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INTRODUCTION 
 

Severe acute respiratory syndrome coronavirus 2 

(SARS-CoV-2), the causal agent of the coronavirus 

disease 2019 (COVID-19) pandemic, has posed a 

considerable threat to global public health [1, 2]. 

SARS-CoV-2 has been identified as a novel single-

stranded ribonucleic acid (RNA) betacoronavirus that 

shares great phylogenetic similarity with severe acute 

respiratory syndrome coronavirus [3, 4]. As of April 

27, 2020, a total of 2,878,196 confirmed cases were 

reported, including 198,668 deaths worldwide [5]. 

Numerous studies have demonstrated that most 

COVID-19 patients had no symptoms or had mild 
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ABSTRACT 
 

Elderly patients with coronavirus disease 2019 (COVID-19) are more likely to develop severe or critical 
pneumonia, with a high fatality rate. To date, there is no model to predict the severity of COVID-19 in 
elderly patients. In this study, patients who maintained a non-severe condition and patients who 
progressed to severe or critical COVID-19 during hospitalization were assigned to the non-severe and severe 
groups, respectively. Based on the admission data of these two groups in the training cohort, albumin (odds 
ratio [OR] = 0.871, 95% confidence interval [CI]: 0.809 - 0.937, P < 0.001), d-dimer (OR = 1.289, 95% CI: 1.042 
- 1.594, P = 0.019) and onset to hospitalization time (OR = 0.935, 95% CI: 0.895 - 0.977, P = 0.003) were 
identified as significant predictors for the severity of COVID-19 in elderly patients. By combining these 
predictors, an effective risk nomogram was established for accurate individualized assessment of the 
severity of COVID-19 in elderly patients. The concordance index of the nomogram was 0.800 in the training 
cohort and 0.774 in the validation cohort. The calibration curve demonstrated excellent consistency 
between the prediction of our nomogram and the observed curve. Decision curve analysis further showed 
that our nomogram conferred significantly high clinical net benefit. Collectively, our nomogram will 
facilitate early appropriate supportive care and better use of medical resources and finally reduce the poor 
outcomes of elderly COVID-19 patients. 
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pneumonia, while a certain proportion of patients, 

especially elderly patients, were more prone to 

contracting severe or critical pneumonia or even dying 

[6–8]. Recent studies showed that patients with severe 

COVID-19 had a fatality rate 20 times higher than 

those with non-severe COVID-19 [9, 10]. Therefore, 

it is important to build a predictive model for the 

severity of COVID-19 on admission. 

 

Elderly patients are the high-risk group for severe 

COVID-19 [6]. A study conducted by Liu and his team 

found that the proportion of COVID-19 patients with 

grade IV and V pneumonia based on the Pneumonia 

Severity Index was higher among elderly patients than 

among young and middle-aged patients [11]. 

Moreover, Lian et al. conducted a cohort study 

including 652 younger patients and 136 older patients, 

and the results suggested that older patients had higher 

rates of severe COVID-19 and intensive care unit 

(ICU) admission than younger patients [12]. 

Furthermore, based on a recent report published by the 

Chinese Center for Disease Control and Prevention 

that enrolled approximately 44,500 confirmed cases, 

patients over 60 years in age accounted for 

approximately 81% of the total mortality in a 

nationwide analysis conducted in China [13], which 

was consistent with data from the United States [14] 

and Italy [15]. Considering that there is currently no 

specific medication for COVID-19 [16], early 

identification of elderly COVID-19 patients at high 

risk of exacerbation to severe or critical pneumonia is 

imperative to facilitate appropriate supportive care and 

reduce poor outcomes. 

 

However, to the best of our knowledge, no risk 

models have been developed to predict the severity of 

COVID-19 in elderly patients. In this study, using 

logistic regression with least absolute shrinkage and 

selection operator (LASSO) regularization, we found 

that albumin (ALB), d-dimer and onset to 

hospitalization (OH) time were significant predictors 

for the severity of COVID-19 in elderly patients. 

Based on these factors, we developed an effective risk 

nomogram with high sensitivity and specificity for 

accurate individualized assessment of the severity of 

COVID-19 in elderly patients. Our nomogram will 

facilitate early appropriate supportive care and better 

use of medical resources and will finally reduce the 

poor outcomes of elderly COVID-19 patients. 

 

RESULTS 
 

Clinicopathologic characteristics of enrolled elderly 

patients with COVID-19 

 

The flowchart of the study is presented in Figure 1. A 

total of 262 elderly COVID-19 patients were enrolled 

from six different hospitals in Hubei and Heilongjiang 

 

 
 

Figure 1. Flowchart of the study. 
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Table 1. Baseline characteristics of the study cohort. 

Variables Training cohort (n=217) Validation cohort (n=45) p-value 

Age (year) 67.0 (64.0-73.0) 66.0 (63.5-76.0) 0.952 

Gender, n (%)    

Female 101 (46.5) 21 (46.7) 0.988 

Male 116 (53.5) 24 (53.3)  

Severity, n (%)    

Non-severe 52 (24.0) 21 (46.7) 0.002 

Severe 165 (76.0) 24 (53.3)  

Comorbidities, n (%)    

Tumor 16 (7.4) 7 (15.6) 0.078 

Diabetes 51 (23.5) 9 (20.0) 0.611 

Hypertension 87 (40.1) 19 (42.2) 0.791 

Coronary heart disease 25 (11.5) 11 (24.4) 0.022 

Chronic kidney disease 10 (4.6) 2 (4.4)  1.000* 

Chronic respiratory disease 18 (8.3) 2 (4.4)  0.542* 

* Calculated with Fisher’s exact test. 
 

provinces in the study (Table 1). A total of 217 

patients in Hubei Province were grouped as the 

training cohort, and 45 patients in Heilongjiang 

Province were grouped as the validation cohort. All 

the patients during hospitalization were followed until 

discharge from the hospital. Patients who maintained a 

non-severe condition (recovery or mild or moderate 

COVID-19) and patients who progressed to severe or 

critical COVID-19 were assigned to the non-severe 

and severe groups, respectively. The proportion of 

severe patients and patients with coronary heart 

disease was higher in the training cohort. There were 

no significant differences in age, gender, or other 

comorbidities between these two cohorts. In the 

training cohort, patients in the severe group were older 

than those in the non-severe group (68.0 years, 

interquartile range (IQR) [64.0 - 75.0] vs. 65.0 years, 

IQR [62.0 - 70.0], P = 0.002) (Table 2). Compared 

with patients in the non-severe group, those in the 

severe group had less OH time (10.0 days, IQR [7.0 - 

15.0] vs. 14.5 days, IQR [7.0 - 25.8], P = 0.018). There 

were no differences in other symptoms or signs 

between these two groups. Significant differences 

were observed in the laboratory indicators between 

these two groups. In summary, patients in the severe 

group had higher inflammation, a hypercoagulable 

state, and increased hepatic and renal injury compared 

with those in the non-severe group. 

Identification of significant predictors for severity of 

elderly COVID-19 patients 
 

A total of 63 potential predictors from 217 elderly 

COVID-19 patients in the training cohort were 

enrolled in LASSO regression, and seven candidate 

predictors were selected, including age, OH time, 

lactic dehydrogenase (LDH), d-dimer, total bile acid 

(TBA), ALB and lymphocyte-to-monocyte ratio 

(LMR) (Figure 2A and 2B). These predictors were 

then entered into the univariate logistic regression, and 

all the predictors were significantly correlated with the 

severity of COVID-19 (Figure 2C). Furthermore, we 

recruited all these predictors in multivariate logistic 

regression to adjust the effects of covariates for the 

presence of severe or critical COVID-19. The results 

demonstrated that OH time (odds ratio [OR] = 0.935, 

95% confidence interval [CI]: 0.895 - 0.977, P = 

0.003), d-dimer (OR = 1.289, 95% CI: 1.042 - 1.594, P 

= 0.019) and ALB (OR = 0.871, 95% CI: 0.809 - 

0.937, P < 0.001) were significant predictors for the 

severity of COVID-19 in elderly patients (Figure 2C). 

Then, we used logistic regression, decision tree, and 

support vector machine (SVM) to construct the 

different predictive models. The receiver operating 

characteristic (ROC) curve indicated that logistic 

regression was as good as the SVM and better than the 

decision tree (Supplementary Figure 1). Therefore,  
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Table 2. Demographics and characteristics of elderly COVID-19 patients in training cohort. 

Variables Non-severe (n=52) Severe (n=165) p-value 

Age (year) 65.0 (62.0-70.0) 68.0 (64.0-75.0) 0.002 

Gender    

Female 30 (57.7) 71 (43.0) 0.065 

Male 22 (42.3) 94 (57.0)  

Comorbidities, n (%)    

Tumor 5 (9.6) 11 (6.7) 0.478 

Diabetes 11 (21.2) 40 (24.2) 0.647 

Hypertension 16 (30.8) 71 (43.0) 0.116 

Coronary heart disease 5 (9.6) 20 (12.1) 0.622 

Chronic kidney disease 2 (3.8) 8 (4.8) 1.000* 

Chronic respiratory disease 2 (3.8) 16 (9.7) 0.253* 

OH time (days) 14.5(7.0-25.8) (n=50) 10.0 (7.0-15.0) (n=165) 0.018 

Symptoms    

Fever 48 (72.7) 174 (79.5) 0.248 

Expectoration 13 (25.0) 43 (26.1) 0.879 

Fatigue 15 (28.8) 64 (38.8) 0.194 

Myalgia 8 (15.4) 32 (19.4) 0.516 

Headache 5 (5.8) 9 (5.5) 1.000* 

Pharyngalgia 2 (3.8) 4 (2.4) 0.631* 

Rhinorrhea 1 (1.9) 10 (6.1) 0.467* 

Pectoralgia 3 (5.8) 7 (4.2) 0.706* 

Diarrhea 4 (7.7) 24 (14.5) 0.242* 

Nausea 2 (3.8) 13 (7.9) 0.531* 

Vomiting 1 (1.9) 9 (5.5) 0.458* 

Signs    

Temperature 36.6 (36.5-37.0) (n=48) 36.7 (36.3-37.2) (n=156) 0.839 

MAP (mmHg) 99.67 (91.58-106.67) (n=40) 96.67 (91.00-105.75) (n=146) 0.325 

Heart rate (/min) 85.5 (77.0-101.8) (n=48) 85.0 (76.0-98.0) (n=158) 0.186 

Respiratory rate (/min) 20.0 (20.0-20.8) (n=48) 20.0 (20.0-24.0) (n=151) 0.080 

Laboratory findings    

WBC (×10
9
/L) 5.40 (4.31-6.67) 6.07 (4.66-8.39)  0.053 

RBC (×10
9
/L) 3.95±0.54 (n=52) 4.01±0.59 (n=164) 0.516 

Platelets (×10
9
/L) 195.5 (161.3-258.0)  213.0 (159.5-268.5)  0.585 

Neutrophils (×10
9
/L) 3.53 (2.61-4.74) (n=52) 4.25 (3.16-6.78) (n=164) 0.005 

Lymphocytes (×10
9
/L) 1.16 (0.90-1.56) 0.88 (0.62-1.19) <0.001 

Monocytes (×10
9
/L) 0.41 (0.32-0.48) (n=52) 0.40 (0.30-0.57) (n=162) 0.821 

AST (U/L) 29.5 (22.3-39.5) 31.0 (23.0-43.0) 0.199 

ALT (U/L) 25.0 (16.0-45.8)  30.0 (21.0-47.5)  0.108 

ALP (U/L) 63.5 (48.5-74.8)  59.0 (47.0-77.0)  0.628 

LDH (U/L) 218.0 (178.0-278.5)  299.0 (210.5-378.5)  <0.001 

GGT (U/L) 25.5 (17.3-56.5) 29.0 (19.0-45.5)  0.512 

TBIL (μmol/L) 10.25 (7.35-13.10)  11.80 (8.80-15.70)  0.068 

DBIL(μmol/L) 3.00 (2.35-4.18)  3.80 (2.75-5.30)  0.010 

IBIL (μmol/L) 7.10 (5.60-9.70) (n=51) 8.00 (5.60-10.70) (n=163) 0.454 

Total protein (g/L) 64.51±6.62  62.34±6.20 0.032 

ALB (g/L) 33.71±4.81  29.25±4.93 <0.001 

Globulin (g/L) 31.34±4.56 (n=50) 33.04±5.18 (n=165) 0.039 

TBA (μmol/L) 4.20 (2.80-6.29) (n=52) 2.70 (1.80-4.40) (n=163) 0.004 

BUN (mmol/L) 4.88 (3.73-5.90) (n=52) 5.26 (4.06-7.44) (n=161) 0.063 

Creatinine (μmol/L) 67.95 (57.28-80.80) (n=52) 71.55 (59.55-88.30) (n=162) 0.445 

Uric acid (μmol/L) 260.65 (205.80-322.63) (n=52) 242.95 (186.65-296.48) (n=162) 0.216 
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Glucose (mmol/L) 5.89 (5.26-7.37) (n=52) 6.40 (5.51-8.03) (n=160) 0.099 

CK (U/L) 80.0 (53.0-125.0) (n=39) 74.0 (46.0-126.0) (n=131) 0.370 

CK-MB (U/L) 12.0 (8.0-15.0) (n=39) 11.0 (9.0-15.0) (n=131) 0.927 

CRP (mg/L) 6.18 (1.65-33.84) (n=46) 33.73 (11.23-71.34) (n=155) <0.001 

D-dimer (μg/L) 0.58 (0.29-1.30) (n=44) 1.15 (0.41-4.46) (n=147) 0.004 

PT (s) 12.70 (12.20-13.40) (n=52) 13.50 (12.80-14.68) (n=164) <0.001 

APTT (s) 34.90 (32.90-39.10) (n=52) 37.30 (33.70-41.68) (n=164) 0.046 

Fibrinogen (g/L) 3.62 (3.06-4.66) 4.53 (3.51-5.19)  0.016 

Thrombin time (s) 15.40 (14.93-16.40)  15.80 (15.00-16.70) 0.097 

Procalcitonin (ng/mL) 0.05 (0.04-0.09) (n=39) 0.11 (0.06-0.25) (n=113) <0.001 

NLR 2.90 (1.89-4.63) (n=52) 4.92 (2.97-10.00) (n=164) <0.001 

PLR 161.59 (124.90-245.59)  248.53 (172.48-335.71)  <0.001 

LMR 2.88 (2.16-3.92) (n=52) 2.27 (1.48-3.18) (n=162) <0.001 

SII 589.49 (354.76-1152.13) (n=52) 1067.33 (626.84-1948.19) (n=164) <0.001 

ANRI 8.81 (5.16-12.09) (n=52) 7.02 (4.31-11.39) (n=164) 0.287 

APRI 0.37 (0.26-0.51) 0.38 (0.26-0.65) 0.429 

ALRI 24.36 (16.24-36.21) 36.26 (22.55-60.95) <0.001 

LCR 0.19 (0.03-0.94) (n=46) 0.03 (0.01-0.10) (n=155) <0.001 

OH, onset-to-hospitalization; MAP, mean arterial pressure; WBC, white blood cell; RBC, red blood cell; AST, aspartate 
aminotransferase; ALT, Alanine transaminase; ALP, alkaline phosphatase; LDH, lactic dehydrogenase; GGT, gamma-glutamyl 
transpeptidase; TBIL, total bilirubin; DBIL, direct bilirubin; IBIL, indirect bilirubin; ALB: albumin; TBA, total bile acid; BUN, 
blood urea nitrogen; CK: Creatine kinase; CK-MB: Creatine kinase-MB; CRP, C-reactive protein; PT: prothrombin time; APTT, 
activated partial thromboplastin time; NLR, neutrophil-to-lymphocyte ratio; PLR, platelet-to-lymphocyte ratio; LMR, 
lymphocyte-to-monocyte ratio; SII, systemic Immune-inflammation index; ANRI, AST-to-neutrophil ratio index; APRI, AST-to-
platelet ratio index; ALRI, AST-to-lymphocyte ratio index; LCR, lymphocyte-to-CRP ratio. 
* Calculated with Fisher’s exact test. 

 

 
 

Figure 2. Identification of significant predictors for the severity of COVID-19 in elderly patients. (A) LASSO coefficient profiles of 

the candidate predictors. (B) Selection of the optimal penalization coefficient in the LASSO regression. (C) Univariate and multivariate logistic 
regression of the predictors. 
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logistic regression model was used for further analysis 

due to its better performance. 

 

Nomogram development for severity prediction in 

elderly COVID-19 patients 

 

Based on the significant predictors, we established a 

predictive nomogram for the severity of COVID-19 in 

elderly patients (Figure 3A). These three predictors were 

assigned a score ranging from 0 to 100 on a point scale. 

The probability of severe or critical COVID-19 could be 

efficiently estimated by calculating the total score of these 

three predictors and placing the total score on a total point 

scale. The sensitivity and specificity for predicting the 

severity of COVID-19 at different cutoff values are 

summarized in Table 3. Based on the maximum Youden 

index, the optimal cutoff value of the nomogram-

predicted probability was set as 0.722. At this cutoff, the 

sensitivity, specificity, positive predictive value, and 

negative predictive value, when used in differentiating the 

presence from absence of severe or critical COVID-19, 

were 77.0%, 73.1%, 90.1%, and 50.0%, respectively 

(Table 4).  

 

Validation of the predictive nomogram 
 

In the training cohort, the nomogram showed good 

discrimination for predicting the severity of COVID-19, 

with the C index of 0.800 (Figure 3B). The calibration 

curve graphically showed good agreement between the  

 

 
 

Figure 3. Construction and validation of the predictive nomogram for the severity of COVID-19 in elderly patients. (A) 

Development of the nomogram to predict the severity of COVID-19 in elderly patients. For example, if the albumin (ALB), d-dimer and onset to 
hospitalization (OH) time of an admitted elderly COVID-19 patient were 30 g/L, 1 μg/L and 15 days, respectively, the corresponding points for 
ALB, d-dimer and OH time were 57.5, 5 and 35, respectively. The total points value for this patient was 97.5, with a probability of 0.75 for 
developing severe or critical illness after admission. (B, E) Receiver operating characteristic (ROC) curves of the nomogram in the training cohort 
(B) and validation cohort (E). (C, F) Calibration curve of the nomogram in the training cohort (C) and validation cohort (F). (D, G) Decision curve 
analysis in the training cohort (D) and validation cohort (G). The y-axis represents net benefits, calculated by subtracting the relative harms (false 
positives) from the benefits (true positives). The x-axis measures the threshold probability. 
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Table 3. Differential efficacy of the nomogram at different predicted probability. 

Predicted 

probability 
Sensitivity Specificity PPV NPV 

Training cohort     

0.50 95.8% 25.0% 80.2% 65.0% 

0.60 90.9% 38.5% 82.4% 57.1% 

0.70 80.6% 65.4% 88.1% 51.5% 

0.80 61.2% 84.6% 92.7% 40.7% 

Validation cohort     

0.5 100.0% 23.8% 60.0% 100.0% 

0.6 100.0% 38.1% 64.9% 100.0% 

0.7 79.2% 47.6% 63.3% 66.7% 

0.8 50.0% 71.4% 66.7% 55.6% 

PPV, positive predictive value; NPV, negative predictive value. 
 

Table 4. Differential efficacy of the nomogram at optimal predicted probability. 

Variables Value 
Sensitivity 77.0% 
Specificity 73.1% 
Positive predictive value 90.1% 
Negative predictive value 50.0% 
Positive likelihood ratio 2.86 
Negative likelihood ratio  0.31 
ROC area (95%CI) 0.800 (0.734-0.866) 
Predicted probability 0.722 

CI, confidence intervals; ROC, receiver operating characteristic. 
 

predicted and actual severity classifications of COVID- 

19 (Figure 3C). Decision curve analysis (DCA) was 

used to evaluate the clinical utility of the nomogram by 

quantifying the probabilities of net benefits at a 

threshold from 0.0 to 1.0. DCA results showed that 

using this nomogram to predict the severity of COVID-

19 had more benefits than the measures that treat all 

patients or treat none of patients (Figure 3D). In the 

validation cohort, the C index for the nomogram was 

0.774 (Figure 3E). The calibration curve graphically 

showed good agreement between the predicted and 

observed curves (Figure 3F). DCA results further 

validated the clinical usefulness of our nomogram 

(Figure 3G). 

 

DISCUSSION 
 

COVID-19 has spread globally rapidly, and no specific 

medication for COVID-19 has been identified [16]. 

Some models have been proposed to predict the severity 

of COVID-19, most of which mainly focus on general 

patients [10, 17–20], and little attention has been paid 

specifically to elderly patients. Considering that 

elderly patients were more likely to progress to severe 

or critical COVID-19 [6], early identification of 

elderly COVID-19 patients at high risk of progression 

to severe or critical pneumonia will facilitate better 

use of medical resources and early appropriate 

supportive care. 

 

In our study, ALB, OH time and d-dimer were finally 

selected as predictors for the severity of COVID-19 in 

elderly patients. Based on these predictors, a  

risk nomogram with the C index of 0.800 was 

established for the prediction of severe or critical 

COVID-19, suggesting that our nomogram had good 

discrimination. The calibration curve demonstrated 

excellent consistency between the prediction of our 

nomogram and the observed curve. DCA further 

showed that our nomogram conferred significantly 

high clinical net benefits. More importantly, our 

nomogram worked well in an external validation 

cohort. These findings suggested that our nomogram 

was of significant value for accurate individual 
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assessment of the incidence of severe or critical 

COVID-19 in elderly patients. 

 

ALB has been reported to be negatively correlated 

with the severity of COVID-19 [10]. As previously 

stated, inflammatory cells were found in the hepatic 

sinuses from a dead COVID-19 patient [21], 

suggesting that SARS-CoV-2 could cause damage to 

the liver. Considering that ALB is synthesized in the 

liver, decreased ALB levels indirectly reflect the 

extent of liver injury [22]. Usually, severe or  

critical COVID-19 patients are more likely to have 

liver injury than mild or moderate COVID-19 patients 

[23]. This might be the reason why patients in the 

severe group had decreased ALB levels compared 

with those in the non-severe group. Moreover, we 

found that OH time was shorter in the severe group 

than in the non-severe group and negatively 

associated with the severity of COVID-19.  

Chen and his team arrived at a similar conclusion 

[24]. Chen et al. compared the clinical characteristics 

between older patients and younger patients with 

COVID-19 and found that older patients  

have shorter OH times. Additionally, by analyzing 

survival and non-survival patients, they found that 

non-survival patients had shorter OH times  

than those who survived [24]. Previous studies also 

demonstrated that patients with progression often 

exhibited exacerbation within one week of disease 

onset [25, 26]. The detailed mechanism is still 

unknown and needs further investigation. For d-

dimer, we found a higher level of d-dimer in the 

severe group than in the non-severe group, and d-

dimer was positively related to the severity of 

COVID-19. A previous study conducted by Roselo et 

al. demonstrated that d-dimer was a significant 

prognostic factor in patients with infection and  

sepsis [27]. Regarding the role of d-dimer in COVID-

19 patients, Zhou and his team found that a d-dimer 

level greater than 1 µg/mL was associated with the 

death of COVID-19 patients [28]. Zhang et al. 

reached a similar conclusion, stating that a d-dimer 

level greater than 2.0 µg/mL on admission could 

effectively predict in-hospital mortality in COVID-19 

patients [29]. Collectively, d-dimer could act as an 

early and helpful marker of the severity of  

COVID-19. 

 

Numerous studies have shown that patients with 

comorbidities are more likely to develop severe or 

critical pneumonia [30, 31]. Our study did not find 

significant differences in tumor, diabetes, hypertension, 

coronary heart disease, chronic kidney disease or 

chronic respiratory disease between the severe and non-

severe groups. Additionally, age has been reported to be 

correlated with the severity of COVID-19 [32, 33]. 

However, in our study, age was not included after 

LASSO regression, which suggested that other 

parameters had better predictive abilities than age for 

COVID-19 severity prediction in elderly patients. 

 

To our knowledge, this is the first nomogram for 

predicting the incidence of severe or critical COVID-

19 in elderly patients. The greatest strength is that this 

practical quantitative prediction tool is inexpensive 

and easily used and popularized because only three 

parameters are needed, which are easily accessible in 

clinical practice. However, we must admit that our 

study has some limitations. First, this was a 

retrospective study including only 262 elderly 

COVID-19 patients. Larger prospective studies are 

needed to validate the findings. Second, this 

nomogram was constructed and validated based on 

data from China. External validation from other 

countries and races is necessary to confirm the 

predictive value of the nomogram. Third, our model 

was trained on patients who were not randomized or 

matched, and we did not approach the problem of 

unbalanced data between severe and non-severe 

patients. Finally, due to the analysis being based on 

clinicopathologic and laboratory data, we did not 

include specific markers such as IgM and IgG 

antibody detection, which might further improve the 

accuracy of the nomogram.  

 

In conclusion, we demonstrated that ALB, d-dimer and 

OH time are significant predictors of the severity of 

COVID-19 in elderly patients. By combining these 

easily accessible predictive factors, a risk nomogram 

was established to predict the incidence of severe or 

critical COVID-19 in elderly patients. The nomogram 

could optimally assist in alleviating medical resources 

limitations and reducing poor outcomes. 

 

MATERIALS AND METHODS 
 

Data collection 

 

The training cohort data were collected on admission, 

including demographic, clinical and laboratory 

characteristics of laboratory-confirmed cases of 

COVID-19 from Jan 25 to Mar 14, 2020, at the Union 

Hospital of Huazhong University of Science and 

Technology. Patients less than 60 years old were 

excluded, and 217 elderly patients (age ≥ 60 years) with 

COVID-19 were included in the study. The validation 

cohort data of 45 elderly COVID-19 patients were 

retrospectively collected from five hospitals (Harbin 

Chest Hospital, Harbin Infectious Disease Hospital, 

Jilin Infectious Disease Hospital, Harbin Second 

Hospital, and Heilongjiang Provincial Hospital for 

Prevention and Treatment of Infectious Diseases) 
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between April 8 and May 11, 2020. None of the patients 

enrolled in the two cohorts were randomized or 

matched. All patients were SARS-CoV-2 RNA positive 

and could be divided into a severe group or a non-

severe group. In the severe group, patients progressed to 

severe or critical COVID-19 during hospitalization; in 

the non-severe group, patients maintained non-severe 

conditions (recovery or mild or moderate COVID-19) 

during hospitalization. This study was approved by the 

ethics committee of each hospital for emerging 

infectious diseases. The ethics committee of the hospital 

waived written informed consent from patients with 

COVID-19. 

 

The diagnosis and severity classification of COVID-19 

were based on the New Coronavirus Pneumonia 

Prevention and Control Program published by the 

National Health Commission of China [34]. Mild 

pneumonia indicates asymptomatic infection or mild 

clinical symptoms without abnormal chest imaging 

findings. Moderate pneumonia indicates the presence of 

both clinical symptoms and abnormal chest imaging 

findings. Patients are diagnosed with severe pneumonia 

when the disease progresses to meet any of the following 

conditions: (1) significantly increased respiration rate: 

RR ≥ 30/min; (2) oxygen saturation ≤ 93% in the rest 

state; and (3) PaO2/FiO2 ≤ 300 mmHg (1 mmHg = 

0.133 kPa). Critical pneumonia occurs when the disease 

progresses rapidly with any of the following conditions: 

(1) respiratory failure, which requires mechanical 

ventilation; (2) shock; and (3) other organ failures 

needing monitoring and treatment in the ICU. 

 

Clinicopathologic variables 

 

Patients’ basic information was obtained, including age, 

gender, comorbidities, OH time, symptoms (including 

fever, expectoration, fatigue, myalgia, headache, 

pharyngalgia, rhinorrhea, pectoralgia, diarrhea, nausea 

and vomiting) and signs (including body temperature, 

mean arterial pressure, heart rate and respiratory rate). 

The laboratory parameters measured included white 

blood cells, red blood cells, platelets, neutrophils, 

lymphocytes, monocytes, aspartate aminotransferase 

(AST), alanine transaminase, alkaline phosphatase, 

LDH, gamma-glutamyl transpeptidase, total bilirubin, 

direct bilirubin, indirect bilirubin, total protein, ALB, 

globulin, TBA, blood urea nitrogen, creatinine, uric 

acid, blood glucose, creatine kinase, creatine kinase-

MB, C-reactive protein (CRP), d-dimer, prothrombin 

time, activated partial thromboplastin time, fibrinogen, 

thrombin time and procalcitonin. In addition, some 

inflammatory markers were calculated from the 

admission full blood counts, AST and CRP, including 

the neutrophil-lymphocyte ratio, platelet-lymphocyte 

ratio, lymphocyte-to-monocyte ratio, systemic immune-

inflammation index, AST-to-neutrophil ratio index, 

AST-to-platelet ratio index, AST-to-lymphocyte ratio 

index and lymphocyte-to-CRP ratio. 

 

Statistical analysis 

 

Continuous variables were expressed as the mean ± 

standard deviation or median (IQR) for normal or non 

normal distributions, respectively, followed by an 

unpaired t-test or Wilcoxon rank sum test. Categorical 

variables were summarized as counts (percentages) and 

compared using the chi-square test or Fisher’s exact 

test, as appropriate. P < 0.05 was considered statistically 

significant. SPSS 22.0 (SPSS Inc, Chicago, IL, USA) 

software was used to analyze the above data. 

 

Considering that all the potential predictors had 2.4% 

missing values in the training cohort, we adopted multiple 

imputation using the “mice” package in R software (R 

version 3.6.3) to impute the missing values. After multiple 

imputation, the OR and P value were unchanged in all of 

these potential predictors except procalcitonin, which was 

excluded in our subsequent analysis (Supplementary 

Table 1). To generate sparse coefficients that allow us to 

select features for prediction, we used logistic regression 

with L1 regularization (LASSO) to select the significant 

predictors based on the Akaike information criteria. 

Cross-validation was used to estimate LASSO hyper-

parameters. Furthermore, we constructed predictive 

models using logistic regression, decision tree and SVM 

using the R packages “rpart”, “rpart.plot” and “e1071”. 

Finally, by combining these significant predictors, we 

established a nomogram to predict the incidence of severe 

or critical COVID-19 for elderly patients on admission. 

ROC curves and calibration curves were plotted to assess 

the discrimination and accuracy of the nomogram. 

Bootstrapping aggregating method was used to obtain the 

estimates in the calibration of models. All data in the 

training set with 1000 repetitions of resampling were 

applied in the bootstrapping. DCA was conducted to 

evaluate the clinical utility of the nomogram by 

quantifying net benefits against a range of threshold 

probabilities [35, 36]. For external validation of the 

nomogram, the established nomogram was used to 

calculate the total points of each patient in the validation 

cohort. The ROC curve, calibration curve and DCA 

results were plotted to externally evaluate the application 

scope of the nomogram. The R packages “rms”, “pROC” 

and “dca.R” were used in these analyses. 
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SUPPLEMENTARY MATERIALS 
 

Supplementary Figure 
 

 
 

Supplementary Figure 1. Receiver operating characteristic (ROC) curves of different predictive models using logistic 
regression (red), decision tree (blue), and support vector machine (black). 

  



 

www.aging-us.com 20995 AGING 

Supplementary Table 
 

Supplementary Table 1. Association of the clinical characteristics with severity in elderly COVID-19 patients. 

Variables  
Analysis with observed data, 

β (95% CI) 
p-value 

Analysis with multiple 

imputation data, β (95% CI) 
p-value 

Age (year)  1.091 (1.033-1.152) 0.002 1.091(1.033-1.152) 0.002 

Gender, female vs. male 0.554 (0.295-1.041) 0.066 0.554 (0.295-1.041) 0.066 

Comorbidities, yes vs. no 1.762 (0.934-3.324) 0.080 1.762 (0.934-3.324) 0.080 

OH time (days) 0.928 (0.890-0.966) <0.001 0.928 (0.891-0.966) <0.001 

Symptoms, yes vs. no     

Fever 1.752 (0.856-3.585) 0.125 1.752 (0.856-3.585) 0.125 

Expectoration 1.057 (0.516-2.167) 0.879 1.057 (0.516-2.167) 0.879 

Dyspnea 1.959 (1.025-3.744) 0.042 1.959 (1.025-3.744) 0.042 

Fatigue 1.563 (0.794-3.075) 0.196 1.563 (0.794-3.075) 0.196 

Myalgia 1.323 (0.568-3.085) 0.517 1.323 (0.568-3.085) 0.517 

Headache 0.942 (0.245-3.619) 0.931 0.942 (0.245-3.619) 0.931 

Pharyngalgia 0.612 (0.110-3.492) 0.589 0.612 (0.110-3.492) 0.589 

Rhinorrhea 3.290 (0.411-26.333) 0.262 3.290 (0.411-26.333) 0.262 

Pectoralgia 0.724 (0.180-2.905) 0.648 0.724 (0.180-2.905) 0.648 

Diarrhea 2.043 (0.674-6.186) 0.206 2.043 (0.674-6.186) 0.206 

Nausea 2.138 (0.466-9.802) 0.328 2.138 (0.466-9.802) 0.328 

Vomiting 2.942 (0.364-23.789) 0.312 2.942 (0.364-23.789) 0.312 

Signs     

MAP (mmHg) 0.987 (0.957-1.019) 0.420 0.990 (0.962-1.109) 0.487 

Heart rate (/min) 0.986 (0.966-1.005) 0.154 0.987 (0.968-1.006) 0.186 

Respiratory rate (/min) 1.105 (1.004-1.216) 0.041 1.074 (0.987-1.168) 0.096 

Temperature (°C) 0.966 (0.611-1.528) 0.882 0.929 (0.594-1.405) 0.749 

Laboratory findings     

WBC (×10
9
/L) 1.128 (0.997-1.277) 0.056 1.128 (0.997-1.277) 0.056 

RBC (×10
9
/L) 1.199 (0.695-2.070) 0.514 1.180 (0.685-2.034) 0.550 

Platelets (×10
9
/L) 1.000 (0.997-1.004) 0.870 1.000 (0.997-1.004) 0.870 

Neutrophils (×10
9
/L) 1.185 (1.031-1.362) 0.017 1.189 (1.034-1.366) 0.005 

Lymphocytes (×10
9
/L) 0.312 (0.164-0.596) <0.001 0.312 (0.164-0.596) <0.001 

Monocytes (×10
9
/L) 2.742 (0.520-14.467) 0.235 2.844 (0.536-15.089) 0.220 

AST (U/L) 1.012 (0.995-1.029) 0.158 1.012 (0.995-1.029) 0.158 

ALT (U/L) 1.004 (0.994-1.013) 0.487 1.004 (0.994-1.013) 0.487 

ALP (U/L) 1.000 (0.990-1.010) 0.982 1.000 (0.990-1.010) 0.982 

LDH (U/L) 1.008 (1.004-1.012) <0.001 1.008 (1.004-1.012) <0.001 

GGT (U/L) 1.001 (0.996-1.007) 0.602 1.001 (0.996-1.007) 0.602 

TBIL (μmol/L) 1.059 (0.992-1.132) 0.087 1.059 (0.992-1.132) 0.087 

DBIL(μmol/L) 1.253 (1.030-1.524) 0.024 1.253 (1.030-1.524) 0.024 

IBIL (μmol/L) 0.990 (0.953-1.029) 0.617 0.993 (0.955-1.032) 0.714 
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Total protein (g/L) 0.948 (0.903-0.996) 0.034 0.948 (0.903-0.996) 0.034 

ALB (g/L) 0.840 (0.783-0.900) <0.001 0.840 (0.783-0.900) <0.001 

Globulin (g/L) 1.074 (1.003-1.151) 0.040 1.084 (1.013-1.161) 0.019 

TBA (μmol/L) 0.902 (0.829-0.980) 0.015 0.900 (0.828-0.979) 0.014 

BUN (mmol/L) 0.989 (0.952-1.027) 0.561 0.988 (0.951-1.027) 0.541 

Creatinine (μmol/L) 0.999 (0.998-1.001) 0.448 0.999 (0.998-1.001) 0.436 

Uric acid (μmol/L) 0.999 (0.996-1.001) 0.335 0.999 (0.996-1.001) 0.314 

Glucose (mmol/L) 1.100 (0.972-1.244) 0.130 1.102 (0.974-1.246) 0.122 

CK (U/L) 1.001 (0.998-1.004) 0.504 1.001 (0.999-1.003) 0.308 

CK-MB (U/L) 1.006 (0.970-1.044) 0.743 1.015 (0.984-1.047) 0.354 

CRP (mg/L) 1.020 (1.008-1.031) 0.001 1.018 (1.007-1.029) 0.001 

D-dimer (μg/L) 1.346 (1.096-1.653) 0.005 1.421 (1.151-1.754) 0.001 

PT (s) 2.091 (1.475-2.966) <0.001 2.099 (1.482-2.972) <0.001 

APTT (s) 1.042 (0.993-1.094) 0.091 1.042 (0.993-1.094) 0.092 

Fibrinogen (g/L) 1.262 (0.980-1.626) 0.072 1.262 (0.980-1.626) 0.072 

Thrombin time (s) 1.291 (0.998-1.668) 0.052 1.291 (0.998-1.668) 0.052 

NLR 1.125 (1.032-1.227) 0.007 1.127 (1.034-1.229) 0.007 

PLR 1.004 (1.001-1.007) 0.005 1.004 (1.001-1.007) 0.005 

LMR 0.638 (0.501-0.812) <0.001 0.640 (0.503-0.814) <0.001 

SII 1.000 (1.000-1.001) 0.011 1.000 (1.000-1.001) 0.010 

ANRI 0.993 (0.953-1.034) 0.739 0.992 (0.953-1.034) 0.716 

APRI 1.840 (0.740-4.576) 0.189 1.840 (0.740-4.576) 0.189 

ALRI 1.019 (1.006-1.033) 0.005 1.019 (1.006-1.033) 0.005 

LCR 0.922 (0.855-0.994) 0.034 0.926 (0.859-0.997) 0.042 

OH, onset-to-hospitalization; MAP, mean arterial pressure; WBC, white blood cell; RBC, red blood cell; AST, aspartate 
aminotransferase; ALT, Alanine transaminase; ALP, alkaline phosphatase; LDH, lactic dehydrogenase; GGT, gamma-glutamyl 
transpeptidase; TBIL, total bilirubin; DBIL, direct bilirubin; IBIL, indirect bilirubin; ALB: albumin; TBA, total bile acid; BUN, 
blood urea nitrogen; CK: Creatine kinase; CK-MB: Creatine kinase-MB; CRP, C-reactive protein; PT: prothrombin time; APTT, 
activated partial thromboplastin time; NLR, neutrophil-to-lymphocyte ratio; PLR, platelet-to-lymphocyte ratio; LMR, 
lymphocyte-to-monocyte ratio; SII, systemic Immune-inflammation index; ANRI, AST-to-neutrophil ratio index; APRI, AST-to-
platelet ratio index; ALRI, AST-to-lymphocyte ratio index; LCR, lymphocyte-to-CRP ratio. 


