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Abstract

The 2019 novel coronavirus has spread rapidly around the world. Cancer patients
seem to be more susceptible to infection and disease deterioration, but the factors
affecting the deterioration remain unclear. We aimed to develop an individualized
model for prediction of coronavirus disease (COVID-19) deterioration in cancer pa-
tients. The clinical data of 276 cancer patients diagnosed with COVID-19 in 33 des-
ignated hospitals of Hubei, China from December 21, 2019 to March 18, 2020, were
collected and randomly divided into a training and a validation cohort by a ratio of
2:1. Cox stepwise regression analysis was carried out to select prognostic factors.
The prediction model was developed in the training cohort. The predictive accuracy
of the model was quantified by C-index and time-dependent area under the receiver
operating characteristic curve (t-AUC). Internal validation was assessed by the valida-

tion cohort. Risk stratification based on the model was carried out. Decision curve
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analysis (DCA) were used to evaluate the clinical usefulness of the model. We found
age, cancer type, computed tomography baseline image features (ground glass opacity
and consolidation), laboratory findings (lymphocyte count, serum levels of C-reactive
protein, aspartate aminotransferase, direct bilirubin, urea, and p-dimer) were sig-
nificantly associated with symptomatic deterioration. The C-index of the model was
0.755 in the training cohort and 0.779 in the validation cohort. The t-AUC values were
above 0.7 within 8 weeks both in the training and validation cohorts. Patients were
divided into two risk groups based on the nomogram: low-risk (total points < 9.98) and
high-risk (total points > 9.98) group. The Kaplan-Meier deterioration-free survival of
COVID-19 curves presented significant discrimination between the two risk groups
in both training and validation cohorts. The model indicated good clinical applicability
by DCA curves. This study presents an individualized nomogram model to individu-
ally predict the possibility of symptomatic deterioration of COVID-19 in patients with

cancer.

KEYWORDS

1 | INTRODUCTION

The 2019 novel coronavirus, named severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2),%? has spread rapidly around the world
since it was initially isolated and identified in Wuhan, China, causing
the pandemic of corona virus disease (COVID-19). By April 30, 2020,
besides China, SARS-CoV-2 had been reported in 211 countries, with
3131 014 confirmed cases of infection and more than 200 000 deaths.
Increasing evidence indicates that all populations are generally suscep-
tible to the SARS-CoV-2,% but elderly men with comorbidities are
more likely to be affected, and develop severe respiratory diseases.®®

Risk of worse prognosis of COVID-19 increases in patients
with various preexisting conditions, especially those with cancer.
Anticancer treatments or malignancy itself cause general immuno-
suppression in cancer patients, thus increase susceptibility to infec-
tion and disease deterioration.”* As a result, COVID-19 patients
with cancer suffer poorer outcomes, thus more attention should be
paid to this cohort.

In the course of clinical treatment, the condition of some pa-
tients could deteriorate, but the factors affecting the deterioration
remain unclear. In the present study, we tried to analyze the risk fac-
tors for symptomatic deterioration of COVID-19 patients with can-
cer by establishing a nomogram prognostic model in a large cohort of
cancer patients, providing a better understanding of COVID-19 and

management of infected cancer patients.

2 | MATERIALS AND METHODS

We retrospectively analyzed the medical records of cancer pa-
tients (359 cases) who were primarily diagnosed with COVID-19 in

cancer, COVID-19, deterioration, retrospective study, risk model

33 designated hospitals of Hubei Province, China from December
21, 2019 to March 18, 2020. The variables included the demo-
graphic and clinical characteristics, initial symptoms of infection,
chest computed tomography (CT) scan at initial diagnosis, co-
morbidities, clinical treatments, survival outcomes, and time. The
Ethics Committee of the National Cancer Center approved this
study, and waived informed consent due to the severity and rapid
spread of COVID-19.

2.1 | Follow-up, primary endpoint, and
event definition

The follow-up cut-off date was April 2, 2020. All the patients’ sur-
vival data were available. The primary endpoint was deterioration-
free survival of COVID-19 (C-DFS). The event was defined as the
first symptomatic deterioration that occurred after the initial symp-
tom assessment on admission. The C-DFS was defined as the period
from the date of initial symptom assessment to the date of the first
symptomatic deterioration or the date of death without deteriora-
tion. The symptomatic deterioration was defined as the deteriora-
tion of the disease severity, and the severity level assessment of
COVID-19 symptoms included five levels: asymptomatic, mild, mod-
erate, severe, and critical type, which were defined according to the
7th edition of the COVID-19 Diagnosis and Treatment Plan, released
by the National Health Commission and National Administration
of Traditional Chinese Medicine. The cases with unrecorded dete-
rioration dates (55 cases), incomplete CT results (26 cases), missing
symptom information (1 case), and elusive comorbidity information
(1 case) were excluded, leaving 276 eligible cases that were formally

enrolled in the present study (Figure S1).
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TABLE 1 Demographic and clinical characteristics of cancer patients with COVID-19

Overall (N = 276) Training cohort (N = 183) Validation cohort (N = 93) P value*
Age (years) 63 (55, 70) 61 (54, 69) 65 (57,72) .058
Sex, male 139 (50.4) 91 (49.7) 48 (51.6) .866
Smoking history 71(25.7) 49 (26.8) 22(23.7) .678
Drinking history 514
No 204 (73.9) 135(73.8) 69 (74.2)
Yes 54 (19.6) 38(20.8) 16 (17.2)
Unknown 18 (6.5) 10 (5.5) 8(8.6)
Initial symptoms
Fever 203 (73.6) 130(71.0) 73(78.5) .237
Cough 182 (65.9) 120 (65.6) 62 (66.7) .963
Fatigue 138 (50.0) 2(50.3) 46 (49.5) 1.000
Sputum 105 (38.0) 67 (36.6) 38(40.9) .578
Dyspnea 103 (37.3) 71(38.8) 32(34.4) 561
Fever 103 (37.3) 71(38.8) 32(34.4) .561
Headache 17 (6.2) 5(8.2) 2(2.2) .062
Muscle ache 36 (13.0) 26(14.2) 10 (10.8) .538
Diarrhea 33(12.0) 0(10.9) 13 (14.0) .588
Nausea 29 (10.5) 22(12.0) 7(7.5) .345
Nasal congestion 6(2.2) 2(1.1) 4(4.3) 184
Nasal discharge 8(2.9) 5(2.7) 3(3.2) 1.000
CT performance
Bilateral involvement 230(83.3) 152 (83.1) 78 (83.9) 1.000
Ground glass opacity 214 (77.5) 143 (78.1) 71 (76.3) .853
Multicentric pattern 201 (72.8) 128 (69.9) 73(78.5) 153
Interstitial thickening 113 (40.9) 79 (43.2) 34 (36.6) .354
Reticular pattern 68 (24.6) 41 (22.4) 27 (29.0) .289
Consolidation 66 (23.9) 42 (23.0) 24 (25.8) .707
Unilateral involvement 37 (13.4) 25(13.7) 12 (12.9) 1.000
Crazy paving appearance 34 (12.3) 22(12.0) 12(12.9) 987
Localized pattern 29 (10.5) 21 (11.5) 8(8.6) .538
Bronchiectasis 19 (6.9) 16 (8.7) 3(3.2) 129
Cancer type 299
Gastrointestinal 3(19.2) 35(19.1) 18 (19.4)
Lung 0(18.1) 37(20.2) 13 (14.0)
Breast 6(13.0) 21(11.5) 15(16.1)
Thyroid 23(8.3) 17 (9.3) 6(6.5)
Urological 1(7.6) 11 (6.0) 10 (10.8)
Hepatobiliary 11 (4.0) 7(3.8) 4(4.3)
Leukemia 1(4.0) 9(4.9) 2(2.2)
Lymphoma 2(4.3) 8(4.4) 4(4.3)
Esophageal 9(3.3) 3(1.6) 6 (6.5)
Other 0(18.1) 35(19.1) 15(16.1)
Comorbidities
Hypertension 93(33.7) 56 (30.6) 37 (39.8) 164
Diabetes 40 (14.5) 20 (10.9) 20 (21.5) .029

(Continues)
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TABLE 1 (Continued)

Overall (N = 276) Training cohort (N = 183) Validation cohort (N = 93) P value*

Cerebrovascular 16 (5.8) 10 (5.5) 6(6.5) 953
COPD 17 (6.2) 13(7.1) 4(4.3) 436
Chronic liver disease 19 (6.9) 15(8.2) 4(4.3) 316
Chronic renal disease 12 (4.3) 6(3.3) 6(6.5) .363
Comorbidity number 1(0,1) 0(0,1) 1(0,1) .025

Cancer treatment within 2 months before COVID-19 .955
No/unknown 149 (54.0) 102 (55.7) 47 (50.5)
Chemotherapy 31(11.2) 20 (10.9) 11 (11.8)
Radiotherapy 7 (2.5) 4(2.2) 3(3.2)
Surgery 21(7.6) 14 (7.7) 7 (7.5)
Targeted 14 (5.1) 0(5.5) 4(4.3)
Combination 14 (5.1) 8(4.4) 6(6.5)
Other/unknown 40 (14.5) 25(13.7) 15(16.1)

Laboratory findings
WBC (10%/L) 5.21(3.81, 6.73) 4.78 (3.68, 6.40) 5.28(3.96, 6.85) .274
Neutrophils (10%/L) 3.54(2.57,5.11) 3.19 (2.55, 4.58) 3.64(2.60, 5.25) .287
LYM (10°/L) 0.82(0.55, 1.2¢6) 0.91(0.58, 1.32) 0.78 (0.54, 1.24) 0.310
MONO (107/L) 0.40(0.27, 0.59) 0.40(0.23, 0.54) 0.41 (0.29, 0.60) 299
EO (10%/L) 0.03 (0.00, 0.09) 0.03(0.01, 0.09) 0.04 (0.00, 0.09) .770
BASO (107/L) 0.01 (0.01, 0.02) 0.01 (0.00, 0.02) 0.01 (0.01, 0.02) .357
PLT (107/L) 191.00 (125.75, 246.00) 174.00 (117.00, 222.60) 197.00 (139.00, 252.00) .080
CRP (mg/L) 28.20(10.86, 71.16) 33.04 (11.24, 58.57) 26.80 (9.87, 74.89) 976
ALT (U/L) 21.50 (13.00, 36.00) 22.00(12.00, 33.00) 21.00 (14.00, 38.45) 0.432
AST (U/L) 27.00 (19.00, 39.00) 27.00 (18.00, 37.00) 27.00 (19.00, 39.00) .883
TBIL (pmol/L) 10.32(7.50, 14.25) 10.10 (8.00, 13.50) 10.70 (7.35, 14.55) 759
DBIL (umol/L) 3.60 (2.40, 5.20) 3.60(2.40, 5.20) 3.70(2.40, 5.20) .680
Urea (mmol/L) 4.80(3.50, 6.75) 4.91(3.31,7.52) 4.70 (3.68, 6.52) .682
CRE (pmol/L) 64.55 (52.22, 81.05) 63.00 (52.90, 82.80) 65.00 (52.15, 79.90) .879
PCT (ng/ml) 0.11(0.05, 0.24) 0.10 (0.05, 0.26) 0.12(0.05, 0.22) .989
PT (s) 12.80(11.70, 13.70) 12.60 (11.60, 13.50) 12.90(11.80, 13.70) .370
APTT (s) 32.69 (28.48, 38.08) 32.72(28.60, 38.30) 32.50(28.30, 37.90) .950
D2 (mg/L) 0.86 (0.40, 1.95) 0.79 (0.40, 1.44) 0.96 (0.41,2.12) 450

Note: Data are shown as n (%) or median (interquartile range).

Abbreviations: ALT, alanine aminotransferase; APTT, activated partial thromboplastin time; AST, aspartate aminotransferase; BASO, basophils;
COPD, chronic obstructive pulmonary disease; CRE, creatinine; CRP, C-reactive protein; CT, computed tomography; D2, o-dimer; DBIL, direct

bilirubin; EO, eosinophil; LYM, lymphocytes; MONO, monocytes; PCT, procalcitonin; PLT, platelets; PT, prothrombin time; TBIL, total bilirubin;

WBC, white blood cells.

*P value is derived from the Wilcoxon test (for continuous variables) and Chi-square test/Fisher exact test (for categorized variables) between

training and validation cohort.

2.2 | Statistical analysis symptoms that might have potential clinical significance to influence
C-DFS, then the symptom LASSO score and CT LASSO score were
Patient data were randomly assigned to the training cohort and the built according to the following formula. The cut-off point of symp-
validation cohort by a ratio of 2:1. The Kaplan-Meier method was tom and CT LASSO score was selected based on log-rank statistics:
applied to estimate C-DFS. In the training cohort, we used the least
absolute shrinkage and selection operator (LASSO) regression analy- LASSO score — zn: i x coefficient (i) ; for i in predictors
sis'? to select the characteristic variables of CT scans and clinical i
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Cox univariate regression analysis and Cox stepwise regression
based on the Akaike information criterion minimum principle were
then carried out to select prognostic factors. The predictive accu-
racy of the regression model was quantified by the C-index. The C-
index value varies from 0.5, which indicates a completely random
chance, to 1.0, which indicates a perfect fit. Typically, a C-index
value above 0.7 suggests a reasonable model.

The calibration plot was used to compare actual and predicted
probabilities of 2-week, 4-week, and 8-week C-DFS rates from
the model. In the calibration plot, the closer the solid line is to the
dashed line, the more accurately the model performs to predict C-
DFS. We then verified the reliability of the nomogram model by
means of the area under receiver operating characteristic curves
(AUC) value at different time points, namely time-dependent AUC
(t-AUC). A t-AUC value above 0.7 suggests that a stable and con-
tinuous prediction model has been constructed. Decision curve
analysis (DCA)'?13 was used to evaluate the clinical usefulness of
the model.

Finally, log-rank statistics were applied to create a risk strat-
ification according to the total risk scores based on the nomo-
gram to illustrate the independent discrimination ability of the
nomogram model. All analyses were undertaken in R software
(version 3.6.1). A value of P < .05 was statistically significant for

all analyses.

3 | RESULTS
3.1 | Characteristics of patients and disease

A total of 276 patients were enrolled in the present study and as-
signed into the training cohort (n = 183) and the validation cohort
(n = 93). The median follow-up time was 43 days in the whole patient
group, 42 days in the training cohort, and 43 days in the validation
cohort. Median C-DFS was not reached in either cohort (Figure S2).
The demographic and clinical characteristics of cancer patients with
COVID-19 are summarized in Table 1. The median age of the patients
was 63 (interquartile range [IQR], 55-70) in the whole population, 61
(IQR, 51-69) years in the training cohort, and 65 (IQR, 57-72) years
in the validation cohort, respectively. For the overall population, the
training cohort, and the validation cohort, the most common initial
symptoms were fever (73.6%, 71.0%, and 78.5%), cough (65.9%,
65.6%, and 66.7%), fatigue (50.0%, 50.3%, and 49.5%); the most
common baseline CT image features were bilateral involvement
(83.3%, 83.1%, and 83.9%), ground glass opacity (77.5%, 78.1%, and
76.3%), and multicentric pattern (72.8%, 69.9%, and 78.5%), respec-
tively. Among all patients, those with gastrointestinal cancer, lung
cancer, and breast cancer constituted the majority of the enrolled
population. The most common comorbidities were hypertension
and diabetes. One hundred and forty-nine (54.0%) patients did not
receive cancer treatment within the 2 months before COVID-19.
Specific treatment approaches and laboratory findings are listed in
Table 1.

3.2 | Least absolute shrinkage and selection
operator for variable selection and score building

Among all the 12 analyzed symptom features, two features (dyspnea
and fatigue) were considered to be potentially predictive (referred
to hereafter as predictors) on the basis of patients in the training
cohort (Figure 1A,B) using the LASSO Cox regression analysis,
which were further used to build a symptom LASSO score (coef-
ficient: dyspnea 0.231, fatigue 0.043). The same analyzing process
was applied for CT performance, where two of 10 CT image fea-
tures (ground glass opacity and consolidation) were considered as
predictors (Figure 1C,D), and CT LASSO score was calculated (co-
efficient: ground glass opacity —0.006, consolidation 0.632). Six of
18 laboratory findings (lymphocyte count [LYM], serum levels of
C-reactive protein [CRP], aspartate aminotransferase [AST], direct
bilirubin [DBIL], urea, and p-dimer [D2]) were selected as predictors
(Figure 1E,F), and laboratory LASSO score was calculated (coeffi-
cient: LYM -0.135, CRP 0.004, AST 5.597, DBIL 0.011, urea 0.003,
D2 0.031).

3.3 | Variable selection for construction of
individual prognostic model

According to the Cox univariate regression analysis, age, cancer
types, CT LASSO score, symptoms LASSO score, and laboratory
LASSO score could predict worse C-DFS in COVID-19 patients
with cancer. Finally, age, cancer type, symptoms LASSO score, CT
LASSO score, and laboratory LASSO score were incorporated into
the model according to multivariate regression analysis. The results
of the Cox multivariate analysis for selected variables are shown in
Table 2.

3.4 | Development and validation of the
individualized prediction model

A nomogram based on the model that incorporated the selected
variables was established (Figure 2A). The total points were deter-
mined based on the score of each variable that was calculated. The
predictive ability of the nomogram for individual deterioration risk
possibility was then evaluated in the training cohort and indepen-
dently validated in the validation cohort.

The C-index of the nomogram was 0.755 in the training cohort
and 0.779 in the validation cohort. Figure 2B shows that t-AUC values
were above 0.7 for the prediction of deterioration risk within 8 weeks
both in the training and validation cohort, indicating that a stable and
continuous prediction model was successfully constructed.

Furthermore, the calibration curves of the nomogram showed
high consistencies between the predicted and observed 2-week, 4-
week, and 8-week C-DFS probability both in the training and vali-
dation cohorts (Figure 2C-H). In summary, the nomogram showed

considerable discriminative and calibrating abilities.
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FIGURE 1 Predictor selection based on least absolute shrinkage and selection operator (LASSO) regression analysis of COVID-19
deterioration in patients with cancer. A, LASSO coefficient profiles of the 12 symptoms. A coefficient profile plot was produced against the
A sequence. Vertical line was drawn at the value selected using 10-fold cross-validation, where optimal A (0.070) resulted in two nonzero
coefficients. B, A selection in the LASSO analysis used 10-fold cross-validation by minimum criteria for 12 symptoms. The partial likelihood
deviance was plotted against . Dotted vertical lines were drawn at the optimal values (0.070) by using the minimum criteria. C, LASSO
coefficient profiles of the 10 computed tomography (CT) image features. A coefficient profile plot was produced against the A sequence.
Vertical line was drawn at the value selected using 10-fold cross-validation, where optimal A (0.051) resulted in two nonzero coefficients. D,
A selection in the LASSO analysis used 10-fold cross-validation by minimum criteria for 10 CT image features. The partial likelihood deviance
was plotted against L. Dotted vertical lines were drawn at the optimal values (0.051) by using the minimum criteria. E, LASSO coefficient
profiles of 18 laboratory findings. A coefficient profile plot was produced against the A sequence. Dotted vertical lines were drawn at the
optimal values (0.088) by using the minimum criteria. F, A selection in the LASSO analysis used 10-fold cross-validation by minimum criteria
for 18 laboratory findings. The partial likelihood deviance was plotted against A. Dotted vertical lines were drawn at the optimal values
(0.088) by using the minimum criteria
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TABLE 2 Univariate and multivariate Cox analyses for predicting deterioration-free survival of COVID-19 C-DFS in the training cohort of

cancer patients

Univariate analysis

HR
Age (years)
<75 Ref
>75 1.955
Gender
Female Ref
Male 1.440
Smoking history
No Ref
Yes 1.541
Drinking history
No Ref
Yes 0.999
Unknown 1.804
Cancer type
Breast Ref
Esophageal 8.780
Gastrointestinal 1.867
Hepatobiliary 3.825
Leukemia 5.485
Lung 4,129
Lymphoma 12.263
Thyroid 1.881
Urological 7.996
Other 1.881
Cancer treatment before COVID-19°
No Ref
Chemotherapy 1.533
Radiotherapy 1.455
Surgery 2.174
Targeted 1.459
Combination 2.671
Other 1.317
Diabetes 0.718
Hypertension 1.166
Cerebrovascular disease 1.102
COPD 1.712
Chronic liver disease 0.475
Chronic renal disease 2.071
Symptom LASSO score
<0.231 Ref
>0.231 2.221
CT LASSO score
<0 Ref
>0 2.686

95% ClI

1.018-3.751

0.818-2.537

0.856-2.777

0.494-2.018
0.639-5.094

1.233-62.526
0.377-9.252
0.537-27.255
1.004-29.975
0.924-18.457
2.358-63.766
0.314-11.274
1.659-38.530
0.380-9.325

0.621-3.785
0.196-10.815
0.880-5.368
0.436-4.884
0.919-7.764
0.562-3.087
0.258-1.996
0.641-2.119
0.343-3.545
0.728-4.022
0.115-1.958
0.644-6.662

1.250-3.948

1.518-4.752

P value

.044

.206

150

997
.265

.030
445
181
.050
.063
.003
489
.010
439

.354
714
.092
.540
.071
526
.525
.615
.870
.218
.303
222

.007

.001

Multivariate analysis®

HR

Ref
2.305

Ref
4.319
1.141
2.826
3.025
4.602
9.619
3.170
1.978
2.229

Ref
1.463

Ref
2.145

95% ClI

1.093-4.864

0.543-34.353
0.223-5.833
0.381-20.962
0.532-17.193
1.017-20.832
1.799-51.435
0.509-19.735
0.371-10.561
0.443-11.205

0.765-2.797

1.057-4.354

P value

.0280

1.0000
1667
.8743
.3095
.2117
.0475
.0081
.2163
4248
.3307

.2510

.0350

(Continues)
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TABLE 2 (Continued)

Univariate analysis Multivariate analysis®
HR 95% ClI P value HR 95% Cl P value
Laboratory LASSO score
<0.498 Ref - - Ref - -
>0.498 5.043 2.871-8.858 <.001 4.158 2.087-8.283 <.0010

Note: Bold values indicate significance.

Abbreviations: -, not included in analysis; Cl, confidence interval; COPD, chronic obstructive pulmonary disease; CT, computed tomography; HR,
hazard ratio; LASSO, least absolute shrinkage and selection operator; Ref, reference.

2Antitumor therapies used more than 2 months prior to COVID-19 infection were not included.

(A) (B)
0 1 2 3 4 5 6 7 8 9 10
Points L L s s N s . L H s ) 56
>0.231 el (P ini
Symptom LASSO score  p—v—ndt Tra.mm'g cohort
<0.231 55 —— Validation cohort
CT lasso score —_——
<0 0.85
>0.498
Laboratory lasso score T B
£0.498
Gastrointestinal Other Leukemia Esophageal Lymphoma O
Cancertype r 1 T L i — 4 2 070_'_ ——— — i — S — | — S ——
Breast Urological Hepatobiliary Thyroid Lung <
275y
Age r ]
<75y
Total points r T T T T T T T T T J 0.55
0 2 4 6 8 10 12 14 16 18 20
2-week risk probability r T T T T T T T J
0.1 02 03 04 05 06 07 08 0.9 0.40 -
4-week risk probability r T T T T T J ) I T T T T T T T T 1
0.1 0.2 03 04 05 06 07 08 09 0 1 2 3 4 5 6 7 8 9
8-week risk probability r T T T T T 1 .
01 02 03 04 05 06 07 08 09 Time (wk)
(C) 2-week C-DFS (training cohort) (D) 4-week C-DFS (training cohort) (E) 8-week C-PFS (training cohort)
o | - — g o | - - e o | T T T T
: T e H] s H
z ‘i 2z 5 Z o 7
£ 2 1/ £ = [/i £ 21 %
[+ © -3
o o
g 8 S o / |
a 9 4 l [ a Q4
%) o %) o &
T8 w
g . g . g .
o 34 © S g <1
© £ ]
2 2 g
2 « 2 « < o 4
< o4 < S A =]
= o | 2 4
° T T T T T T ° T T T T T T T T T T T T
0.0 0.2 04 06 0.8 1.0 0.0 0.2 04 06 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0
Nomogram-predicted C-DFS probability Nomogram-predicted C-DFS probability Nomogram-predicted C-DFS probability
(F) . (G) . (H) .
2-week C-DFS (validation cohort) 4-week C-DFS (validation cohort) 8-week C-DFS (validation cohort)
o T " 'l" o | - - ™ T o — i
. L 4 .. 1/1 . [/ -1
£ 2 : £ 24 ~ i £ 24 %
8 8 8
[ [ l <
a 9 4 a <9 4 a <9 4 ')
o ° o © » ©
5 l 5 / 5
8 24 ° 3 l ° 3
@ © ©
2 2 2
< o < o ] < o
o o o
o 4 o .
o o o
T T T T T T T T T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0
Nomogram-predicted C-DFS probability Nomogram-predicted C-DFS probability Nomogram-predicted C-DFS probability

FIGURE 2 Nomogram model construction and calibration curves for validation. A, Nomogram constructed for risk prediction of
symptomatic deterioration of cancer patients with COVID-19. B, Time-dependent area under the receiver operating characteristic curve
(AUC) of the nomogram model in the training cohort and validation cohort. C-E, Calibration curves of the 2-, 4-, and 8-week deterioration-
free survival of COVID-19 (C-DFS) for patients in the training cohort. F-H, Calibration curves of the 2-, 4-, and 8-week C-DFS for patients in
the validation cohort. Gray line indicates the ideal reference line where predicted probabilities would match the observed survival rates. Red
dots are calculated by bootstrapping (resample: 1000) and represent the performance of the nomogram. The closer the solid red line is to
the gray line, the more accurately the model predicts survival. LASSO, least absolute shrinkage and selection operator
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3.5 | Clinical applications

Decision curve analysis was carried out to evaluate the clinical use-
fulness of the nomogram by quantifying the net benefits at differ-
ent threshold probabilities (Figure 3). It showed more net benefits
across a wider range of threshold probabilities than either the treat-
all-patients scheme or the treat-none scheme both in the training
cohort and validation cohort.

3.6 | Risk stratification based on the nomogram

Finally, a risk stratification was made based on the nomogram.
Coronavirus disease patients with cancer were assigned into two risk
groups according to their total points: low-risk (total points of 9.98 or
less) group and high-risk (total points more than 9.98) group based
on standardized log-rank statistics (Figure 4A). The risk plot showed
that the progressed events occurred more frequently in high-risk
group in both the training and validation cohort (Figure 4B,C).

The Kaplan-Meier C-DFS curves (Figure 4D,E) presented the sig-
nificant discrimination among the two risk groups both in the train-
ing (log-rank P < .001) and the validation cohort (log-rank P = .016).
Hazard ratio (HR) values of the high-risk group vs low-risk group
were 6.755 (95% confidence interval [Cl], 3.804-12.000; P < .001) in
the training cohort and 2.629 (95% Cl, 1.166-5.927; P = .016) in the
validation cohort. Furthermore, propensity score matching (PSM)
was applied, where the two risk groups were matched by 1:1 to bal-
ance the potential between-group bias (Tables S1 and S2). The re-
sults showed that HR values of the high-risk group vs low-risk group
after PSM were 2.135 (95% Cl, 1.144-3.986, P = .013) in the training
cohort and 4.943 (95% Cl, 1.066-22.930, P = .024) in the validation
cohort. The Kaplan-Meier C-DFS curves (Figure 4E,F) still showed
significant difference between the two risk groups in the training
cohort and the validation cohort.

4 | DISCUSSION

The establishment of clinical prognostic models is of great impor-
tance for predicting the outcome of disease and guiding clinical deci-
sions. A nomogram uses clinical, pathological, or other features to
establish a statistical predictive model that can provide the possibil-
ity of a certain clinical event.1®1®

In this pioneering study, we incorporated age, clinical symptoms,
CT image features, cancer types, and laboratory findings to develop
a nomogram model for individually predicting symptomatic deteri-
oration in COVID-19 patients with cancers as a preexisting condi-
tion. The nomogram model was validated by a variety of statistical
methods and proved to be accurate. The C-indexes of our nomo-
gram were 0.755 in the training cohort and 0.779 in the validation
cohort, and the calibration curves were highly consistent among the
predicted and observed 2-week, 4-week, and 8-week C-DFS prob-
abilities, indicating that a stable prediction model was constructed.
More importantly, the model indicated good clinical applicability by
DCA curves.

In the course of clinical treatment, the symptoms of some pa-
tients could worsen. This is the first study to undertake risk stratifi-
cation targeting high-risk cancer patients for COVID-19 symptomatic
deterioration based on the nomogram, thus helping clinicians to
make more informed decisions to treat patients at the possibly earli-
est time before life-threatening symptoms occur. We found that age,
cancer type (lung cancer and lymphoma), CT image features (ground
glass opacity and consolidation) and laboratory findings (LYM, CRP,
AST, DBIL, urea, and D2) are risk factors of symptomatic deteriora-
tion (Table 2).

A recent study from Liang et al’ found that COVID-19 patients
with cancer had a higher risk of severe events compared with pa-
tients without cancer (7 of 18 [39%] patients vs 124 of 1572 [8%)] pa-
tients, P =.0003). Another study from Zhang et al*® also showed that
a high proportion (15 of 28 [53.6%)]) of patients had severe events
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FIGURE 3 Decision curve analysis of 2-, 4- and 8-week deterioration-free survival of COVID-19 in cancer patients. Gray lines represent
the assumption that all patients have symptomatic deterioration. Black lines represent the hypothesis that no patients have symptomatic
deterioration. The Y-axis measures the net benefit. The net benefit was calculated by subtracting the proportion of all patients who are false
deterioration from the proportion who are true deterioration, and then weighting the relative harm of abandoning treatment against the
negative consequences of unnecessary treatment. The X-axis represents threshold probability (Pt). When a patient’s probability of symptom
deterioration (Pi) is greater than the Pt, we define it as a positive event and require clinical intervention
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FIGURE 4 Analyses for cancer patients at different risks stratified by the nomogram. A, Cut-off point selection for risk stratification
according to nomogram scores. The dotted line is drawn at the value selected based on standardized log-rank statistics. B, C, Risk plots to
show the distribution pattern of nomogram scores, event and nomogram variables in training and validation cohorts. The samples were
ranked by increasing nomogram scores. Dotted lines are drawn at the cut-off point selected. D, E, Kaplan-Meier curves of deterioration-
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and the mortality rate was 28.6%. The risk significantly increased
(HR 4.079) if patients received antitumor treatment within 14 days
before being diagnosed with COVID-19. However, the sample sizes
of these early studies were too small to provide sufficient statistical
power to a definite conclusion.

In our study, for the first time, we found that cancer type was a
critical factor that affected symptomatic deterioration in COVID-19
patients. In the nomogram, COVID-19 patients with lymphoma had
the highest risk score for symptomatic deterioration. The specific
risk scores of different cancer types can be seen in the nomogram
in Figure 2. Patients with COVID-19 and clinical symptoms such as
dyspnea and fatigue had higher risks for symptomatic deterioration.
In addition, we found that consolidation on CT was associated with
a higher risk of deterioration, which was consistent with the findings

|'16

in the study from Zhang et al.”® Age was also an important risk factor

for symptom progression in COVID-19 patients with cancer, which
was consistent with other studies.?”?

To conclude, in the COVID-19 pandemic, our nomogram provides
personalized prediction of the probability of symptomatic deteriora-

tion in COVID-19 patients with cancer. We strongly recommend its

use in COVID-19 patients with cancer, and hopefully this powerful
tool/method will help clinicians all over the world take more compre-
hensive and timely measures to prevent symptomatic deterioration
and reduce mortality.
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