-19 in an individual patient can be determined on the 

probability scale, which corresponds vertically to the total point scale. 

 

 

Figure 8.1 Predictive nomogram for the probability of severe COVID-19. 

 

The proposed nomogram showed good discrimination for predicting severe COVID-19 

(Figure 8.2; AUC 0.93, 95% CI 0.90–0.96 in the derivation cohort; AUC 0.85, 95% CI 0.76–0.93 

in the validation cohort). Furthermore, calibration plots and Hosmer-Lemeshow tests (P = 

0.66 in the derivation cohort; P = 0.59 in the validation cohort) revealed that the nomogram 

was well calibrated and that the actual risks of severe COVID-19 were in good agreement with 

the predicted risks of severe COVID-19 in both the derivation and validation cohorts (Figure 

8.3). 
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Figure 8.2 Receiver operating characteristic curves of the nomogram in the derivation and external validation cohorts. 

 

 

Figure 8.3 Calibration plots of the nomogram in the derivation and external validation cohorts. The 45-degree straight line represents ideal 

agreement between the actual and predicted probability. The vertical bars represent the 95% confidence interval of the actual probability. 

 

An online tool for automatically calculating prediction probabilities (http://www.China-

critcare.com/covid/calculate_en.html) (Figure 8.4) was created to make the prediction model 

easier to use. 
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Figure 8.4 Screenshot of the nomogram website. 

 

8.4 Discussion 

By employing a large, multicenter retrospective cohort, we constructed a practical nomogram 

comprised of a few readily available baseline demographic, clinical and CT features (age, 

lymphocyte count and pulmonary opacity score) to predict severe COVID-19. The model 

quantifies the individual probability of having severe COVID-19 with good discrimination and 

agreement, which enables physicians to identify patients with high risk early and correctly 

and take proactive measures accordingly. 

The incidences of severe COVID-19 among our derivation and validation cohorts were 

significantly different (11.7% vs. 25.7%). Most of the baseline characteristics were also 

significantly different between the two cohorts, which may be due to the difference in the 

incidence of severe COVID-19. A meta-analysis showed that compared with patients with 

nonsevere COVID-19, patients with severe COVID-19 had elevated levels of procalcitonin, CRP, 

and D-dimer but lower albumin levels 333. External validation partially identified the general 

applicability of our nomogram. 

In the current prediction model, age was one of the predictors of severe COVID-19. Two 
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previously developed nomograms also incorporated older age in early risk estimations for 

severe COVID-19 130,138. The relationship between age and severe disease may be related to 

ACE2. A study showed that ACE2 has an important salutary function: ACE2 limits several 

detrimental effects, including vasoconstriction and enhanced inflammation and thrombosis, 

but it is markedly downregulated by the entry of SARS-CoV-2 into cells, which may be 

especially detrimental in elderly individuals with age-related baseline ACE2 deficiency 334. In 

addition, compared with younger COVID-19 patient groups, the elderly (≥65 years) patient 

population had the highest risk of severe or critical illness, intensive care use, and respiratory 

failure and the longest hospital stay, which may be partly due to their higher incidence of 

comorbidities (such as dementia and Parkinson’s disease) and age-related degeneration of 

the immune system (known as immunosenescence) and hence impaired immunity to SARS-

CoV-2 261,335,336. 

This study showed that a prolonged time from illness onset to admission may increase 

the risk of severe COVID-19, which is likely attributed to the delay of treatment. This is 

consistent with previous research 117,337. Having symptoms (fever, cough and dyspnea) and a 

greater CCI (a weighted index considering comorbidities) on admission may also increase the 

risk of severe COVID-19. Previous studies have largely reported the association between 

comorbidities and COVID-19 severity 67,141,331. 

Laboratory parameters, including lymphocyte count, platelet count, CRP level and D-

dimer level, were found to be associated with severe COVID-19 in the univariate logistic 

regression analysis of this study, which is in accordance with previous research 67,136,330,331. 

Among these laboratory parameters, only lymphocyte count was identified as an 

independent predictor of severe COVID-19. Two previously developed clinical risk scoring 
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systems also included lymphocyte count in the prediction of COVID-19 severity 130,338. A 

previous study proposed four potential mechanisms for reduced lymphocyte levels in COVID-

19: lymphocytes are a direct target of viruses because they express the coronavirus receptor 

ACE2, lymphatic organs are destroyed by SARS-CoV-2, lymphocyte deficiency is induced by 

pro-inflammatory cytokines, and lymphocyte inhibition results from metabolic disorders 339. 

A study showed that the antiviral protein interferon-inducible transmembrane protein 3 

(IFITM3) is low in immune cells (including lymphocytes), indicating that SARS-CoV-2 may 

attack lymphocytes and induce cytokine release syndrome 340. 

In terms of radiologic features, the pulmonary opacity score was identified as a predictor 

of severe COVID-19 in this study. A deep learning-based model also demonstrated that CT 

imaging can accurately predict the severity of COVID-19 131. The mechanism of COVID-19-

induced organ damage may be related to ACE2. ACE2 is widely expressed in the lungs 

(particularly in type 2 pneumocytes and macrophages) 334. SARS-CoV-2 enters its host cell 

through the receptor ACE2 and causes diseases 341. In the lungs, after viral invasion via ACE2, 

the dysregulation resulting from ACE2 deficiency promotes inflammation and thrombosis 

triggered by local angiotensin II hyperactivity, leading to cell death and lung damage 334. In 

patients infected with SARS-CoV-2, angiotensin II levels were positively linearly correlated 

with viral load and lung injury 342. A mouse model demonstrated that severe acute respiratory 

syndrome coronavirus (SARS-CoV) replicated more efficiently and that pulmonary lesions 

were more severe in the lungs of transgenic mice with the human gene for ACE2 than in those 

of wild-type mice 343. Another mouse model showed that pathologic alterations in the lungs 

were reduced in ACE2 knockout mice with SARS-CoV compared to wild-type mice with SARS-

CoV 344. Several possible treatment options related to ACE2 have been proposed 345-347. On 
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the other hand, the expression of the antiviral protein IFITM3 in the lung is much lower than 

that in other tissues, which may be associated with severe lung symptoms in COVID-19 340. 

The current nomogram was built based on a relatively large, representative dataset from 

24 centers, was externally and independently validated and had good prediction accuracy. 

Although most of the baseline characteristics were significantly different between the 

derivation and validation cohorts, the nomogram had decent generalizability for the data 

obtained outside of Jiangsu Province where the nomogram was established. All patients in 

this study were discharged from the hospital at the end of the study, so the severity data did 

not change and were correct. In addition, collinearity analysis was conducted to select 

variables to avoid having too many candidate variables for the multivariate logistic regression 

analysis. 

This study has several limitations. First, the model needs to be verified by larger studies 

and international studies. Second, the derivation cohort, on which the nomogram was based, 

was composed only of those from Jiangsu Province who had CT information available. 

Nevertheless, this nomogram performed well in predicting severe COVID-19 in both the 

derivation and validation cohorts. Third, due to the nature of retrospective research, other 

potential factors (such as lactate dehydrogenase and erythrocyte sedimentation rate) were 

unavailable for analysis. Fourth, the pulmonary opacity score was visually estimated and 

hence was a subjective measurement. However, the scores were estimated by two 

radiologists with rich experience in pulmonary imaging, and agreement was reached through 

consultation if discrepancies in pulmonary opacity score occurred, which may have reduced 

the measurement bias. Finally, the study used CCI ≥1 as a measurement of comorbidities, 

rather than information on specific comorbidities, and thus some information may be lost. 
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8.5 Conclusion 

We established a nomogram with age, lymphocyte count, and pulmonary opacity score for 

predicting severe COVID-19 during a 14-day hospitalization. When externally verified, the 

nomogram performed well in discrimination ability and calibration, but it still needs to be 

verified by larger studies and international studies. The nomogram enables clinicians to 

accurately estimate the probability of developing severe COVID-19 and conduct beneficial 

preventive management for individual patients.  

We know from Chapter 3 to Chapter 8 that patients with underlying diseases and older 

adults may have lower immunity and be prone to severe illness after infection with SARS-CoV-

2, leading to a higher risk of death from COVID-19. These patients may require active clinical 

care and treatment to reduce deaths and save lives. This also shows that it is necessary for us 

to learn more about the immunity caused by infection with this novel disease and explore 

what factors may affect the level of immunity. These will be completed in Chapter 9. 

 

 

 

 

 



153 
 

Chapter 9 Kinetics of anti-SARS-CoV-2 IgG antibody levels and potential influential factors 

in subjects with COVID-19: A 11-month follow-up study 

 

From Chapter 3 to Chapter 8, it is understood that more attention from health care providers 

and policy makers may need to be paid to those who are at high risks of having severe illness 

induced by COVID-19, such as those with comorbidities and weak immunity, to ease pressure 

on the health care systems while avoiding delays in treating those patients and reducing 

mortalities. This also evokes the need of Chapter 9 which is to understand how immunity 

changes after contracting this new disease and what factors may affect the immunity in 

patients with COVID-19. A good understanding of immunity may help build herd immunity, 

fight COVID-19, and limit the further impact of the pandemic on society and patients. 

 

9.1 Introduction 

As the infectious disease COVID-19 continues to spread, it is vitally important to understand 

well the pattern of immune response and its influential factors. Anti-SARS-CoV-2 humoral 

response kinetics can aid in COVID-19 diagnosis, vaccine development, therapeutic immune 

plasma studies, and epidemiologic studies including prevalence, exposure, and immunity. 

Decrease in antibody levels is likely to indicate a lack of protective immunity 168. Most COVID-

19 patients develop detectable immunoglobulin M (IgM) and immunoglobulin G (IgG) 

antibodies targeting the nucleocapsid (N) or the spike (S) protein of SARS-CoV-2 within several 

weeks post infection 169,170. 

Previous studies have shown that IgG responses against SARS-CoV-2 infection can 
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persist for 3 to 8 months post-symptom onset 172,173. But longer-term kinetics of IgG 

antibodies remains to be investigated. In addition, previous studies mostly included limited 

sample sizes and narrow spectrums of disease severity 178-181. More data from asymptomatic 

and mild COVID-19 cases is necessary to better understand anti-SARS-CoV-2 IgG antibody 

detectable/positive rate and IgG level kinetics in the general population screened for SARS-

CoV-2 infection. Previous reports have examined the associations between IgG antibody 

response against SARS-CoV-2 and potential influential factors including disease severity 178,179, 

comorbidities 348, and immunocompromised status 181, but the evidence on predictive factors 

of IgG levels was still limited. 

Hence, we aimed to provide more information on the IgG detectable/positive rate and 

the IgG level changes over time after SARS-CoV-2 infection for up to 11 months and identify 

the potential influential factors associated with IgG levels in the general population screened 

for SARS-CoV-2 infection. 

 

9.2 Material and methods 

9.2.1 Study design and participants 

The study was a prospective longitudinal study conducted at Richmond Pharmacology Ltd, 

London, UK and the Richmond Research Institute, St George’s University of London. The 

participant inclusion criteria were (1) male or female aged 5 and older, (2) an understanding, 

ability, and willingness to fully comply with the project procedures and restrictions and (3) 

consent from a parent/legal guardian for participants aged 5 to 15 years. Informed written 

consent was obtained from each participant/guardian. The study complied with the principles 

of the World Medical Assembly (Helsinki 1964) and subsequent amendments. 
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Questionnaires were used to collect participant baseline characteristics. Polymerase 

Chain Reaction (PCR) testing of throat swab specimens for SARS-CoV-2-specific RNA were 

performed repeatedly per participant to confirm the status of SARS-CoV-2 infection. The 

Abbott Laboratories (Illinois, USA) chemiluminescent microparticle immunoassay (CMIA) 

against the nucleocapsid protein (N) of SARS-CoV-2 was used to assess the anti-SARS-CoV-2 

antibody IgG levels and IgG statuses (detectable/positive or undetectable/negative) of 

serum/plasma samples. The cut-off value of Abbott CMIA for SARS-CoV-2 positive has been 

set at 1.4 signal/cut-off (S/CO) units 349, which was calculated to maximise positive predictive 

values and minimise false positives, according to the manufacturer. Public Health England 

assessed that the assay had a specificity of 100% but sensitivity of 93% 350.  

 

9.2.2 Variables 

The primary outcome was the IgG level measured repeatedly during the follow up. The 

secondary outcome was the IgG status (detectable/positive or undetectable/negative). 

Predictive variables measured at screening included time, age, gender, race, fever, and loss 

of smell and taste (loss of smell and taste, loss of smell only, loss of taste only, neither loss of 

smell nor taste). Race was classified as Caucasian, Black African, and other races (Hispanic, 

Indian, Pakistani, other Asian than Chinese and Japanese). 

 

9.2.3 Statistical analysis 

Characteristics of subjects with at least one positive PCR result were summarised as n, median 

(interquartile range [IQR]) and minimum-maximum or frequency (percentage). IgG levels and 
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the statuses of whether IgG was detectable or positive were recorded by day, but to make 

the trend information more concise, we summarised them by month. The IgG statuses 

(detectable/positive or undetectable/negative) were described as frequency and percentage, 

and IgG levels were as n, median (IQR), and minimum-maximum.  

To explore potential factors associated with IgG levels in COVID-19, the generalized 

linear mixed models (GLMMs) with normal distribution and identity link function, predictive 

variables as fixed effects, and subject as random effect were employed. The natural logarithm 

of IgG level was the dependent variable. Time (month), age (year), gender, race, fever, and 

loss of smell and taste were predictive variables. All predictive variables were included in 

univariate GLMMs separately and in multivariate GLMM simultaneously. Geometric mean 

ratios (GMRs) and 95% confidence intervals (CIs) were estimated by taking an antilog 

transformation of estimates coming from the GLMM. The half-life was calculated from the 

GLMM using the formula −ln(2)/𝛽1  where 𝛽1  was the coefficient of day. The half-life was 

defined as the time elapsed (days) for the IgG level to reduce to half of its initial level. The 

graph comprised of the daily change of IgG levels since positive PCR and the fit curve for the 

predicted day effect from the GLMM was presented. Missing data of baseline characteristics 

were imputed by median (continuous variables) and category which occupies the majority 

(categorical variables) in the GLMM. 

Statistical analyses were performed using SAS 9.4 software (SAS Institute). 

 

9.2.3 Ethical approval 

The study was approved by the Committee of National Research Ethics Service (NRES) (West 

Midlands - Edgbaston) (IRAS ID: 281788). 
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9.3 Results  

9.3.1 Participants included in the analysis 

From 19 March 2020 up to 10 February 2021, 2216 participants were screened for PCR for 

18884 times; 510 participants were tested for IgG for 899 times (Figure 9.1). Twenty five 

participants had at least one positive PCR testing results and IgG data afterwards, 1 

participant was excluded from the analyses due to incomplete data, 4 participants were 

excluded due to reinfection during the study period (who may have different patterns of IgG 

kinetics), and finally 20 participants were included. The analyses were based on 77 

serum/plasma samples with a mean of 4 serum/plasma samples per participant (range 1-18). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Participants who had at least one positive PCR test result 

and IgG data afterwards (n=25) 

Excluded (n=5) 

 Incomplete data (n=1) 

 Reinfection during the study period 
(n=4) 

Included for analyses (n=20) 

 77 serum/plasma samples with a mean of 4 serum/plasma 
samples per participant (range 1-18) 

Met inclusion criteria from 19/03/2020 to 10/02/2021 

(n=2216) 

 Screened for PCR for 18884 times (n=2216) 

 Tested for IgG for 899 times (n=510) 
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Figure 9.1 Consort diagram 

9.3.2 Characteristics of participants 

Median age in the study sample was 34.5 years (IQR 28.5-52.0), and most of the subjects were 

male (65.0%) (Table 9.1). Approximately half of the subjects were Caucasian (52.6%), 15.8% 

were Black African, and 31.6% were other races (including Hispanic, Indian, Pakistani, other 

Asian than Chinese and Japanese). Around half of the subjects (47.4%) had fever; the majority 

of subjects (68.4%) had lost their smell and taste, and one third of subjects had neither lost 

smell nor taste (31.6%). The median follow-up time post initial positive PCR testing was 2 

months (IQR 1-2). 

 

Table 9.1 Demographic characteristics of subjects with at least one positive PCR result 

 

Characteristics Statistics All 

Age (year) n 20 

 Median (IQR) 34.5 (28.5-52.0) 

 Min-Max 24.0-66.0 

Gender (n/N [%]) Female 7/20 (35.0%) 

 Male 13/20 (65.0%) 

Race (n/N [%]) Caucasian 10/19 (52.6%) 

 Black African 3/19 (15.8%) 

 Other races* 6/19 (31.6%) 

Fever (n/N [%]) Yes 9/19 (47.4%) 

 No 10/19 (52.6%) 

Loss smell taste (n/N [%])** Loss of smell and taste 13/19 (68.4%) 

 Neither loss of smell nor taste 6/19 (31.6%) 

Time (month) n 20 

 Median (IQR) 2.0(1.0-2.0) 

 Min-Max 1.0-11.0 

* Including Hispanic, Indian, Pakistani and other Asian than Chinese and Japanese. 

** No participant in the study only lost smell or only lost taste. 

Abbreviation: IQR, interquartile range. 
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9.3.3 Percentage of participants with detectable or positive IgG 

The percentage of the subjects who had detectable or positive IgG decreased over time. At 

month 1 post initial positive PCR testing, 75.0% (9 subjects) of the subjects had detectable or 

positive IgG, while 25.0% (3) had not (Table 9.2). At month 2, 70.0% (14) of the subjects still 

had detectable or positive IgG. At month 3, the percent dropped to only 42.9% (3); from 

month 4 to 7, only 10% to 20% (1); from month 8 to 11, our data did not show any subjects 

who had detectable or positive IgG.  

 

Table 9.2 Percent of participants with detectable or positive IgG since positive PCR by month  

 

Month Detectable or positive, n/N(%)* 

1 9/12 (75.0%) 

2 14/20 (70.0%) 

3 3/7 (42.9%) 

4 1/6 (16.7%) 

1-4 27/45 (60%) 

5 1/5 (20.0%) 

6 1/7 (14.3%) 

7 1/5 (20.0%) 

8 0/5 (0%) 

5-8 3/22 (13.6%) 

9 0/5 (0%) 

10 0/4 (0%) 

11 0/1 (0%) 

9-11 0/10 (0%) 

* n, numbers of participants with detectable or positive IgG since positive PCR; N, numbers of participants tested IgG status since positive PCR; %, 
percent of participants with detectable or positive IgG since positive PCR. 

 

9.3.4 IgG kinetics and potential influential factors 

IgG levels showed a decreasing pattern over time within 11 months with an individual 
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heterogeneity in quantity and speed (Figure 9.2). The median IgG level at month 1 was 4.05 

S/CO (IQR 1.71-6.54), then decreased to 2.31 (IQR 0.83-5.27) at month 2, 1.23 (IQR 0.51-4.57) 

at month 3, and then below 1 from month 4 to month 11 (Table 9.3). 

 

 

   

Figure 9.2 Daily change of IgG levels since positive PCR per subject and fitted curve of IgG levels from the generalized linear mixed model (thick 

magenta curve) 
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Table 9.3 IgG levels (S/CO) since positive PCR by month 

 

Month Statistics All 

1 n 12 

 Median (IQR) 4.05 (1.71-6.54) 

 Min-Max 0.65-7.65 

2 n 20 

 Median (IQR) 2.31 (0.83-5.27) 

 Min-Max 0.01-6.40 

3 n 7 

 Median (IQR) 1.23 (0.51-4.57) 

 Min-Max 0.40-5.00 

4 n 6 

 Median (IQR) 0.91 (0.33-1.09) 

 Min-Max 0.29-2.00 

1-4 n 45 

 Median (IQR) 2.23(0.81-5.18) 

 Min-Max 0.01-7.65 

5 n 5 

 Median (IQR) 0.53 (0.24-0.68) 

 Min-Max 0.22-1.56 

6 n 7 

 Median (IQR) 0.40 (0.14-1.11) 

 Min-Max 0.12-1.44 

7 n 5 

 Median (IQR) 0.84 (0.36-0.91) 

 Min-Max 0.30-1.64 

8 n 5 

 Median (IQR) 0.26 (0.25-0.27) 

 Min-Max 0.09-0.48 

5-8 n 22 

 Median (IQR) 0.38(0.24-0.91) 

 Min-Max 0.09-1.64 

9 n 5 

 Median (IQR) 0.22 (0.09-0.22) 

 Min-Max 0.09-0.49 

10 n 4 

 Median (IQR) 0.16 (0.12-0.49) 

 Min-Max 0.10-0.79 

11 n 1 

 Median (IQR) 0.57 (0.57-0.57) 

 Min-Max 0.57-0.57 

9-11 n 10 

 Median (IQR) 0.20(0.10-0.49) 

 Min-Max 0.09-0.79 

Abbreviation: IQR, interquartile range. 



162 
 

IgG level declined non-linearly with the follow-up time (per month; GMR 0.73; 95% CI, 

0.72-0.74; Table 9.4). There was some evidence on the association between IgG level and loss 

of smell and taste (GMR 9.40; 95% CI, 1.12-78.97) but weak evidence on the associations 

between IgG level and gender and race: female vs. male (GMR 4.78; 95% CI, 0.99-22.98), 

Caucasian vs. other races (including Hispanic, Indian, Pakistani, other Asian than Chinese and 

Japanese; GMR 0.19; 95% CI, 0.03-1.02). There was insufficient evidence on the associations 

between IgG level and age or fever. In addition, the calculated IgG half-life was 65 days (95% 

CI, 62-68). The fit curve of IgG levels from the generalized linear mixed model fitted the data 

well, showing a non-linear decreasing trend (Figure 9.2). 

 

Table 9.4 Estimates of geometric mean ratios and 95% CI of IgG from the univariate linear mixed models and multivariate linear mixed model 

 

Characteristics* Crude GMR (95% CI) P-value Adjusted GMR (95% CI) P-value 

Time (month) 0.73(0.72,0.74) <.0001 0.73(0.72,0.74) <.0001 

Age (per 5 years) 1.01(0.81,1.25) 0.95 0.83(0.60,1.15) 0.25 

Female vs. Male 1.15(0.34,3.89) 0.82 4.78(0.99,22.98) 0.05 

Caucasian vs. Other races† 0.33(0.09,1.12) 0.07 0.19(0.03,1.02) 0.05 

Black African vs. Other races† 0.41(0.08,2.19) 0.29 0.12(0.01,1.22) 0.07 

Fever vs. No fever 0.88(0.28,2.81) 0.83 0.57(0.12,2.61) 0.46 

Loss of smell and taste vs.  

Neither loss of smell nor taste†† 

3.38(0.95,12.00) 0.06 9.40(1.12,78.97) 0.04 

* Missing data of categorical variables of baseline characteristics were imputed by the category which occupies the majority, and continuous variables 
had no missing data: race: 1 missing data was replaced by Caucasian; fever: 1 missing data was replaced by no; loss of smell and taste: 1 missing data 
was replaced by loss of smell and taste. 

† Including Hispanic, Indian, Pakistani and other Asian than Chinese and Japanese. 

†† No participant in the study only lost smell or only lost taste. 

Abbreviation: GMR, geometric mean ratio. 

 

9.4 Discussion 

We longitudinally characterized the detectable/positive rate of IgG antibody and the dynamic 
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changes of IgG level over time after the onset (positive PCR for SARS-CoV-2), allowing a better 

understanding of the immune response in the general population with SARS-CoV-2 infection. 

Our study showed that IgG antibodies could be detected in up to 70% of infections in the first 

two months after a positive PCR, and the detectable/positive rate of IgG antibody responses 

in subjects gradually decreased within 3-7 months. IgG antibody levels continued to wane 

from the second month to the eleventh month with an individual heterogeneity in quantity 

and speed. Gender, race and loss of smell and taste may be associated with IgG levels. 

The IgG detectable/positive rate in the PCR positive population can help estimate the 

proportion of individuals that has antibodies against SARS-CoV-2. Here we report that among 

20 subjects with noncritical disease, a high proportion of individuals had detectable or 

positive IgG in the first two months while a growing proportion of individuals lost their 

detectable or positive IgG from month 3. Previous studies have shown high rates of 

seroconversion of IgG to detectable or positive levels between 4 and 14 days after symptoms 

onset in SARS-CoV-2-infected patients 169,178,351-353. A study described that substantial 

amounts of IgG antibody in hospitalized and non-hospitalized patients with COVID-19 were 

detectable up to 60 days after symptom onset 178. Similar results were reported in another 

serological study showing that except for the patients who failed to produce detectable levels 

of IgG with commercial assays, irrespective of the severity of symptoms, other patients still 

had detectable IgG levels >75 days post symptom onset 354. A longer-term study of anti-SARS-

CoV-2 IgG levels reported that IgG can be detected in most recovered patients at 3-4 months 

after infection 172. Another study detected a high percentage of subjects with seropositive IgG 

at 6 to 8 months post-symptom onset 173. By contrast, for the SARS-CoV-1 infection that 

occurred in 2003, previous studies have shown that a high proportion (>70%) of patients’ IgG 
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levels were detectable after 1, 2, and 3 years 355,356. However, to understand the IgG 

detectable/positive rate and kinetics, the performance of the serological tests used (e.g. 

sensitivity to detect IgG) needs to be taken into consideration 357. In addition, the specific 

positive proportion values in our study need to be interpreted with caution and may be 

underestimated, because validation of the assay we used may have been performed in 

COVID-19 patients with severe symptoms and the fixed cut-off for a positive diagnosis may 

be set too high for the general population, which is also a problem previously encountered in 

the SARS-CoV-2 antibody tests 358.  

On the other hand, our study found 4 reinfections among 25 PCR-positive participants 

within the 11 months study period. This may suggest immunity can rapidly decline over time 

and improving immune persistence through vaccines is necessary. The declined immunity 

may be due to the wane antibody response which represents part of the immune system, or 

the falling T cell response which is the other part 172,173. In addition, some SARS-CoV-2 variants, 

such as B.1.617, may evade antibodies induced by prior infections and lead to reinfections 359. 

The daily change plot of IgG levels showed extensive individual heterogeneity in 

quantity and changing speed over time in COVID-19 positive subjects, so we used a 

generalised linear mixed model in which random effects were fitted to handle with between-

subject and within-subject variabilities. We demonstrated a decreasing tendency of IgG 

antibody levels from the second month to the eleventh month. Previous reports presented 

that antibody response peaked between the 2-5 weeks after infection and declined 

afterwards 186,360,361. A study observed no drastic decline in IgG levels 3-4 months after 

infection 172. Nevertheless, our results are in line with previous studies indicating the decline 

for IgG was statistically significant at month 2-3 360, most patients showed a variable degree 
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of reduction in antibody levels within 6 months post-illness onset 362, and a progressive 

decline of IgG values was observed at about 6 months later 170. In addition, the calculated IgG 

half-life in our data was 65 days post positive PCR (95% CI, 62-68), which was similar to a 

previous study of 68 days, suggesting that IgG may wane from 2 month post-infection 173.  

Our study provided some evidence on the association between higher IgG levels and 

loss of smell and taste in subjects with SARS-CoV-2 infection but insufficient evidence on the 

association between IgG levels and fever. To the best of our knowledge, the studies on the 

association between immune responses and loss of smell and taste are currently rare, 

highlighting the novelty and impact of the present study. A study showed that among patients 

with COVID-19, those reporting loss of smell and taste developed higher antibody titers 182; 

another study demonstrated that among patients with upper respiratory tract infection, 

COVID-19 IgG antibody titers were higher in patients with olfactory disorders than those 

without 363; but both studies did not further discuss the potential mechanisms. De Melo et. 

al. investigated the interaction between SARS-CoV-2 and the olfactory system and its 

pathophysiological mechanisms based on patients and animal models with SARS-CoV-2 

related anosmia/ageusia 364. They observed the expression of cleaved caspase-3 in the 

olfactory mucosa, indicating cell damage and death caused by SARS-CoV-2 infection. They 

found the cleaved caspase-3 in both infected and uninfected cells, suggesting that cell 

damage and death are not only caused by cytopathic effects of SARS-CoV-2, but also possibly 

by the inflammation and immune responses to infection, and observed some up-regulated 

genes which were mainly involved in inflammatory and immune responses and functions 

associated with chemokine signalling. In addition, they did not observe cell death or immune 

cells in the olfactory mucosa in a COVID-19 patient without loss of smell, suggesting the 
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importance of assessing the associations between inflammation, immune responses, and cell 

and tissue damage and smell loss using larger cohorts to validate their observations. However, 

since different variants of the SARS-CoV-2 may have different symptoms, loss of smell and 

taste may not always be a dominant feature and associated with IgG levels. A previous study 

showed that in several asymptomatic cases, the antibody levels were lower, and the IgG 

seroconversion was delayed compared to the symptomatic cases 362. Among studies exploring 

the relationship between disease severity and humoral immunity against SARS-CoV-2, some 

studies reported IgG seroconversion time, positive rates, and levels were associated with 

more severe forms of the disease 178,179,186,365-367 but others did not 180,181,188,368. Some 

publications proposed that higher IgG levels in patients with more severe disease may be due 

to the high amounts of SARS-CoV-2 RNA 369, and a strong and uncontrolled humoral response 

may be a feature of over-activation of the immune system in patients with severe disease and 

may contribute to the disease pathogenesis of a severe systemic inflammatory response 

(called “cytokine storm”) and organ damage 170,370. On the other hand, another study stated 

that the IgG levels in critically ill patients were lower than moderate and severe patients, 

which may be the result of longer virus exposure or a severely impaired immune response in 

these patients 371. 

We found weak evidence on the association between IgG levels and gender. Caution 

needs to be taken when interpreting the result and further studies are warranted to verify 

the association. Legros et al.’s longitudinal study of 140 COVID-19 patients revealed that the 

IgG response can be used as a marker for neutralizing antibody activity and found that gender 

was not associated with neutralizing antibody activity 170. In agreement with Legros et al., 

other studies did not show gender differences in the antibody response 351,372,373. By contrast, 
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a study observed gender differences on anti-nucleocapsid IgG antibody response at weeks 6-

7 during a 10-week follow-up, but did not test the gender differences on the overall trend of 

IgG 360. 

In addition, our study looked at whether there was a difference in the generation of 

antibodies against SARS-CoV-2 infection in individuals from different ethnicities. We provided 

weak evidence on the difference on IgG levels between Caucasian and other races (including 

Hispanic, Indian, Pakistani, other Asian than Chinese and Japanese) but insufficient evidence 

on the difference between Black African and other races. However, currently the studies 

exploring this question are rare.  

Our study provided insufficient evidence on differences in immune response in 

relation to age. However, a study covering COVID-19 patients from 16 to over 65 years old 

found that antibody levels were age-related, showing that higher antibody levels correlated 

with older patients 374. Another study detected a moderate association between age and 

neutralizing activity 375. However, Legros et al.’s study found no association when examining 

whether age was related to neutralizing antibody activity in the same disease severity group 

of COVID-19 patients, indicating that disease severity may be the main factor explaining the 

neutralizing activity 170. Other studies did not find a clear correlation between IgG levels and 

age 351,372,376. 

This study has several limitations. First, although the study provided insight into the 

IgG response and potential influential factors in PCR-confirmed COVID-19 subjects, the 

sample size of this study is still modest and the study findings need to be corroborated by 

larger studies. But the generalised mixed model we employed allowed us to efficiently use 

the information by combining measurements from different subjects. Second, while our study 



168 
 

described the longer-term kinetics of IgG up to 11 months, we only characterized the 

decreasing phase and did not have enough data to model the early growth phase and peaking 

point which was supposed to happen around the first month. Third, due to lack of data, we 

did not analyse the impact of other potential factors on antibody kinetics, e.g. Asian race 

including Chinese and Japanese, disease severity, comorbidities 348, laboratory features such 

as C-reactive protein 377, and virus neutralization titre 180. For the same reasons, we were 

unable to investigate the kinetics of IgG responses to the spike protein of coronavirus. 

 

9.5 Conclusion 

This chapter (Chapter 9) demonstrated that in people confirmed with SARS-CoV-2 infection, 

a high proportion of individuals had detectable or positive IgG antibody levels in the first two 

months while a growing proportion of individuals lost their detectable or positive IgG after 

that, highlighting the importance of developing long-term immunity, which may be achieved 

from effective vaccine strategies. IgG levels declined non-linearly from month 2 to 11 with 

individual heterogeneity in quantity and changing speed and tended to be associated with 

gender, race, and the loss of smell and taste. These factors may need to be taken into 

consideration when making efforts to build herd immunity and fight against COVID-19. To 

reduce the further impact of the pandemic on society and patients with different 

characteristics, the long-term monitoring on the efficacy of COVID-19 vaccines in these 

different groups may be required. 

The main chapters of this work including Chapter 3 to Chapter 9 provide new insights 

into the novel disease COVID-19. Chapter 3 to Chapter 5 carefully investigate risk factors 

associated with three life-threatening situations: being severe or critically ill status, 
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experiencing disease deterioration from asymptomatic or mild or moderate status into severe 

or critically ill status, and developing respiratory failure. This can help provide evidence for 

health care professionals and policy makers to make better decision on the clinical 

management and allocation of medical and social resources and prevent potential mortalities. 

Based on these much-needed information, Chapter 6 to Chapter 7 provide more 

comprehensive information on two factors: age factor and pulmonary opacity score in CT. 

With this knowledge, the following chapter (Chapter 8) builds a nomogram which can be a 

reliable prediction tool for assessing the probability of being severe or critically ill and may 

facilitate clinicians stratifying patients and providing early and optimal therapies. In particular, 

Chapter 3 to Chapter 8 provide evidence that older patients with underlying diseases may 

have lower immunity and be prone to severe illness after infection with SARS-CoV-2, which 

can cause death. This indicates that these patients may require active clinical care and 

treatment to reduce deaths and save lives, and also leads to Chapter 9 that investigates the 

immunity caused by infection of COVID-19 and explores what factors may affect the level of 

immunity.  
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Chapter 10 Discussion 

10.1 Introduction  

The research presented in the preceding chapters used datasets from Jiangsu province and 

Hunan province, China, and also from the UK; explored potential factors associated with 

severe/critical illness, disease deterioration, respiratory failure, and IgG antibody levels 

change; and systematically assessed associations between age and CT pulmonary opacity 

score and baseline features and clinical variables in COVID-19 patients. This chapter discusses 

the main findings of these investigations, and the potential explanations for the associations 

observed. 

 

10.2 Summary of findings 

This PhD work aimed to investigate the characteristics of COVID-19 and their associations with 

clinical outcomes and immunity. Despite the limitations which were detailed in previous 

chapters, the investigations provided evidence of the associations between characteristics of 

COVID-19 and clinical outcomes and immunity. Specifically the study has: 

a. demonstrated that patients with COVID-19 in Jiangsu had a low rate of severe or 

critically ill presentation, with no deaths recorded; 

b. identified that age, CT pulmonary opacity and lymphocytes were independently 

associated with severe or critically ill presentation; 

c. found that 16.3% of patients experienced a deterioration in their clinical condition and 

6% of patients with “moderate or less” status deteriorated to being “severe or critically 

ill”; 
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d. indicated that age, pulmonary opacity score, lymphocyte count on admission and 

exposure to the pandemic centre in Wuhan were independent risk factors for disease 

deterioration; 

e. showed that the rate of respiratory failure in Jiangsu province, China (9%), was similar 

to the national level in China, but much lower than in Wuhan city (the epicentre of 

COVID-19 pandemic in China) and some other countries; 

f. identified four independent risk factors of respiratory failure in patients with COVID-

19 including older age, increased respiratory rate, decreased lymphocyte count and 

greater pulmonary opacity score at admission; 

g. confirmed that older patients had worse clinical outcomes, in part due to 

comorbidities in older people, and higher rates of smoking and drinking habits, and 

immune, organ, and coagulation dysfunction on admission; 

h. demonstrated that the degree of CT pulmonary opacity was closely related to age, 

single onset, fever, cough, SpO2, lymphocyte count, platelet count, albumin level, CRP 

level and fibrinogen level; 

i. demonstrated that a high proportion of the general population confirmed with SARS-

CoV-2 infection had detectable or positive IgG antibody levels in the first two months 

while a growing proportion of individuals lost their detectable or positive IgG after that, 

and IgG levels tended to be associated with gender, race, and the loss of smell and 

taste. 

 

As a result, the study has contributed to further understanding of the potential risk 

factors underlying adverse outcomes and immunity of COVID-19, and may help the 
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prevention and control of COVID-19, and help reduce mortality. 

 

10.3 Mortality 

The zero mortality amongst patients in the Jiangsu dataset may be unexpected. The main 

reasons have been detailed in the literature (mainly due to the early recognition of high-risk 

and critically ill patients, early intervention, hierarchical management strategies, and 

reasonable allocation of materials and human resources) 58. China attaches great importance 

to curbing the spread of the virus through public health measures including detection, tracing, 

isolation, and encouraging social distancing and wearing masks to reduce the mortality rate, 

although early recognition and early intervention of high-risk and critically ill patients are 

important to reduce mortality in the early stage of pandemic and in settings adopting a policy 

of coexisting with the virus. On the other hand, according to the bulletin from the National 

Health Commission and the Provincial Health Commission in China 

(http://2019ncov.chinacdc.cn/2019-nCoV/), up to the 23rd December 2020, no or few deaths 

occur in most provinces of China, e.g. 0 death in Shanxi, Xizang (Tibet) and Ningxia province, 

and 1 death in Zhejiang, Fujian and Jiangxi province, respectively. Only four provinces and 

regions have more than 10 deaths, including Hubei (4512 deaths), Henan (22 deaths), 

Heilongjiang province (13 deaths) and Hong Kong Special Administrative Region (133 deaths). 

In addition, the quality of data from Jiangsu province has been recognised by discussion and 

confirmation with the department collecting the data. The department has confirmed that all 

patients in Jiangsu conformed to the discharge standard without COVID-19 and were alive 

when they were discharged (the discharge standard was that body temperature was normal 

for more than 3 days, symptoms were relieved for patients with any symptoms and RT-PCR 

http://2019ncov.chinacdc.cn/2019-nCoV/
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for SARS-CoV-2 [throat swab samples, at least 1 day for sampling interval] showed negative 

for two consecutive times).  

This research could not address the risk factor and prediction issues of mortality, 

because there was no mortality dataset available for this work. However, this 

thesis addressed the issues of prediction of severe or critical illness of COVID-19. Patients 

with severe or critical illness are at high risk of death, especially in settings with limited 

medical resources, and need early identification and early intervention. On the other hand, 

strong immunity is the basis to combat COVID-19. Therefore, the further information and 

understanding on risk factors of severe or critical illness and immunity, as well as the 

prediction model on severe or critical illness provided in this PhD work could help address the 

issues of mortality and help health care professionals and policy makers to make evidence-

based decisions.  

 

10.4 Predictors of adverse outcomes of COVID-19 

For successful control of mortality related to COVID-19, patients with COVID-19 having risk 

factors of adverse outcomes of COVID-19 need to be carefully managed during hospitalisation. 

The practical nomogram constructed in this work was comprised of a few readily available 

baseline demographic, clinical and CT features (age, lymphocyte count and pulmonary opacity 

score) and may predict severe COVID-19 with good discrimination and agreement, which 

enables physicians to identify patients with high risk early and correctly and take proactive 

measures accordingly. 
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10.4.1 Comorbidities and age 

In studying the pathogenesis and developing management strategies of COVID-19, age is 

confirmed as a critical factor in the severity of infection. This work found that initial symptoms 

including fever, cough, and shortness of breath occurred more frequently among adults 

compared to child patients. This work also showed that the ICU and respiratory failure rate, 

and length of hospital stay increased with age. In addition, this study found that age was 

independently associated with severe or critically ill presentation, disease progression, and 

also respiratory failure. Age was the most consistent factor among factors affecting the risk 

of severe COVID-19 in different studies, including several studies that used multivariate 

regression models to conclude that age was an independent risk 378-381. One of the clearest 

analyses of age data using different age groups was a univariate regression model analysis in 

which individuals aged 65 years and older had a 3.26-fold higher risk of developing ARDS than 

those under 65 382. In the prediction model of this work, age was one of the predictors of 

severe COVID-19. These results are consistent with some previous studies 41,59,138,225,238. 

COVID-19 mortality rates vary widely by age group, with those aged 65 to 74 having a 95-fold 

higher mortality rate compared to those aged 18-29, 230-fold higher among those aged 75-

84, and 600-fold higher among those aged 85 and above 383.  

This study demonstrated that the quadrant score and pulmonary opacity score 

increased with age, suggesting more severe abnormal imaging manifestation on admission 

among these older patients, which is consistent with the previous finding 273. More abnormal 

manifestation in laboratory parameters in older patients may also be an early sign of, and a 

contribution to, immune, organ, and coagulation dysfunction, and hence severe illness and 

poor outcomes, which is in line with other studies 205,273.  
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Poorer clinical outcomes among the elderly may also be partly due to their higher 

incidence of comorbidities (such as hypertension, coronary heart disease and diabetes) and 

hence immunological vulnerabilities, also the age-related degeneration of the immune 

system (known as immunosenescence) and hence impaired immunity to SARS-CoV-2 which is 

a defence mechanism against respiratory viruses and contributes to virus clearance 261,335,336. 

Several studies have linked the risk of severe illness in people with COVID-19 to any 

comorbidities, such as hypertension 41,44,378,379,384-386, diabetes 41,85,378-380,384,385,387-389, and 

some other comorbidities 44,50,384,386-388,390-392. The role of comorbidities in COVID-19 may be 

correlated to the underlying pathology of the SARS-CoV-2 382. SARS-CoV-2 can infect all the 

major cell types in the respiratory tract mainly via host cell receptor ACE2, and the 

corresponding inflammatory response of the release of cytokines such as the interleukins 1β 

and 6 can cause cell death and systemic effects leading to disseminated intravascular 

coagulation, pulmonary oedema, ARDS, shock and other severe diseases 382,393-395. ACE2 is 

involved in the renin-angiotensin system that controls blood pressure, and viral infection can 

interfere with this function and aggravate the cells damage by changing vasoconstriction and 

sodium homeostasis and causing pro-inflammatory state and an increase in vascular 

permeability 382. Renal disease, cardiovascular dysfunction and other conditions, as the 

incentives of hypertension, also affect renin-angiotensin system and may aggravate the 

pathology of SARS-CoV-2 382. Any comorbidity that produces a pro-inflammatory state (e.g. 

type II diabetes or pre-existing infection) or that involves autoimmunity (e.g. type I diabetes) 

may also lead to increased pathology 382. Comorbidities such as HIV infection and cancer 

requiring inflammatory cells or the use of immunosuppressant drugs (e.g. chemotherapy or 

steroids) may also worsen the disease severity 382. Additionally, SARS-CoV-2 infection may 

exacerbate the level of cells damage if the target tissue is already compromised by the 
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underlying disease 382. 

The thymic involution in older patients causes age-related reduction of T cell 

repertoire diversity and defects in CD4+ and CD8+ T cell function and hence significantly 

reduces immune function (immunosenescence) 231,284,382. Another study reported that, 

except for immunosenescence in older people, age-related increases in levels of 

phospholipase could also result in a delay of immune response and poor outcomes after SARS-

CoV infection 285. Research focused on innate immune-related mechanisms and viral 

clearance in patients with COVID-19 of different age groups may help determine the 

underlying mechanisms of disease severity.  

Other explanations about why older people suffer poorer outcomes may be due to 

the higher prevalence (twice the rate) of smoking and alcohol drinking in older patients with 

COVID-19 in Jiangsu. A history of smoking has been identified as a factor contributing to the 

progression of COVID-19 pneumonia 238. Another small study also shows that 100% of current 

smokers suffered from severe diseases 384. But it is worth noting that, some other studies do 

not support smoking as a risk factor for disease severity and found the distribution in 

historical/current and non-current/non-smokers similar across disease severity using 

descriptive or statistical tests 379,387,390. 

In addition, the relationship between age and severe disease may be related to 

angiotensin converting enzyme-2 (ACE2). A study showed that ACE2 had an important 

salutary function: ACE2 limits several detrimental effects, including vasoconstriction and 

enhanced inflammation and thrombosis, but it is markedly downregulated by the entry of 

SARS-CoV-2 into cells, which may be especially detrimental in elderly individuals with age-

related baseline ACE2 deficiency 334. Some other reasonable mechanisms of mild presentation 
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in children include qualitatively different responses to SARS-CoV-2, or different virus-to-virus 

interaction and competition from other viruses limiting SARS-CoV-2 growth 202.  

On the other hand, most of the deaths were due to ARDS, histologically presenting as 

diffuse alveolar damage (DAD); however, in older adults with COVID-19, increased circulating 

inflammatory cytokines and age-related epigenetic abnormalities prevent the general 

response to DAD (downregulation of ACE2 expression) and even lead to upregulation of ACE2, 

ultimately leading to poorer clinical outcomes 383,396. Furthermore, 1,25(OH)2D3, as the active 

form of vitamin D, can induce ACE2/Ang-(1-7)/MasR axis activity and inhibit renin and 

ACE/Ang II/AT1R axis, thus potentially exerting protective effect on ARDS; nevertheless, 

vitamin D synthesis is significantly reduced in people aged 60 and above, possibly attenuating 

the protective effects of ARDS 383,397. 

Another study proposed that children usually had had vaccines against polio and 

measles, mumps, and rubella (MMR) more recently and hence may have higher titers of 

nonspecific anti-viral antibodies to protect children from developing severe illness from 

COVID-19 398,399. Similarly, among children and young adults, the infection rates of seasonal 

human coronavirus are generally higher so these populations may have more cross-reactive 

antibodies 400. Therefore, pneumococcal vaccination is recommended by CDC for the elderly 

and children under the age of two 401. In addition, a strong response to type I interferon is a 

key factor in people with mild or no response to SARS-COV-2, so the older individuals with 

reduced type I interferon may hence show more severe illness 398,402.  

The PhD work supports previous research that older people with pre-existing 

conditions are at higher risk of severe illness, so policy makers may need to be careful to 

prioritise these individuals for immunization when allocating vaccines, especially when 
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vaccines volumes are limited 71. 

 

10.4.2 Radiological characteristics 

This study demonstrated that the degree of CT pulmonary opacity indicating the severity of 

lung dysfunction was closely related to age, single onset, fever, cough, SpO2, which is 

consistent with the previous studies 95,292,308,310,311,403,404. This study also showed that in 

patients with COVID-19, as CT pulmonary opacity score increased, platelet count and albumin 

level decreased, while the level of CRP and fibrinogen elevated, and >=41% of lung 

involvement was associated with more severe lymphopenia, suggesting signs of viral infection 

and inflammation, abnormal coagulation function and liver function 303,312-314.  

The data here showed that pulmonary opacity score, especially when >=41%, may be 

an accurate indicator of severe or critical illness, acute respiratory failure, intensive care 

requirements and disease progression, which is in accordance with previous studies 

233,298,303,305,307,317. CT involvement score can help early diagnosis, severity assessment and 

treatment of COVID-19 95,318,319 and may indicate the progression and recovery of the disease 

92,320. This work found patients with more pulmonary opacity stayed longer in hospital, which 

may be due to more severe illness and more medical treatment and oxygen support 

associated with a higher pulmonary opacity score 98,302,326,327,405. 

The role of CT pulmonary opacity in COVID-19 severity may also be correlated to the 

pathology of the SARS-CoV-2. The internalization of the virus into lung cells and hence the 

cytokine storm can cause acute pulmonary interstitial injury which may lead to GGO and 

parenchymal changes, manifested as increased CT pulmonary opacity. ACE2 is widely 
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expressed in the lungs (particularly in type 2 pneumocytes and macrophages) 334. SARS-CoV-

2 enters its host cell through the receptor ACE2 and causes diseases 341. In the lungs, after 

viral invasion via ACE2, the dysregulation resulting from ACE2 deficiency promotes 

inflammation and thrombosis triggered by local angiotensin II hyperactivity, leading to cell 

death and lung damage 334. The sub-segmental pulmonary vasodilatation surrounding 

parenchymal abnormalities has also been demonstrated to be possibly attributed to the 

release of pro-inflammatory factors 92,294,406. In patients infected with SARS-CoV-2, 

angiotensin II levels were positively linearly correlated with viral load and lung injury 342. 

Several possible treatment options related to ACE2 have been proposed 345-347. On the other 

hand, the expression of the antiviral protein interferon-inducible transmembrane protein 3 

(IFITM3) in the lung is much lower than that in other tissues, which may be associated with 

severe lung symptoms in COVID-19 340. 

However, other viral pneumonia may also have imaging findings, so chest CT should 

not be used as a screening test to confirm COVID-19 but to assess disease severity or 

progression, and many patients actually didn’t take CT test 99-101,407. Some patients in this PhD 

work also didn’t take CT tests. On the other hand, clinical manifestations, epidemiological 

characteristics (such as a history of exposure), laboratory characteristics, and imaging 

characteristics can raise suspicions of COVID-19 infection, but the presence of SARS-CoV-2 

RNA in clinical specimens by microbiological tests, such as RT-PCR, should be employed to 

confirm diagnosis 101. 

 

10.4.3 Laboratory parameters 

This PhD work found severely or critically ill patients had more obvious damage of white blood 
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cells and immune cells with lymphopenia identified as an independent predictor of severe 

COVID-19, disease progression and respiratory failure. Some studies have also shown that in 

severe cases, the number of peripheral blood lymphocytes was significantly reduced 106,339,408. 

Patients with acute respiratory distress syndrome and patients requiring intensive care had 

lower numbers of lymphocytes than patients with a better prognosis 48. Approximately 85% 

of severely or critically ill patients with COVID-19 had lymphopenia 38,48. Significant reductions 

in lymphocytes have also been shown to be positively associated with in-hospital mortality 

and disease severity 50,409. The level of lymphocytes in individuals who died of COVID-19 was 

significantly lower than that in survivors 112. Lymphopenia was found to raise the risk of severe 

or critical COVID-19 pneumonia 44,59,67,130,338. The flow cytometry analyses showed that SARS-

CoV-2 can significantly reduce the number of lymphocyte subsets such as B cells, CD4+ T cells, 

CD8+ T cells, and NK cells 48,108,410,411. The reduction of CD8+ and CD4+ T cells was more 

significant in elderly patients over 60 years old and patients requiring intensive care units 412. 

CD8+ T cells and CD4+/CD8+ ratio were significantly associated with the inflammatory status 

of COVID-19 and were independent predictors of poor prognosis 413. Regulatory T cell levels 

were low in COVID-19 patients, mostly in those who had severe diseases 414. Notably, Zheng 

et al showed that NK cells were significantly reduced in COVID-19 patients, but then were 

remade after recovery 415. 

Severe complications of COVID-19 are generally attributed to virus-induced 

overactivation of the immune system and overproduction of pro-inflammatory cytokines 

known as cytokine storm, which may be used by the host immune system to compensate for 

lymphocyte deficiency and dysfunction 416. Lymphocytes are the main immune cells against 

SARS-CoV-2, and abnormalities in these cells may contribute to the exacerbation of COVID-
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19. Therefore, lymphocytes play an important role in the pathogenesis of COVID-19. The 

potential mechanisms for reduced lymphocyte levels in COVID-19 may be: lymphocytes are a 

direct target of viruses because they express the coronavirus receptor ACE2, lymphatic organs 

are destroyed by SARS-CoV-2, lymphocyte deficiency is induced by pro-inflammatory 

cytokines, and lymphocyte inhibition results from metabolic disorders 339. Cytokine storms 

can wreak havoc on the body's immune system, leading to ARDS, organ failure, other severe 

diseases, and even death 417. In addition to antiviral activity, synergistic effects of most 

inflammatory cytokines have been demonstrated to be antiproliferative and proapoptotic, 

and induce the expression of cytokines and cytokine receptors, thereby inhibiting 

lymphocytes proliferation 418-421. SARS-CoV-2 may directly attack lymphocytes or destroy 

lymphoid organs, resulting in lymphopenia 417. Also, the lymphopenia in severe COVID-19 

patients may be due to some metabolic molecules, such as the observed increased blood 

lactic acid levels 339. In addition, the antiviral protein IFITM3 is low in immune cells (including 

lymphocytes), indicating that SARS-CoV-2 may attack lymphocytes and induce cytokine 

release syndrome 340. Another proposed mechanism is that genes such as annexin V and other 

depletion-related genes are upregulated and may be associated with lymphocyte apoptosis 

38,413,422.  

Combining the roles of cytokine storm and inflammation-mediated lymphopenia in 

the pathogenesis of COVID-19, especially in severe cases, new therapeutic strategies aiming 

at controlling these events are under active research, such as blockade of pro-inflammatory 

cytokines, modulation of lymphocyte exhaustion, immunomodulators aiming at eliminating 

the number of pathogens, and NK cell-based therapy 416,423-427. However, the efficacy and 

safety of these new therapeutic strategies should still be evaluated through more precise 
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investigations 416. 

 

10.5 Clinical management 

The clinical management including oxygen supportive treatments and medical drugs 

treatments might impact the disease. But this work could not analyse it further since no 

appropriate data were available. The available data of clinical management were collected at 

the end of follow-up, so the clinical management could happen after the disease progression 

has already occurred. Since it was unable to determine the chronological order, i.e. whether 

the clinical management happened first or the disease progression happened first, this work 

could not analyse whether the clinical management impacts the disease. This is a limitation 

of the study. 

This study showed that a prolonged time from illness onset to admission may increase 

the risk of severe COVID-19, which is likely attributed to the delay of treatment. This is 

consistent with previous research 117,337. For settings similar to Spain with limited resources 

to receive mechanical ventilation and ICU treatment at disease outbreak stage 268, the 

experience in Jiangsu province may be beneficial to COVID-19 patients with respiratory failure: 

in Jiangsu, a large proportion of patients with respiratory failure conducted prone position 

and received HFNC or NIV, which help reduce the further use of IMV and mortality (no death 

occurred and all patients were discharged at the end of the study). This confirms the findings 

from several previous small studies 269,270. 

All the centres in Jiangsu province, China shared the same quite successful experience 

of management of COVID-19, including the diagnosis and treatment, and complied with the 

“Diagnosis and Treatment Protocol for Novel Coronavirus Pneumonia” released by National 
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Health Commission & National Administration of Traditional Chinese Medicine of China. 

Although those 24 hospitals in Jiangsu province are different in terms of medical resources 

and other aspects, they were well selected high-quality hospitals from the whole Jiangsu 

province, and were required to follow the same guidelines of management of patients with 

COVID-19. So the centre differences are expected to be small and the centre factor was 

therefore not included in the analysis. 

Antiviral drugs, protease inhibitors, and drugs targeted to the viral genome or human 

ACE2 receptors were considered to help alleviate SARS-CoV-2 infection 428. However, it has 

been suggested that the most efficient way to control the pandemic is building antibody-

mediated immune responses by vaccination 429. Currently, drugs used to treat critically ill 

patients are mostly repurposed drugs, and these drugs are considered life- and time-saving 

and cost-effective during the pandemic, but the long term efficacy and safety (such as dose 

optimization and dose-related toxicity) of the drugs for this new disease still warrant further 

confirmation 4. Some novel treatments, such as convalescent plasma therapy, are also under 

active research 101,430. In addition, when developing effective and safe treatments, different 

characteristics of the patients and the relevant immune responses need to be taken into 

consideration 146.  

Because the patients in China included in this study fell ill at the very early stage of the 

pandemic, there was basically no treatment experience and not much research evidence for 

the disease at that time. Therefore, Chinese medical experts made efforts to treat the disease 

based on their previous experience and patients’ clinical manifestations, considered to give 

more active oxygen supportive treatments and medical drugs (including antibiotics and 

antivirals) for patients with severe illness, and in particular, considered to increase medical 
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treatment and oxygen support with the increase in patients’ age and pulmonary CT 

opacity score. However, from the point of view of zero mortality, the treatment strategy at 

that time was relatively scientific. In addition, based on the latest research evidence and 

information on COVID-19 treatment, the treatment management strategies in China reported 

in this PhD work have reference significance for the world to combat the pandemic.  

 

10.6 Immunity to SARS-CoV-2 

This work discussed the immunity to SARS-CoV-2 from an epidemiological perspective, as well 

as clinical and immunological aspects, and made efforts to explain potential mechanisms to 

the association between anti-SARS-CoV-2 IgG levels and loss of smell and taste. 

 

10.6.1 Immune response  

The humoral immune response against enveloped viruses and hampering the replication of 

the virus involves the production of a broad spectrum of immunoglobulins, mainly IgM, IgG, 

and IgA, which are primarily specific to the enveloped glycoproteins and nucleoproteins 416. 

Immunoglobulins are highly diverse autologous molecules capable of enhancing immune 

function and facilitate the development and function of lymphocytes 431. Lymphocytes 

deficiencies can lead to suppression of immunity and severe diseases due to bacterial, fungal, 

or viral infections. IgG is the main effector molecule of the humoral immune response 431. The 

IgG detectable/positive rate in the PCR positive population can help estimate the proportion 

of individuals that has antibodies against SARS-CoV-2. Unexposed individuals are expected to 

test negative for anti-SARS-CoV-2 IgM or IgG prior to SARS-CoV-2 infection. Following 
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exposure to infection, SARS-CoV-2 elicits the humoral immune response, starting with the 

production of IgM indicating an acute or ongoing infection status, manifested as a positive 

result for IgM or IgM/IgG serology test 432. Multiple studies show that IgM levels continue to 

rise until they peak two to five weeks post symptom onset, after which IgM levels decrease 

and was no more detectable over time 432-437. On the other hand, IgG levels generally increase 

and peak between three and seven weeks post symptom onset 211,432-434,436,438-440. This PhD 

work showed that among 20 subjects with a noncritical disease, a high proportion of 

individuals had detectable or positive IgG in the first two months while a growing proportion 

of individuals lost their detectable or positive IgG from month 3.  

In addition, this study demonstrated a decreasing tendency of IgG antibody levels 

from the second month to the eleventh month, and estimated an IgG half-life of 65 days post 

positive PCR. A study reported a decrease in antibody levels after 8 weeks of symptom onset 

441. Another study with a longer follow-up period demonstrated variable persistence of virus-

specific IgG 12 weeks after symptom onset 442. Some studies followed up for 6-8 months and 

showed the persistence of seropositivity 173-177. Other studies reported 1-year duration of IgG 

antibody in convalescent COVID-19 patients 183,209. Varona et al estimated the mean time to 

loss of IgG antibodies to be 375 (95% CI: 342–408) days from the start of the study 210. A 

longitudinal analysis in 32 patients with COVID-19 who recovered from mild and moderately-

severe infection in the Umbria region of Italy found that anti-S-RBD IgG persisted for up to 14 

months in 31 patients 182. The date of the last detection of antibodies in studies was limited 

by the length of study follow-up, not to confirm the disappearance of detectable antibody 211. 

By contrast, for the SARS-CoV-1 infection that occurred in 2003, previous studies have shown 

that a high proportion (>70%) of patients’ IgG levels were detectable after 1, 2, and 3 years 
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355,356. Hence, longer follow-up studies on immunity of a larger number of COVID-19 patients 

may be necessary. 

This PhD work included 4 reinfections among 25 PCR-positive participants within the 

11 months study period, which may suggest that immunity can rapidly decline over time and 

improving immune persistence through vaccines is necessary. The declined immunity may be 

due to the wane antibody response which represents part of the immune system, or the 

falling T cell response which is the other part 172,173. One study shows a case of reinfection 

was clearly related to the lack of seroconversion after initial infection 443. In addition, some 

SARS-CoV-2 variants, such as B.1.617, may evade antibodies induced by prior infections and 

lead to reinfections 359. 

Existing antiviral therapy of immunoglobulin therapy, cannot significantly increase the 

chances of survival of severely ill COVID-19 patients 416. However, a successful strategy of 

convalescent plasma from virus-infected patients without serious adverse events has been 

explored 444,445. Convalescent plasma therapy uses IgG antibodies collected from recovered 

COVID-19 patients from surrounding areas (where these donor subjects have naturally 

encountered the virus) to increase virus neutralization and passive immunity 446. A study on 

convalescent plasma therapy, using 5 critically ill patients with COVID-19 received plasma 

with high virus-specific IgG and IgM antibodies from recovered patients, preliminarily showed 

that convalescent plasma may help clear the SARS-CoV-2 and improve symptoms 149. 

 

10.6.2 Influential factors  

This study provided some evidence on the association between higher IgG levels and loss of 

smell and taste in subjects with COVID-19, which is consistent with the research of 32 patients 
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in Italy 182. The study in Italy found that patients who reported a loss of smell and taste during 

the clinical course of the disease developed significantly higher anti-S-RBD IgG antibody titers, 

but that study only compared median anti-S-RBD IgG antibody titers at each month while did 

not control for confounding factors using multiple regressions and did not explain the 

underlying mechanism 182. As of February 2022, apart from this study, I have not found any 

other studies on the relationship between IgG levels and loss of smell and taste in COVID-19 

patients. Another study found that the IgG antibody positive rate was 22.2% in the control 

group (patients with mild upper respiratory tract infection symptoms but no reported smell 

or taste disturbances), and the positive rate in case group (patients with olfactory disorders 

and mild upper respiratory tract infection symptoms) was twice that of the control group, 

suggesting that it is important to isolate patients during a pandemic if they develop symptoms 

of smell and taste disturbances, with or without other symptoms 363. A cohort study reported 

that loss of smell was more common in participants with SARS-CoV-2 antibodies (93% vs. 78%) 

compared with those without antibodies, and loss of taste was equally common (90% vs. 89%); 

furthermore, participants with acute anosmia were up to 3-fold more seropositive for SARS-

CoV-2 compared with those with taste loss 447.  

Loss of smell is one of the symptoms of patients infected with SARS-CoV-2, but the 

mechanism behind this symptom has not been clearly elucidated until the study from 

Zazhytska et al was published online in the journal Cell in February 2022 448. In the new study, 

researchers from institutions including Columbia University and the Icahn School of Medicine 

at Mount Sinai have discovered a mechanism that may explain why patients with COVID-19 

lose their sense of smell. Specifically, they found that infection with the SARS-CoV-2 indirectly 

downregulates the role of olfactory receptors, proteins on the surface of nerve cells (i.e. 
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neurons) in the nose that detect odor-related molecules. Experiments showed that the 

presence of the SARS-CoV-2 near neurons in olfactory tissue brought an influx of immune cells 

(microglia and T cells) that sense and fight infection. These immune cells release proteins 

called cytokines that alter the genetic activity of olfactory neurons even though SARS-CoV-2 

cannot infect them, the authors said. According to their theory, immune cell activity 

otherwise dissipates rapidly, and in the brain, the persistence of immune signalling reduces 

the activity of genes that express olfactory receptors. This mechanism may also indirectly 

explain the relationship between anosmia and elevated IgG levels in COVID-19 patients. The 

study by Zazhytska et al partially validates the pathophysiological mechanism between SARS-

CoV-2 and the olfactory system proposed by De Melo et al, that cell damage and death in the 

olfactory neuroepithelium may be caused not only by the cytopathic effects of SARS-CoV-2, 

but also by the inflammation and an overactive immune response to infection 364. De Melo et 

al observed up-regulated genes that are primarily involved in inflammatory and immune 

responses and functions related to chemokine signalling. The mechanisms of taste disorder 

in COVID-19 are not fully understood, but multiple theories have been proposed. For example, 

the peripheral neurotropism of the olfactory nerve leads to viral invasion, taste bud cells are 

rich in ACE2 receptors that support viral infection and subsequent inflammation, and 

angiotensin II imbalance can affect taste sensation 449-454. 

Since different variants of the SARS-CoV-2 may have different symptoms, loss of smell 

and taste may not always be a dominant feature and associated with IgG levels. So far, 

research on the relationship between loss of smell and taste and IgG levels is still limited. 

Previous studies reported asymptomatic individuals had lower neutralizing antibody titers 

than symptomatic individuals 174, and symptomatic infection was identified as an 
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independent factor associated with longer durability of antibodies in COVID-19 patients 210. 

Therefore, loss of smell and taste may be associated with IgG levels as a symptom of SARS-

CoV-2 infection indicating a more active immune response. This finding may have implications 

for the development of targeted and effective treatment and vaccine programs to handle the 

pandemic outbreak. On the other hand, because COVID-19 patients reporting smell or taste 

disturbances had higher levels of IgG antibodies, health policy makers may need to consider 

the necessity of isolation and stricter monitoring of these patients. 

 

10.7 Efforts to address possible sources of bias  

The multicentre study design involved nearly all patients from Jiangsu province, China, 

yielding a fully representative sample of this province free from selection bias. As stated in 

the preceding sections, all patients in Jiangsu province were included if they (1) were clinically 

diagnosed and then confirmed to have COVID-19 up to the 15th March 2020, and (2) fulfilled 

the diagnostic criteria for the “Diagnosis and Treatment Protocol for Novel Coronavirus 

Pneumonia (Trial Version 7)” released by National Health Commission & National 

Administration of Traditional Chinese Medicine of China 212, and only patients without 

medical records were excluded.  

The measurement bias and misclassification bias were also controlled as stated in the 

preceding section that disease severity was categorised according to the same standard 

“Diagnosis and Treatment Protocol for Novel Coronavirus Pneumonia (Trial Version 7)” 212. In 

addition, the severity of illness was assessed by two physicians and imaging grading was 

performed by two independent radiologists with more than 5 years’ experience in pulmonary 

imaging. 
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Biases estimates could have occurred if an analysis was performed on the completed 

cases. Considering this, the multiply imputation method in logistic regression analysis was 

used to provide unbiased estimates of risk factors of being a severe/critically ill COVID-19. 

Sensitivity analysis was also performed to confirm that the results from multivariate logistic 

regression analysis, from which the main conclusion was drawn, were insensitivity to missing 

data and were not due to random error. On the other hand, in addition to descriptive and 

univariate analyses, this PhD work also employed multiple regression analyses to control for 

confounding factors. Confounding can lead to biased estimates of exposure effects and is, 

therefore, a major problem in causal studies; unlike selection or information bias, 

confounding is a bias that can be adjusted using statistical methods after data collection, 

generally stratification and multivariate approaches 455,456. 

 

10.8 Novelty and impact of the study  

When and after completing the main chapters of this PhD work, other relevant studies have 

been carried out. I have added the findings of those studies in Chapter 1 and 10 to give us a 

more complete picture of COVID-19. In section 10.9, I list the novelty and impact of the PhD 

work. 

The current pandemic, caused by SARS-CoV-2, is one of the deadliest outbreaks of the 

21st century, sweeping the world and bringing a great disaster to human life and health 4. The 

mortality mostly occurred in patients with severe disease from COVID-19. To control the 

pandemic, building immunity is crucial 429. This PhD work provides much-needed information 

and new insights into severe disease and immunity related to COVID-19 for further basic and 

clinical research into the disease and immunity and may contribute to better clinical 
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management of patients with COVID-19. In particular, this PhD work identifies the role of 

comorbidities, age, CT, lymphocytes, and symptoms of loss of smell and taste on severe 

disease and immunity of COVID-19, and discusses the potential related underlying mechanism 

and pathology, as well as the relevant treatment and management strategies. I have received 

the necessary multidisciplinary training in medicine, statistics and clinical epidemiology, and 

have experience in multiple studies, which provides the foundation for the effective and 

timely implementation of this work. Although this work informs the public health response 

and helps save lives, its impact may be amplified if the relevant publications have been 

published in open access repositories and been better promoted online (such as Twitter). 

The human coronavirus was first found in the 1960s 457. There have been multiple 

outbreaks of coronavirus pneumonia in recent years, including the SARS outbreak in 2002 and 

2003, the MERS outbreak in 2012, and the SARS-CoV-2 pandemic that began in 2019 and 

continues to now 2022 and is still ongoing, all of which have spread to many countries around 

the world 458,459. Besides several occurred SARS-CoV-2 variants which are of concern, we may 

have to face other outbreaks of new coronavirus pneumonia in the future. The outbreaks of 

coronavirus pneumonia have resulted in severe infectious diseases and caused high 

morbidities and even mortalities. We need to learn from known epidemics to prepare for the 

early identification of new ones and the prevention of severe illness and death. Thus this PhD 

work is of importance because it provides a reference for research methods of possible new 

infectious diseases in the future, as well as helps to fill the gap of unknown knowledge based 

on individual patients data from one of the most severe epidemics in history for the academic 

research community, healthcare professionals, and policy makers, which may improve 

patient’s health and save lives. 
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For the research methods of future new infectious diseases, as presented in this PhD 

work, investigating risk factors of severe illness and then constructing its prediction 

nomogram can provide evidence and guidance for clinical management including risk 

classification and corresponding treatment. Previous studies mainly used basic comparative 

statistical methods but were unable to assess the linear trend with age or pulmonary opacity 

score. In comparison, this study used generalised linear models to examine whether there 

were any linear trends in clinical characteristics and outcomes with age and pulmonary 

opacity score. On the other hand, the use of accurate prediction tools and early intervention 

is important for addressing severe COVID-19. However, the prediction models for severe 

COVID-19 available before this PhD work were subject to various biases. This study developed 

and well-delineated a practicable and relatively well-validated nomogram to help healthcare 

professionals to predict the risk of severe COVID-19, which is interesting and innovative. This 

work identified a number of variables for the risk stratification model that may serve as clinical 

predictors of severe and critically ill patients with COVID-19. The website to predict the risk 

of severe COVID-19 created from this work may need more publicity to expand its influence 

and usage. On the other hand, given the very small number of people who had IgG testing 

between 8 and 11 months, using a coarser categorisation of periods (e.g., periods of 3 or 4 

months) would provide more information. In the future, if the study includes a small number 

of people due to constraints, such as when it is urgent in the early stage of an epidemic, 

perhaps this method can better display information, and if the researchers also want to show 

monthly results, they can add a column with the coarser categorisation. 

Compared with studies of similar research topics prior to the publication of Chapter 3 

to Chapter 7, this PhD work has made a more in-depth analysis of COVID-19 data including 
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cases who were asymptomatic, mild, moderate, severe, and critically ill, and hence provided 

more comprehensive, generalisable and robust information on risk factors of severe/critical 

illness, disease deterioration and respiratory failure, and age and imaging differences in a 

number of baseline features and adverse outcomes in patients with COVID-19, whereas most 

of the previous studies focused on the patients with moderate, severe or critical symptoms, 

although some other studies with large sample sizes were conducted when and after 

publishing Chapter 3 to Chapter 7.  

Before the publication of Chapter 3, several characteristics of patients with COVID-19 

had been reported to be associated with the severity of COVID-19 in some small sample size 

studies in China 67,192-197 and other countires.40,76,198. Chapter 3 differs from previous studies, 

because previous studies were mostly small and descriptive in nature, while Chapter 3 used 

data from the whole Jiangsu province of China and made inferential statistical analyses by 

means of multivariate regression model to control for possible confounding factors and 

identify independent risk factors of becoming a severe or critically ill case. Chapter 3 presents 

that about one-tenths of patients with COVID-19 in Jiangsu had a severe or critically ill 

presentation. Chapter 3 indicated that the proportion of severe COVID-19 cases varies widely 

across countries 200,213-216, likely due to widely varying study designs, the stage of the COVID-

19 outbreak at the time the study was conducted, demographic characteristics, health 

resources, and government responses. Patients who were severe or critically ill required 

careful management to prevent potential death. Chapter 3 identified risk factors of severe or 

critical COVID-19 including older age, low lymphocyte count and high pulmonary opacity 

score on admission, and highlighted the importance of early identification and intervention 

of patients with these risk factors to reduce the preventable and unacceptable toll of deaths 
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and save lives. Careful attention to these risk factors may help guide clinical care, especially 

intensive care, in the early stages of an epidemic. 

Prior to the publication of Chapter 4, a study has reported risk factors for progression 

from ARDS to death in patients with COVID-19 41. However, the pattern of disease progression 

in patients with COVID-19 from "asymptomatic/mild/moderate" to "severe/critical" state and 

its associated factors remained to be studied. Chapter 4 supplements the information with a 

multicentre study. The strength of Chapter 4 was its relatively large number and inclusion of 

all the COVID-19 patients in the province of China. Chapter 4 described clinical deterioration 

in 16.3% of patients, with 6% of patients with "moderate or mild" worsening as "severe or 

critical". Preventing exacerbations in these patients could help improve clinical outcomes and 

reduce the risk of death. Age, lung opacity score, lymphocyte count on admission, and 

exposure at the pandemic centre were identified as independent risk factors for disease 

progression. This suggests to healthcare professionals that good management of patients 

with these characteristics may help prevent disease progression from 

asymptomatic/mild/moderate status to severe/critical status. 

Acute respiratory failure, one of the severe diseases caused by COVID-19, can lead to 

a mortality rate of up to 26%-30% 37,47-49,60, while before Chapter 5 was published, research 

on risk factors for respiratory failure remained sparse and I only found two relevant studies 

both of which were conducted in Italy 59,199. Considering the discrepancies of characteristics 

of patients among different countries and regions 200, there was academic and clinical value 

in adding respiratory failure information from other regions outside of Italy. Therefore, 

Chapter 5 added data from a relatively large multicentre retrospective cohort and found that 

approximately 9% of patients had respiratory failure. Managing these patients is a key point 
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in critical care management. Older age, increased respiratory rate, decreased lymphocyte 

count and greater pulmonary opacity score at admission were independent risk factors of 

respiratory failure in patients with COVID-19. This indicates that respiratory failure patients 

with these risk factors require intensive management during hospitalisation to prevent 

further worse outcomes and even deaths and reduce emergency intubation or 

cardiopulmonary resuscitation to protect medical staff from related infections. 

Before the publication of Chapter 6, it is already known that older age is associated 

with more chronic histories, pulmonary opacity, and some abnormal laboratory parameters. 

However, Chapter 6 has some important innovations and strengths. 1. Study design and 

quality of research. I have searched for up-to-date publications and have found that although 

some of the results of Chapter 6 were known, most of the studies reporting these were based 

on small or local studies 38,201-208. Chapter 6 was based on a large database comprising nearly 

all patients with COVID-19 from multiple centres in Jiangsu province, China, with very detailed 

information on patient characteristics at admission, disease severity and clinical outcomes 

during hospitalisation, and a systematic investigation of age differences in clinical 

characteristics and outcomes, which provides robust and comprehensive results of value to 

the readers. 2. Study variables and outcomes. In addition to studying age differences in 

chronic histories, pulmonary opacity, and some abnormal laboratory parameters, Chapter 6 

also studied age differences in other features and clinical outcomes associated with COVID-

19: (1) Exposure types (imported cases and local cases), types of disease onset (single onset 

and clustered onset); initial symptoms (fever, cough, sputum and shortness of breath); 

current smoker; drinking alcohol; vital signs (temperature, heart rate, systolic blood pressure, 

diastolic blood pressure, respiratory rate and SpO2); and detailed treatment information with 
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18 variables; (2) The highest disease severity during the 14-day follow-up; (3) Clinical 

outcomes at the end of the study (intensive care unit monitoring, shock, respiratory failure, 

renal failure and hospital stay duration). 3. Quantification of age differences. Chapter 6 aimed 

to quantify age effects on various parameters and outcomes in terms of direction and 

magnitude. Although previous studies have shown age differences in chronic histories, 

pulmonary opacity, and some abnormal laboratory parameters 38,201-208. I found only two 

small studies that quantified age differences: one is a multicentre study on 221 patients 205 

and the other is a single hospital-based study on 56 patients 201. Small sample sizes in these 

two studies suggest that their results on age differences may be subject to larger random 

errors than mine. In addition, previous studies mainly used basic comparative statistical 

methods but were unable to assess the linear trend with age. In comparison, Chapter 6 used 

generalised linear models to examine whether there were any linear trends in clinical 

characteristics and outcomes with age.  

Chapter 7 provides some novel and robust information on the association between 

lung opacity scores and demographic, epidemiological, clinical, laboratory characteristics, and 

clinical management, based on a larger dataset (N = 496), rather than most studies on similar 

topics prior to the publication of Chapter 7 (mostly N=50-200). Chapter 7 assessed the impact 

of the lung opacity score on a number of important clinical outcomes, including disease 

severity, ICU admission, respiratory failure, and length of hospital stay, rather than the single 

clinical outcome in most previous reports before the publication of Chapter 7, thereby 

providing a more comprehensive understanding of the relationship between lung opacity 

scores and various clinical outcomes in COVID-19 patients. To assess the impact of lung 

opacity scores on clinical outcomes, lung opacity scores were measured in 5% units and 
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treated as continuous and categorical variables in generalised linear models, and the results 

were robust regardless of the functional form of the CT score. This is in stark contrast to most 

previous studies before the publication of Chapter 7 in which CT scores were treated as either 

a continuous or binary variable, which may have produced biased statistical results due to 

potential misspecification of CT scores. 

In addition, Chapter 8 is an interesting and innovative study with potentially very 

useful implications. The use of accurate prediction tools and early intervention is important 

for addressing COVID-19. However, the prediction models for severe COVID-19 prior to the 

publication of Chapter 8 have some flaws including the presence of missing data and the 

processing strategies, lack of internal and external validation of the predictive models, weak 

assessment of model performance (e.g., calibration and discrimination), and reporting issues 

such as not mentioning the missing data 127. To fill in these gaps, Chapter 8 developed a 

practicable nomogram to provide accurate, personalised predictions of the risk of severe 

COVID-19. In terms of missing data, no categorical data were missing, and missing continuous 

data were imputed with medians. In addition, the nomogram was based on a relatively large, 

multicentre retrospective derivation cohort and a validation cohort. The discrimination and 

calibration of the nomogram were evaluated with the area under the receiver operating 

characteristic curve and calibration plots and Hosmer-Lemeshow tests, respectively. Three 

predictors, namely, age, lymphocyte count, and pulmonary opacity score, were selected to 

develop the nomogram. These predictors of severe COVID-19 were identified as risk factors 

of the severe or critical illness, disease deterioration and respiratory failure in Chapter 3 to 

Chapter 7, and hence support the findings of the first five chapters. The nomogram exhibited 

good discrimination and satisfactory agreement in both the derivation and the validation 
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cohorts, so it should perform well in predicting the risk of severe COVID-19. Therefore, this 

predictive nomogram may help health care professionals and policy makers to identify 

patients at high risks of adverse outcomes to assist treatment and classify patients when 

allocating limited medical and human resources. In this case, this nomogram could help ease 

pressures such as hospital bed demand, shortages of medical equipment, infections among 

some healthcare workers, and the critical care crisis triggered by the pandemic 124-126.  

Although there is considerable research on the mechanisms of immune response of 

other coronaviruses, more investigations on the novel SARS-CoV-2 are required to develop 

effective treatment and vaccine strategies. Before the completion of this PhD work, the 

follow-up time for studies on the duration of immunisation was limited, generally 6-8 months, 

and a few were around 1 year 173-177,182,183,209-211, so data with longer follow-up time for 

immunization in patients with COVID-19 should be valuable. The decreasing trend in 

participants' IgG antibody levels from month 2 to month 11 and the occurrence of reinfection 

presented in this PhD work prompts policymakers to consider vaccination policies to 

proactively improve immunity persistence. Furthermore, the association between anti-SARS-

CoV-2 IgG levels and loss of smell and taste, which was statistically significant in multivariable 

analysis, may be considered a novel and impacting finding; only the small numbers of subjects 

and samples examined do not necessarily limit the novelty and impact. In fact, until I updated 

the literature again in February 2022, I still found only one study on the relationship between 

anti-SARS-CoV-2 IgG levels and loss of smell and taste, but that study only compared monthly 

median anti-S-RBD IgG antibody titers without using multiple regression to control for 

confounders and without explaining the underlying mechanism 182. This PhD work may be 

crucial as it can aid researchers in better understanding the kinetics and influential factors of 
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anti-SARS-CoV-2 IgG antibody levels in subjects with COVID-19 for up to 11 months and hence 

immune responses associated with SARS-CoV-2 to develop targeted and effective treatment 

and vaccine programs to handle the pandemic outbreak. Because COVID-19 patients 

reporting smell or taste disturbances had higher levels of IgG antibodies, health policy makers 

may need to consider the necessity of isolation and stricter monitoring of these patients. On 

the other hand, the issue of the biological mechanisms underlying the association of the 

immune response to SARS-CoV-2 infection with loss of smell and taste is understudied, and 

this PhD work calls out the importance of the comprehensive immunological evaluation and 

discussed potential mechanisms to explain the association between anti-SARS-CoV-2 IgG 

levels and loss of smell and taste using the latest literature including the one published in the 

journal Cell in February 2022 448. Moreover, I discussed the contribution of rapidly declining 

immunity to reinfection, and also the resistance of some SARS-CoV-2 variants to durable 

immunity acquired from initial infection, which may have implications for vaccine 

development strategies. Therefore, this PhD work not only made discussion from 

epidemiological perspective, but also gave comments digging into clinical and immunological 

aspects.  

This PhD work confirmed that older people and those with one or more comorbidities 

are at higher risk of developing a severe or critical illness, disease deterioration and 

respiratory failure, and tried to explain the underlying mechanisms. This provides evidence 

for clinicians and policy makers to support the use of additional protection measures for older 

people with comorbidities. This PhD work may also help the investigation of effective and safe 

treatments by providing information on different characteristics of the patients and the 

relevant immune responses. Treatments are considered to vary depending on the 
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characteristics of the patients, such as elderly patients and patients with obesity, 

hypertension or compromised immune systems 146. In addition, the treatment management 

strategies in China presented in this PhD work have implications for the world's response to 

COVID-19, especially for other outbreaks that may follow. In the absence of treatment 

experience and research evidence, Chinese medical experts, based on their previous 

experience and clinical manifestations of patients, have made efforts to treat them and 

considered giving more oxygen support therapy and drugs (including antibiotics and antiviral 

drugs) to severe or critically ill patients. In particular, Chinese medical experts have 

considered individualised treatment based on the severity of the disease, age and lung CT 

opacity scores, and have delivered a zero mortality rate in Jiangsu province to the world. 

Based on the knowledge provided by this PhD work, I have some considerations. In 

the early stage of a new outbreak or in settings with limited medical and social resources and 

adopting a policy of coexisting with the virus instead of a zero-COVID policy that aim to 

eradicate the COVID-19, health care providers and policy makers may need to consider that 

priority should be given and more attention should be paid to high-risk groups who may suffer 

from severe illness, such as those in long-term care facilities with weak immunity, rather than 

general asymptomatic infection, to ease pressure on the health care systems while avoiding 

delays in treating patients with high-risk factors such as diabetes. In settings with medical and 

social resources, although until now, the full implementation of COVID-19 vaccination 

strategy is still in dispute 460,461, considering the waning antibody levels over time, it may be 

safer for policy makers to promote effective COVID-19 vaccination policies to build longer-

term herd immunity and prevent more infections and pandemics. 

 



201 
 

10.9 Future studies 

In the current analysis, clinical outcomes include binary outcomes and continuous outcome 

but do not include survival data. Therefore, it was unable to provide a Kaplan–Meier curve 

for any clinical outcome. In addition, survival analysis on the clinical outcomes was unable to 

perform for the following reasons. (1) The data on the timing of the occurrence of clinical 

outcomes are missing for some patients, yielding a smaller number of events in survival 

analysis than that in the current generalised linear model analysis. If survival analysis were 

performed, biased statistical estimates of the effect of CT score on clinical outcomes would 

be generated. (2) Since the follow-up time is short in the current retrospective cohort study, 

it can be reasonably assumed that the timing of a clinical outcome is less important and could 

be ignored as currently done in the generalised linear model analysis. However, ROC analysis, 

Kaplan–Meier curve and other survival analysis methods may be worth doing in further 

studies that include more complete survival data, especially the follow-up time for the 

occurrence of clinical outcomes. 

This work has also evoked future studies on immunity to COVID-19, which may have 

an impact on policy and prevention. The future studies may be a prospective cohort study to 

recruit subjects who have received vaccine once or twice, to include a larger sample size of 

subjects (e.g., 2000 subjects including staff, healthcare workers, et. al.), to collect more 

baseline information, such as vitamin D status, occupation, medical history (previous virus 

infection [e.g., 2003 SARS], bacterial co-infection, HIV, diabetes), treatment history, mental 

health, knowledge, attitude, behaviour. The studies may further assess the outcomes 

including death, reinfection, cost-effective outcomes, and continuous outcomes such as levels 

of IgG antibody and T cell. The studies may employ the machine learning method to do 
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exploratory studies. 

In addition, clinical trials on the effective clinical management of COVID-19, including 

interventions of specific medicine and vaccinations, are very interesting and meaningful, 

which may extend the depth of this work to a large extent.  

  

10.10 Conclusion 

This study investigated the characteristics of COVID-19 and their associations with clinical 

outcomes and immunity, as well as the potential mechanisms and practical significance. The 

work identified that age, CT pulmonary opacity, lymphocyte count and pulmonary opacity 

score at admission may predict severe or critically ill presentation, disease deterioration, and 

respiratory failure in patients with COVID-19. This study also confirmed that older patients 

had worse clinical outcomes, in part due to comorbidities in older people, and higher rates of 

smoking and drinking habits, and immune, organ, and coagulation dysfunction on admission; 

and demonstrated that the degree of CT pulmonary opacity was closely related to age, 

symptoms, vital signs and laboratory parameters. In addition, this research demonstrated 

that a high proportion of patients confirmed with SARS-CoV-2 infection had detectable or 

positive IgG antibody levels in the first two months while a growing proportion of individuals 

lost their detectable or positive IgG after that, and IgG levels tended to be associated with 

gender, race, and the loss of smell and taste. It is necessary to carefully consider those 

potential risk factors underlying adverse outcomes and immunity of COVID-19 and take 

specific management to help the prevention and control of COVID-19. 
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