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Transcriptional Start Site Coverage Analysis in Plasma Cell-Free DNA Reveals Disease Severity and Tissue Specificity of COVID-19 Patients
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Symptoms of coronavirus disease 2019 (COVID-19) range from asymptomatic to severe pneumonia and death. A deep understanding of the variation of biological characteristics in severe COVID-19 patients is crucial for the detection of individuals at high risk of critical condition for the clinical management of the disease. Herein, by profiling the gene expression spectrum deduced from DNA coverage in regions surrounding transcriptional start site in plasma cell-free DNA (cfDNA) of COVID-19 patients, we deciphered the altered biological processes in the severe cases and demonstrated the feasibility of cfDNA in measuring the COVID-19 progression. The up- and downregulated genes in the plasma of severe patient were found to be closely related to the biological processes and functions affected by COVID-19 progression. More importantly, with the analysis of transcriptome data of blood cells and lung cells from control group and cases with severe acute respiratory syndrome-coronavirus 2 (SARS-CoV-2) infection, we revealed that the upregulated genes were predominantly involved in the viral and antiviral activity in blood cells, reflecting the intense viral replication and the active reaction of immune system in the severe patients. Pathway analysis of downregulated genes in plasma DNA and lung cells also demonstrated the diminished adenosine triphosphate synthesis function in lung cells, which was evidenced to correlate with the severe COVID-19 symptoms, such as a cytokine storm and acute respiratory distress. Overall, this study revealed tissue involvement, provided insights into the mechanism of COVID-19 progression, and highlighted the utility of cfDNA as a noninvasive biomarker for disease severity inspections.
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INTRODUCTION

A novel coronavirus, severe acute respiratory syndrome-coronavirus 2 (SARS-CoV-2) emerged at the end of 2019 (Zhou P. et al., 2020; Zhu et al., 2020), resulting in the outbreak of the coronavirus disease 2019 (COVID-19) across the world. By April 4, 2021 (World Health Organization, 2021), more than 130 million cases were confirmed and over 2.8 million cases were dead. In a report based on nearly 72,000 COVID-19 patients from China, 14% were classified as severe, 5% were critical, and the rest 81% were considered mild (Wu and McGoogan, 2020). Clinical progression of COVID-19 varies greatly among individuals (Grasselli et al., 2020; Richardson et al., 2020; Tian et al., 2020; Wu and McGoogan, 2020; Young et al., 2020), whereas the real course of the disease is not well understood yet. In fact, the incubation period for COVID-19 ranges from 1 to 14 days, the duration of viral shedding ranges from 8 to 37 days, and the time from illness onset to death or discharge mainly ranges from 15 to 25 days (Young et al., 2020; Zhou F. et al., 2020). In addition, the case-mortality rate was found to be correlated with age and preexisting comorbidities such as cardiovascular disease, diabetes, and hypertension. However, reported deaths still contain high numbers of teenagers and cases without comorbidities (Grasselli et al., 2020; Richardson et al., 2020; Tian et al., 2020; Wu and McGoogan, 2020; Young et al., 2020). Laboratory records such as low lymphocyte counts, high C-reactive protein or D-dimer levels, and secondary bacterial infections could not provide insights into the actual process of death (Phua et al., 2020; Vincent and Taccone, 2020). Hence, systematical understanding of clinical course of COVID-19 and classification/prediction of severe cases precisely at early stage is essential for the management of the disease.

Cell-free DNA (cfDNA) in plasma comprises short, naturally fragmented molecules that preserve valuable information related to gene expression and nucleosome footprint related to its tissues-of-origin (Sun et al., 2015, 2019; Snyder et al., 2016; Ulz et al., 2016; Thierry and Roch, 2020). Numerous studies reported that cfDNA concentration, size profiles, and coverage patterns around promoters are associated with various diseases, making cfDNA an intensively investigated biomarker for clinical use in various fields including oncology, noninvasive prenatal diagnosis, organ transplantation, autoimmune diseases, trauma, myocardial infarction, and diabetes (Sun et al., 2015, 2019; Snyder et al., 2016; Thierry and Roch, 2020). Circulating cfDNA mostly originates from dead cells through apoptosis, necrosis, and NETosis (Barnes et al., 2020; Thierry and Roch, 2020; Zuo et al., 2020) and was found to be potential drivers and therapeutic targets of COVID-19 (Barnes et al., 2020; Thierry and Roch, 2020). By using genome-wide methylation profiling of cfDNA in plasma, Cheng et al. (2020) revealed the injury of lung and liver, as well as the involvement of red blood cell progenitors associated with severe COVID-19, showing the potential to predict the COVID-19 severity by plasma DNA. However, this methylation-based approach requires more plasma volume, complicated bisulfite treatment during library preparation, and is high cost, which may not suit routing screen and monitoring. Hence, to further explore the clinical utility of cfDNA in COVID-19, we conducted a systematical analysis of whole genome sequencing (WGS) data on cfDNA from mild and severe cases in time series and proposed a novel algorithm to deduce the mixed expression profile in plasma DNA. In this work, we discovered significantly different signals between mild and severe cases. These signals indicate potential genes and pathways involved in disease course and severity, demonstrating high value in patient monitoring. Our functional analysis of cfDNA further uncovered the altered biological activities in lung and blood cells of severe patients. These significant findings proved the clinical utility of cfDNA as a promising noninvasive biomarker for disease severity inspections of COVID-19.



MATERIALS AND METHODS


Data Collection

For HN sample set, a total of 10 plasma samples were collected from two patients with COVID-19 at four time points and two healthy controls. Patients with COVID-19 were recruited from the Hainan General Hospital, Hainan, China. Healthy subjects were recruited as controls. For WH sample set, all mild and severe patients were recruited from the Union Hospital, Tongji Medical College, Huazhong University of Science and Technology, Wuhan, China. The study was approved by the Medical ethics committee of Union Hospital, Tongji Medical College, Huazhong University of Science and Technology, and the Institute Review Board of BGI, with written informed consent.



Library Preparation

Peripheral blood was stored using EDTA anticoagulant-coated tubes. The blood sample pretreatment and DNA extraction were proceeded at a Biosafety Level 2 (BSL-2) laboratory to ensure the appropriate biosafety practices (WHO, 2020). All samples were centrifuged at low speed (3,000 rpm) for 10 min at 4°C within 6 h after collection. The supernatant was centrifuged at high speed (14,000 rpm) for 10 min at 4°C. Then, the plasma was placed at 56°C water bath for 30 min. Circulating cfDNA was extracted from 200 μl plasma using MagPure Circulating DNA Mini KF Kit (MD5432-02) following the manufacturer’s guide. The cfDNA was eluted by 200 μl TE buffer for quality check and 40 μl for the rest. For cfDNA library construction, the extracted cfDNA was processed to library using MGIEasy Cell-free DNA Library Prep kit (MGI, cat. No.: AA00226).



Sequencing of DNA Libraries and Data Alignment

Pair-end sequencing was performed on the libraries of HN and WH sample sets by MGI DIPSEQ platform. One hundred nucleotides were sequenced for each sequencing read.

For upstream data processing, first, SOAPnuke (version 1.5.0) (Chen et al., 2018) was used to trim the sequencing adapters from raw reads and filter reads with low quality or high ratio of “N.” Second, BWA (version 0.7.17-r1188) (Li and Durbin, 2010) was employed to align the clean reads to the human reference genome (GRCh38/hg38). The above steps were performed by Sentieon (Kendig et al., 2019), an integrated platform for processing genomic data including quality control and alignment.



Comparison of Overall Coverage in TSS Regions Among Cases and Controls in HN Sample Set

First, for each gene, average sequencing depth within 2 and 1 kb region around transcription start sites (2- and 1-kb TSSs) were calculated, respectively, by depth of coverage package from GATK (McKenna et al., 2010). The relative coverage around TSS was the above depth normalized by average depth of WGS data from each sample. Second, for each gene, we calculated Si = Dmaxi - Dmini representing the difference between the highest and lowest depth among group i within 2-kb TSSs. Genes with Scontrols > Scases were filtered out, and the remaining genes were ranked by Scases. Gene clustering analysis was performed for the top 1% ranked genes based on the 2-kb-TSS coverage by the heatmap package from R version 3.5.1, and clusters of genes were selected from dendrogram output by heatmap package. Results based on 2-kb-TSS regions are presented in Figure 1.
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FIGURE 1. Gene clustering based on transcriptional start site (TSS) coverage in controls, mild, and severe coronavirus disease 2019 (COVID-19) cases. (A) Gene clustering based on relative TSS depth in plasma samples of two control individuals and COVID-19 cases collected at hospitalization days 11 (Mild1), 17 (Mild2), 19 (Mild3), and 22 (Mild4) for mild case and days 16 (Severe1), 19 (Severe2), 25 (Severe3), and 29 (Severe4) for severe case. Color scale represents average coverage around TSSs of each gene weighted by average whole-genome sequencing depth from plasma cell-free DNA (cfDNA). (B) Relative coverage around TSS of genes from the six identified clusters in control, mild, and severe cases.




Analysis of Genes With Differentially Covered TSS Regions

To mine the genes with differentially covered TSS regions between mild and severe groups, we proposed a concept of TSS score to measure and compare the TSS coverage profile of each gene in the plasma DNA of healthy subjects and COVID-19 patients (Figure 2). The TSS scores of plasma samples collected from different timepoints were averaged in each middle bin for the mild and severe patients in the HN sample set. The TSS scores of plasma samples were also averaged in each middle bin for mild and severe groups in the WH sample set. Genes with significantly different TSS scores between severe and mild cases were identified as differential genes. Those genes showed significant difference in two control subjects by the same analysis were filtered from the obtained gene list.
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FIGURE 2. Illustration of algorithm for measuring TSS coverage profile. The coverage of 1,000 bp region surrounding TSS was investigated. Then, the 1-kb region was separated into 20 small bins with a size of 50 bp. We defined the 10 bins in the middle of this 1-kb region as the middle bins and the outward 10 bins on both sides as the side bins. Depth_SideBin(n) represents the depth for the nth side bin. The average depth (Ref depth) in all side bins was calculated and used for the normalization of middle bins. Here, we proposed a “TSS score” as the normalized coverage for each middle bin. i represent the ith middle bin. All the 10 TSS scores of middle bins were used to measure the chromatin states in this TSS region. A list of high TSS scores would represent a high coverage around the TSS, indicating that some specific proteins or nucleosomes were presented in this region and protected the cfDNA here from digestion. Under this circumstance, the occupied TSS regions would hamper the binding of transcription factors and result in a low expression level of this gene. Conversely, the low TSS scores were associated with high expression level of this gene.




Analysis of Transcriptome Data Downloaded From Public Databases

To explore the potential tissues involved in the specific expression pattern in plasma, we analyzed the RNA-Seq datasets related to SARS-CoV-2 downloaded from the GEO database (Barrett et al., 2013). One is the buffy coat cells of ICU patients with and without SARS-CoV-2 infection (Gill et al., 2020) (GSE154998), and the other is the lung A549 cell with and without SARS-CoV-2 infection treatment (Blanco-Melo et al., 2020) (GSE147507).

For the transcriptome data of lung cells, we compared the gene expression patterns and identified 4,016 and 3,048 genes with significantly up- and downregulated expression levels in case group compared with controls, respectively. Among these differential genes, 353 upregulated and 96 downregulated genes were overlapped with the significant genes showing consistent pattern in plasma.

For the analysis of expression patterns in blood cells, we directly downloaded a list of differentially expressed genes described in a published research (Gill et al., 2020), which identified 254 and 1,057 genes as significantly up- and downregulated in case group, respectively. Among these genes, 16 and 37 showed consistently altered expression patterns in the plasma of our severe cases.



Statistical Analysis

For both the HN and WH sample sets, to identify genes with significantly increased and decreased TSS coverage in severe patient, we performed the one-tail Wilcoxon signed-rank test for the 10 TSS scores of middle bins in each TSS region between mild and severe cases. A p value of <0.05 was considered statistically significant. For the transcriptome data of lung cells, the R package DESeq2 (Love et al., 2014) was employed to analyze the expression matrix. A significance level of adjusted p value of 0.05 was adopted to identify the differentially expressed genes in severe patients.




RESULTS


Differential Coverage in TSS Regions Among Control and COVID-19 Patients

Four subjects, including two male COVID-19 patients (one mild and one severe) and two healthy controls (one male and one female), were recruited in this study (HN sample set). For the COVID-19 patients, peripheral blood was collected at various time points within 29 days of hospitalization; plasma cfDNA was extracted and sequenced to a median of 14.1× (range: 5.1×–37.7×) human haploid genome coverage at each time point (Supplementary Figure 1). The sequencing depths around TSS regions were explored and normalized by the average depth of whole genome as relative TSS coverage in the plasma samples of control subjects, mild and severe COVID-19 patients (“Materials and Methods” section). To compare the coverage patterns of TSS regions in cases and controls, we performed gene set enrichment analysis (GSEA) on the selected genes whose TSS regions showed large difference in coverage for all plasma samples (Figure 1). We identified six gene clusters in which the TSS coverage patterns between mild and severe cases were significantly different, suggesting the fragmentation patterns in the TSS regions of these genes were changed due to the alteration of chromatin states of these areas in severe cases (Figures 1A,B). Notably, the average coverage around gene promoters from clusters 2 and 6 decreased along hospitalization timeline for the severe cases (suggesting upregulation of these genes), while such pattern did not exist in mild cases (Figure 1A), indicating that the genes involved in disease course could be different in mild and severe cases.



Identification of Genes With Significantly Altered TSS Coverage Profile in Severe Cases

The chromatin states around TSS have been found to be associated with transcription activity (Schones et al., 2008; Venkatesh and Workman, 2015). A reduction of nucleosome occupancy in TSS regions is always linked to the active transcription. In contrast, the inactive promoters are likely to exhibit the phasing of nucleosome in TSS region. Previous study has also demonstrated the feasibility of inferring expression status based on the cfDNA coverage in TSS regions of corresponding genes (Ulz et al., 2016). To distinguish the highly and lowly expressed genes in severe cases compared with mild cases, we developed an algorithm for the measurement of TSS coverage profile on the basis of the relative depth in the 500-bp region around TSS (Figure 2). Finally, we identified 988 and 2,383 genes that showed significantly higher and lower TSS coverage in severe patient (Supplementary Table 1). In Figure 3, we presented two genes showing representatively differentiated TSS coverage. In severe cases, for gene MIR4445, the relative TSS coverages were distinctly lower around TSS (Figure 3A) and the TSS scores (normalized depth of middle bins) were also significantly declined (P value: 0.002) (Figure 3B), which suggested that this gene expression was enhanced in the severe patients. In contrast, for gene OR2A5, the TSS coverage and TSS scores were elevated in severe cases (P value: 0.002) (Figures 3C,D), indicating a decreased expression level in this severe patient. These observations demonstrated that using this algorithm based on the normalized depth in the middle bins allowed us to differentiate the TSS coverage profiles and deduce expression patterns in mild and severe cases.
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FIGURE 3. Transcriptional start site coverage profiles of two representative genes showing significantly increased and decreased trends in severe cases compared with mild cases. (A) Relative TSS coverage of gene MIR4445 in plasma samples of mild and severe patients. (B) Boxplot of TSS scores of gene MIR4445 in the plasma samples of mild and severe patients. Points of the same middle bin in two patients were linked by the black line. **Adjusted P value is below 0.01. (C) Relative TSS coverage of gene OR2A5 in plasma samples of mild and severe patients. (D) Boxplot of TSS scores of gene OR2A5 in the plasma samples of mild and severe patients.




Enriched Pathways of Genes With Significantly Altered TSS Coverage in Severe Cases

Based on the principle that the inactive promoters with occupied TSS regions are able to prevent the plasma DNA from digestion and lead to the observation of high DNA coverages in these genomic regions, the significantly altered genes with declined and elevated TSS coverage in severe patients were regarded as the genes with up- and downregulated expression. To further investigate the functions of those genes, we applied the Metascape (Zhou et al., 2019) to perform the comprehensive pathway enrichment analysis including Gene Ontology (GO) biological processes, Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway, Canonical pathways, Reactome gene sets, and CORUM on the up- and downregulated gene sets in severe cases, respectively. The enrichment results of dysregulated genes revealed that the downregulated genes were predominantly enriched in the pathways of biological processes affected by COVID-19 infection, including the regulation of reverse cholesterol transport, posttranscriptional gene silencing by RNA, positive regulation of AMPA receptor activity, fructose and mannose metabolism, negative regulation of complement activation, olfactory transduction, regulation of peptidyl-serine phosphorylation of STAT protein, etc. (Figure 4A). Most of the pathways were evidenced to be associated with the progression of COVID-19 disease. For example, the immune-mediated inflammatory dyslipoproteinemia caused by the “cytokine storm” underlying COVID-19 would lead to a low HDL-C level, whose function was to promote reverse cholesterol transport (RCT) from the periphery to the liver (Sorokin et al., 2020). The fructose and mannose metabolism pathway was reported to be one of the differentiating metabolites that are significantly enriched in symptomatic COVID-19 groups compared with the healthy group (Wu et al., 2020), and the downregulation of this pathway was consistently observed in the transcriptomes from samples of bronchoalveolar lavage fluid in COVID-19 patient (Gardinassi et al., 2020). Gralinski et al. (2018) also discovered that the complement activation regulated a systemic proinflammatory response to SARS-CoV infection which made the complement system a critical host mediator of SARS-CoV-induced disease. In addition, disturbances in smell have been commonly reported as the main neurological symptom of COVID-19 disease (Cooper et al., 2020; Galougahi et al., 2020; Lechien et al., 2020; Parma et al., 2020) and the olfactory loss was proved to be more effective in the prediction of COVID-19 infection in a recent study based on two million participants (Menni et al., 2020). GSEA on upregulated genes also uncovered a series of pathways involved in COVID-19 disease-related biological responses (Figure 4B). For example, the top three significantly enriched pathways were related to lipid biosynthetic process. According to previous studies, the host lipid biogenesis pathways were crucial in controlling virus replication because lipids were direct receptors or entry co-factors for all kinds of viruses at the cell surface or the endosomes (Taube et al., 2010; Chukkapalli et al., 2012; Bagam et al., 2017; Abu-Farha et al., 2020). Lipids were also involved in the regulation of cellular distribution of viral proteins, the formation of viral replication complex, and the energy required for viral replication (Diamond et al., 2010; Hsu et al., 2010; Mankouri et al., 2010; Nagy et al., 2016). The upregulation of these pathways suggested the active COVID-19 progression and the corresponding biological responses in this severe patient. Besides the lipid-related pathways, we also observed the significant enrichment of upregulated genes in CD209 (DC-SIGN) signaling pathway. In a previous study, the CD209L/L-SIGN and the related protein CD209/DC-SIGN were identified as receptors in mediating SARS-CoV-2 entry into human cells, which further indicates the active viral infections in this severe patient. Another notable pathway is the T cell apoptotic process, which has been reported to be enhanced in severe patient compared with mild cases (Cizmecioglu et al., 2020).
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FIGURE 4. Enriched pathways of genes with significantly higher in panel (A) and lower in panel (B) coverage of TSS region in severe patient compared with mild patient.




TSS Coverage Profile in Plasma Reveals the Tissue-Specific Expression Pattern

As plasma contains cfDNA released from multiple tissues of the body, we wonder whether the TSS coverage profile in plasma could reflect the tissue specificity. In plasma, the blood cells were reported to be the predominant contributor in the plasma DNA pool (Sun et al., 2018). In addition, as the lung is the primary target of the COVID-19 virus infection, lung-released cfDNA has been observed to be elevated in the plasma of COVID-19 patients (Cheng et al., 2020), indicating the injury occurred in the lung tissue. To dissect the tissue specificity of blood cells and lung cells involved in the mixed expression profiles in the plasma of severe patient with COVID-19, we downloaded the public transcriptome data of buffy coat cells of ICU patients with and without SARS-COV-2 infection (Gill et al., 2020) and lung A549 cells treated and not treated by SARS-COV-2 infection (Blanco-Melo et al., 2020). The genes with significantly increased and decreased expression levels in blood cells and lung cells with COVID-19 infection were compared with the significantly altered genes deduced from the TSS coverage in cfDNA of our severe cases compared with mild cases. As shown in Supplementary Figure 2A, among the upregulated genes identified in severe cases, 353 and 16 genes showed consistently elevated expression levels in infected lung cells and blood cells of COVID-19 patient (Supplementary Table 2). Meanwhile, among the downregulated genes identified in severe cases, 96 and 37 genes showed consistently declined expression levels in infected lung cells and blood cells of COVID-19 patient (Supplementary Figure 2B and Supplementary Table 2). GO analysis were further performed by clusterProfile (Yu et al., 2012) on these overlapped genes in biology process level to investigate the biological function in relation to the progression of COVID-19 in severe case. Interestingly, we found that the downregulated genes in blood cells were mostly enriched in the pathways related to the biological process of ribonucleoprotein complex and the regulation of protein transport (Figure 5A). Ribonucleoprotein complex has been revealed as the major cell processes of the SARS-CoV-2-host interacting proteins (Gordon et al., 2020), and the protein transport pathway was also reported to significantly enrich host cell proteins that comprise the coronaviral replication/transcription complex microenvironment (V’kovski et al., 2019). Moreover, through the pathway analysis on the consistently upregulated genes in blood cells, we observed that the altered genes were predominately enriched in the pathways related to the defense response to virus and viral infection in host cells (Figure 5B), suggesting that both the antiviral and viral activities were active in the blood cells of severe patient compared with the mild patient. This finding also provided a feasibility of measuring the severity of COVID-19 only from the TSS regions of plasma DNA in patients. In the meantime, we found that the genes downregulated in both plasma and lung cells were mostly located in the mRNA and RNA metabolic pathways, as well as the adenosine triphosphate (ATP) synthesis during cellular respiration (Figure 5C), which reflected the severe injury of lung tissue during the SARS-CoV-2 infection. Importantly, it has been reported that people with low ATP and low energy reserves were more likely to develop severe COVID-19 symptoms (Patel and Sriram, 2009; van Kempen and Deixler, 2020), such as a cytokine storm and ARD since the depletion of intracellular ATP may cause cell death by necrosis and membrane instability, leading to the release of ATP into extracellular space (Le et al., 2019), which would over-activate the immune system (Iyer et al., 2009) and result in these severe consequences (Trautmann, 2009; Nomura et al., 2015; Kouhpayeh et al., 2020). Whereas, the pathways enriching the upregulated genes in lung cells were mainly involved in RNA splicing, segmentation, regulation of nucleocytoplasmic transport, somite development, and regulation of RNA export from nucleus (Figure 5D).
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FIGURE 5. Enriched pathways of genes with consistent alteration of gene expressions in both plasma and tissues. Enriched pathways of genes with consistent down- in panel (A) and upregulated pattern in panel (B) in plasma of severe patient and blood cells of COVID-19 patients. Enriched pathways of genes with consistent down- in panel (C) and upregulated pattern in panel (D) in plasma of severe patient and lung cells with SARS-CoV-2 infection.


As there are only one mild and one severe patient included in the HN sample set, to consolidate our findings in the plasma of severe patient, we further collected 10 plasma samples from five mild and five severe patients with COVID-19 from another hospital (WH sample set). Plasma DNA of these samples was sequenced to similar depth with a median of 15.8× (range: 10.4×–24.8×). Among the upregulated genes detected in the plasma of severe patients, we identified 989 and 69 genes showing consistently elevated expression levels in SARS-CoV-2-infected lung cells and blood cells of COVID-19 patient. Among the downregulated genes identified in severe cases, we identified 820 and 299 genes showing consistently declined expression levels in SARS-CoV-2-infected lung cells and blood cells of COVID-19 patient (Supplementary Figure 3 and Supplementary Tables 1, 2). More importantly, the similar enriched pathways of these differential genes were clearly observed in this new dataset. For example, the upregulated genes in the blood cells of COVID-19 patients and in the plasma of severe cases were also predominantly involved in the pathways of virus defense and virus response. Meanwhile, the genes downregulated in both the plasma of severe patients and infected lung cells were also enriched in pathways of ATP metabolic and energy derivations (Supplementary Figure 4). These results vastly enhanced our findings in the plasma of severe patients, indicating that the tissue specificity and disease severity were able to be steadily measured through the analysis of plasma DNA.



Microbial and Mitochondrial cfDNA

Besides autosomal cfDNA from cases and controls, infection of microbiomes in plasma and mitochondrial cfDNA concentration were also investigated in the HN sample set (Figure 6). Consistent with the RNA-virus nature of SARS-CoV-2, we did not find any viral DNA of SARS-CoV-2 in the cfDNA sequencing data. Total counts of bacteria detected in the plasma from COVID-19 patients were lower than that from controls (Figure 6A), which could be explained by medication of interferons and antibiotics for these patients. Notably, a novel virus infected in plasma collected at third and fourth time points of the severe case was human betaherpesvirus 5 (Supplementary Table 3), which might cause pneumonia, colitis, or encephalitis in immunocompromised people (Taylor, 2003).
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FIGURE 6. Microbial and mitochondrial cfDNA from two controls and two mild and severe cases. Number of bacteria types detected in panel (A) and mitochondrial cfDNA concentration in panel (B) from cfDNA of plasma collected at four time points for mild (light blue) and severe (dark blue) cases, and at once for the two cases (green, time for dotted lines are invented only for comparison).


Overall, mitochondrial cfDNA concentrations of plasma from controls were lower than cases, while the severe case had a higher concentration than mild case (Figure 6B). Notably, distribution of mitochondrial concentration for severe case showed a clear “S” shape along time series, which was matched with records of hematocrit and hemoglobin at corresponding collection time (Supplementary Table 4), suggesting hypoxia of the patient.




DISCUSSION

In this study, we observed distinct differences on plasma DNA coverage in TSS regions among control subjects and mild and severe cases with COVID-19 infection. By deciphering the expression pattern in plasma DNA based on TSS coverage profile, we also identified a series of up- and downregulated genes from the plasma expression pool of severe patient compared with mild patient. Further pathway and function analysis of these genes suggested their involvement of the COVID-19 progression.

In addition, we investigated the dysregulated genes in the blood cells of COVID-19 patient and lung cells with SARS-CoV-2 infection to trace the tissue origin of expression pattern in the plasma. We found interestingly that the pathways related to viral and antiviral activities identified in the plasma of severe patient were both enhanced in the blood cells of COVID-19 patients, indicating the viral replication was active in blood cells and the immune system of blood cells were intensively involved in the viral defense. Meanwhile, the genes identified in plasma DNA consistently downregulated in lung cells with SARS-CoV-2 infection were predominantly enriched in the ATP synthesis pathways, suggesting the decreased ATP and energy reserves due to the lung injury during SARS-COV-2 infection, which has been evidenced to be closely related to the severe COVID-19 symptoms (Patel and Sriram, 2009; van Kempen and Deixler, 2020). These findings were further clearly observed in another sample set. Therefore, the TSS coverage profile of these lung-specific genes could be targeted as potential markers to screen the patients with a high risk to develop severe symptoms at early stage.

Furthermore, we observed changes in mitochondrial cfDNA concentration, which matches with the hematocrit and hemoglobin of the patient.

A limitation of this study is the relatively small number of samples, which might have enhanced the possible influence of individual preferences. Thus, through the analysis of another independent set of samples, the observed characteristic patterns of TSS coverages and gene-specific expressions in severe patients were able to be consolidated, which enhanced the conclusions we drew from the former samples. We anticipate that further expanding the sample size and increasing the sequencing depth would allow us to deeply interpret the mechanisms underlying the disease severity and fully elaborate the capacity of this approach in the prediction of severe cases from patients with COVID-19.

In summary, the comprehensive analysis of TSS coverage profiles in mild and severe patients allowed us to discern the alteration of biological process caused by SARS-COV-2 infection. This study also demonstrated the utility of cfDNA in the discrimination of the severe patient from mild patients, as well as the surveillance, medication guidance, and prognosis of COVID-19 patients by targeting the TSS regions of the informative genes in a simple, fast, and low-cost manner.
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