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Characteristics Discharged Deceased group (n = 42)

Age, median (IQR) 81 (69, 88) 86 (79, 91) 0.002
Sex, n (%) 0084
Male 89 (56.69%) 30 (71.43%)
Female 68 (43.31%) 12 (2857%)

Comorbidities, n (%)

Diabetes 16 (10.19%) 5 (11.90%)
Hypertension 95 (60.51%) 24 (57.14%)
Coronary heart disease 8 (5.09%) 2 (4.76%)
Renal dysfunction 5 (3.18%) 1(2.38%)
Others 33 (21.02%) 10 (23.81%)

Variable category

Neutrophil (10%/L), median (IQR) 4.90 (3.2, 6.2) 6.80 (5.0, 11.8) <0001
Lymphocyte (10%/L), median (IQR) 0.80 (0.6, 1.0) 050 (0.4, 0.7) <0.001
Monocytes (10°/L), median (IQR) 050 (0.4, 0.6) 0.40 (0.3, 0.5) 0.007
NLR, median (IQR) 6.10 (3.36, 8.50) 15.00 (9.8, 22.50) <0.001
NMR, median (IQR) 950 (6.50, 13.75) 2150 (15.75, 28.00) <0.001
LMR, median (IQR) 1.67 (1.25, 2.25) 1,50 (1.00, 1.75) 0017
CRP (mg/L), median (IQR) 37.50 (15.57, 60.48) 10956 (70.55, 149.67) <0.001
PCT (ug/L), median (IQR) 0.22 (0.15, 0.38) 0.89 (0.28, 1.72) <0.001
1L6 (pg/L), median (IQR) 18.45 (11.98, 30.84) 37.22 (2245, 96.56) <0001

DD, (mg/L), median (IQR) 1.11 (0.62, 1.63) 2.02 (1.56, 6.05) <0.001
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Classifier Cohorts AUC Cutoff Accuracy Sensitivity Specificity Positive Negative

predictive value predictive value

XGBoost Training 1.000 0.759 0.992 1.000 1.000 1.000 0.990 1.000
Validation 0917 0.759 0.819 0.941 0.869 0.749 0.828 0.806
Logistic Training 0.939 0.182 0.852 0.953 0.829 0.638 0.971 0.761
Validation 0.902 0.182 0.795 0.989 0.790 0.459 0.959 0.610
LightGBM Training 1.000 0.814 0.992 1.000 1.000 1.000 0.990 1.000
Validation 0913 0.814 0.816 0.973 0.790 0.749 0.830 0.833
Random Training 1.000 0.550 0.988 1.000 0.999 1.000 0.985 1.000
forest
Validation 0.896 0.550 0.819 0.931 0.783 0.734 0.845 0.803
AdaBoost Training 1.000 0.522 0.992 1.000 1.000 1.000 0.990 1.000
Validation 0.881 0.522 0.788 0.959 0.786 0.598 0.835 0.727
Decision tree Training 1.000 1.000 0.773 1.000 1.000 NaN 0.773 NaN
Validation 0.694 1.000 0.781 0.477 0912 NaN 0.781 NaN
GBDT Training 1.000 0.935 0.992 1.000 1.000 1.000 0.990 1.000
Validation 0.900 0.935 0.816 0.964 0.813 0.756 0.826 0.837
GNB Training 0.931 0.047 0.838 0.962 0812 0.595 0.974 0.735
Validation 0.936 0.047 0.837 1.000 0.801 0.536 0.982 0.697
CNB Training 0.607 0.813 0.768 0.479 0.871 0.553 0.834 0.495

Validation 0573 0.813 0.730 0.598 0.753 0.281 0.840 0339
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AUC Cutoff Accuracy Sensitivity Specificity Positive

predictive value

0921 ‘ 0.066 0.822 0.964 0.793 0.561
0.901 ‘ 0.066 0.821 1.000 0.819 0.587

0.952 ‘ 0.061 0.884 10 0.788 0.727
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0.978
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Prediction of the risk of mortality in COVID-19 elderly patients

Prediction of the risk of mortality in COVID-19 elderly patients

NLR NLR 25
NMR NMR 333
CRP(mg/L) CRP(mg/L) 225.88
IL6(pg/ml) IL6(pg/ml) 109
DD(mg/L FEU) DD(mg/L FEU) 2.02
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Accuracy

2B4 propy 0.94 0.94 0.93 0.87 0.96
tripeptide 0.96 0.96 0.96 0.92 0.97
N-gram 0.96 0.96 0.96 0.93 0.98
226 propy 077 0.77 0.79 0.55 0.78
tripeptide 0.74 0.74 0.76 0.49 0.66
N-gram 0.73 0.73 0.76 0.48 0.7
5cc7 propy 0.82 0.82 0.83 0.65 0.83
tripeptide 0.85 0.85 0.86 0.71 0.87
N-gram 0.85 0.85 0.85 0.79 0.84

Metrics include Accuracy, Recall, Matthews Correlation Coefficient (MCC), F1 Score, and AUC for trained baseline models (Logistic Regression) using selected features from LASSO. Values
reflect the average across 10 cross-validation sets, with an 80/20 train/test split for each fold.
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Threshold Peptides (0/1)

2B4 13 98/98
226 6 987/987
5cc7 23 234/234

Data obtained from Ref (5). Partition thresholds used to distinguish strong into strong (1) and
weak (0) binders after five rounds of affinity-based selection were obtained using the RACER
model (28) (see text for details).





