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ABSTRACT
Background Individualized prediction of mortality risk
can inform the treatment strategy for patients with
COVID-19 and solid tumors and potentially improve patient
outcomes. We aimed to develop a nomogram for predicting
in-hospital mortality of patients with COVID-19 with solid
tumors.
Methods We enrolled patients with COVID-19 with
solid tumors admitted to 32 hospitals in China between
December 17, 2020, and March 18, 2020. A multivariate
logistic regression model was constructed via stepwise
regression analysis, and a nomogram was subsequently
developed based on the fitted multivariate logistic
regression model. Discrimination and calibration of the
nomogram were evaluated by estimating the area under
the receiver operator characteristic curve (AUC) for the
model and by bootstrap resampling, a Hosmer-Lemeshow
test, and visual inspection of the calibration curve.
Results There were 216 patients with COVID-19 with
solid tumors included in the present study, of whom 37
(17%) died and the other 179 all recovered from COVID-19
and were discharged. The median age of the enrolled
patients was 63.0 years and 113 (52.3%) were men.
Multivariate logistic regression revealed that increasing
age (OR=1.08, 95% CI 1.00 to 1.16), receipt of antitumor
treatment within 3 months before COVID-19 (OR=28.65,
95% CI 3.54 to 231.97), peripheral white blood cell
(WBC) count ≥6.93 ×109/L (OR=14.52, 95% CI 2.45 to
86.14), derived neutrophil-to-lymphocyte ratio (dNLR;
neutrophil count/(WBC count minus neutrophil count))
≥4.19 (OR=18.99, 95% CI 3.58 to 100.65), and dyspnea
on admission (OR=20.38, 95% CI 3.55 to 117.02) were
associated with elevated mortality risk. The performance
of the established nomogram was satisfactory, with an
AUC of 0.953 (95% CI 0.908 to 0.997) for the model,
non-significant findings on the Hosmer-Lemeshow test,
and rough agreement between predicted and observed
probabilities as suggested in calibration curves. The
sensitivity and specificity of the model were 86.4% and
92.5%.
Conclusion Increasing age, receipt of antitumor treatment
within 3 months before COVID-19 diagnosis, elevated
WBC count and dNLR, and having dyspnea on admission
were independent risk factors for mortality among patients
with COVID-19 and solid tumors. The nomogram based

on these factors accurately predicted mortality risk for
individual patients.

INTRODUCTION
COVID-19 poses an unprecedented threat
to global health, with the WHO officially
denoting the outbreak as a ‘public health
emergency of international concern’ on
March 11, 2020.1 As of 10 AM CEST on June
19, 2020, 8,385,440 individuals had been
confirmed to be infected by SARS-
CoV-2,
and 450,686 people had died of COVID-19.2
Cancer was newly diagnosed in 18.1 million
people and 9.6 million people died of cancer
worldwide in 2018.3 4 Patients with cancer are
more vulnerable to SARS-
CoV-2 infection
given the relatively high prevalence of underlying chronic disease and cancer-induced and
anticancer therapy-
induced systemic immunosuppressive states.5 6 Patients with cancer
who are also infected with SARS-CoV-2 may be
at higher risk of severe events and deteriorate
more rapidly than patients without cancer.7–9
Predicting the prognosis for patients with
COVID-19 and cancer can help in prioritizing
patient care resources and informing the
choice of treatment strategy, which presumably would improve patient outcomes.
SARS-
CoV-2 infection can deregulate
immune responses, which may trigger viral
hyperinflammation in patients with severe
COVID-19.10 Moreover, an uncontrolled
and overwhelming systemic inflammatory
response can result in acute respiratory distress
syndrome (ARDS), which is the principal
cause of death among patients with COVID19.11 Logically, then, indicators of inflammation could be useful for predicting prognosis
in patients with COVID-19. Several important
inflammation-
related indices derived from
routine blood tests are generally available for
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patients with COVID-19 on admission. Hence, applying
statistical modeling to inflammation-related indices may
be an economic and effective way to predict disease
outcomes.
The prognosis for patients with COVID-19 and cancer
could also be associated with cancer characteristics
and symptoms on admission. Although mortality is the
endpoint of greatest concern in both cancer and COVID19, little information is available on the possible relevance
of cancer characteristics and symptoms on admission in
predicting mortality for patients with COVID-19. Only a
few studies on a small numbers of patients with cancer
focused on the outcome of composite severe events
including admission to an intensive care unit, the use
of mechanical ventilation, or death, since most patients
were still hospitalized at the time of reporting the result
of studies. A previous study of 28 patients indicated that
patients with COVID-19 and solid cancer who underwent
antitumor treatment within 14 days of the COVID-19 diagnosis were at greater risk of severe events than those who
did not receive treatment during that interval12; also, a
national analysis of 1590 patients with COVID-19, among
whom 18 had a history of cancer, revealed that patients
receiving surgery or chemotherapy within 1 month of
the COVID-19 diagnosis had a higher risk of severe
events.9 Only one study reported a higher risk of death
among those receiving chemotherapy within 4 weeks
before symptom onset.13 Elevated immunosuppression or
dysfunction could explain the increase in risk of severe
events among patients with COVID-19 and cancer who
received antitumor treatment. Likewise, inflammation-
related indices may indicate prognosis for patients with
COVID-19 with cancer as well. However, to the best of our
knowledge, whether inflammation-related indices can be
used to predict mortality risk among SARS-CoV-2-infected
patients with cancer has not been reported.
Nomograms have been used extensively predicting
prognosis in cancer, mainly because they offer a user-
friendly graphic presentation of the estimated probabilities of an event, such as death, that is tailored to individual
patients.14 Here, we sought to identify prognostic factors
for patients with COVID-19 and solid tumors and to
develop a nomogram for predicting mortality risk in a
multicenter retrospective cohort study of 216 patients
with COVID-19 and solid tumors in China.

PATIENTS AND METHODS
Subjects
In this retrospective cohort study, subjects were consecutive patients with solid tumors who had been diagnosed
with COVID-19 and admitted to 32 hospitals in China
from December 17, 2020, to March 18, 2020. Inclusion
criteria were: (1) pathologically confirmed solid tumor;
(2) confirmed diagnosis of COVID-19 by detection of
SARS-
CoV-2 via real-
time PCR; (3) age >18 years old.
Patients with benign tumors were excluded.
2

Data collection
Information on patient demographics (age and sex),
smoking history (yes/no), cancer characteristics (type,
stage, receipt of antitumor treatment within 3 months
before COVID-19 diagnosis), comorbid conditions,
signs and symptoms, laboratory and radiology findings,
complications, receipt of steroid, and clinical outcomes
was extracted from medical records by two physicians
at each hospital independently. We considered several
inflammation-related indices derived from routine blood
tests, including peripheral white blood cell (WBC) count,
absolute lymphocyte count, absolute neutrophil count,
neutrophil-to-lymphocyte ratio (NLR), and derived NLR
(dNLR; neutrophil count/(WBC count minus neutrophil count)). Cancer types included lung, breast, gastrointestinal, gynecologic, head and neck, and urogenital.
Antitumor treatments included surgery, chemotherapy,
radiotherapy, targeted therapy, immunotherapy, endocrine therapy, and combination therapy. The follow-up
period ended on May 17, 2020, when outcomes for all
patients had been clearly identified. Cause of death for
each patient was determined by both physicians and
oncologists. All discharged patients met the following
criteria: (1) body temperature had returned to normal
for more than 3 days; (2) respiratory symptoms had
improved notably; (3) lung imaging findings indicated
significant alleviation of acute exudative lesions in the
lung; and (4) nasal and pharyngeal swab samples were
negative for the presence of SARS-CoV-2 on two consecutive occasions at least 24 hours apart.15
Statistical analysis
The included patients were classified into two groups
according to clinical outcomes: non-survivors and survivors. Continuous variables were described as medians and
IQRs, and categorical variables as counts and percentages.
The Mann-Whitney U test was applied to compare continuous variables and cancer stage between two groups, and
Fisher’s exact test was used to compare categorical variables between groups.
We developed a nomogram for predicting in-hospital
mortality among patients with COVID-19 and solid tumors
in four steps: (1) fitting a univariate logistic regression
model with one variable at a time (ie, demographics,
smoking history, cancer characteristics, comorbidities,
symptoms, and radiologic findings on admission); (2)
determining the cutoff values for inflammation-related
indices by using receiver operator characteristic (ROC)
curve analysis, classifying the inflammation-related indices
into high and low levels according to the optimal cutoff
values, and then fitting the univariate logistic regression
model with one dummy variable of inflammation-related
index at a time; (3) performing multivariate logistic
regression analysis with the inclusion of variables that
were potential independent risk factors for mortality; (4)
constructing the nomogram based on the multivariate
logistic regression model.
Liu C, et al. J Immunother Cancer 2020;8:e001314. doi:10.1136/jitc-2020-001314
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Additional details for step (3) are as follows. Age, sex,
and any on-admission variables for which the 95% CI of
the OR did not include 1 in univariate logistic regression
analyses were candidate independent variables for the
multivariate logistic regression analysis. To avoid multicollinearity, which could lead to instability in the multivariate logistic regression model, we first calculated the
generalized variance inflation factor (GVIF) for each
candidate independent variable and then removed the
variable with the largest GVIF [1/(2×df)] (where df is the
degree of freedom associated with the term for a variable; dfs for variables other than cancer type were 1 in
this study) at each step until the GVIF [1/(2×df)] for all
remaining variables were less than 2.24 (ie, 5[1/2]).16
Subsequently, we fitted a full model with the remaining
variables and conducted further stepwise regression with
a backward selection procedure to obtain a simplified
model that corresponded to the smallest Akaike information criterion.17
We evaluated the performance of the nomogram in
terms of discrimination and calibration.14 18 Specifically,
we assessed its ability to distinguish non-survivors from
survivors by estimating the area under the ROC curve
(AUC) by using the method developed by DeLong et al.19
In addition, the predictive performance of the model was
validated with bootstrap resampling repeated 1000 times.
Calibration was examined by using a Hosmer-Lemeshow
test and by comparing the predicted and observed probabilities of mortality in patients with COVID-19 with solid
tumors.14 18 20 We conducted sensitivity analyses in which
(1) cancer type was classified into lung cancer and other
cancers; (2) multivariate logistic regression models were
fitted with additional one variable of sign on admission.
Missing data were not imputed in this study. p<0.05 was
considered statistically significant. R software V.3.6.2 (R
Foundation for Statistical Computing) was used for all
analyses.
RESULTS
Figure 1 illustrates the flow of selection of patients in
the current study. A total of 216 patients were included.
At the time of analysis, 37 patients (17%) had died and
179 patients (83%) had recovered from COVID-19 and
had been discharged from the hospital. The age of the
216 patients ranged from 22 to 91 years (median 63.0
years); slightly more than half (113, 52.3%) were men.
Patients with lung cancer represented the largest proportion of non-survivors (37.8%), with only 19.6% of survivors having this type of cancer. Proportions of patients
with gastrointestinal cancer were high both among non-
survivors (32.4%) and survivors (31.3%). Half of patients
who did not survive had stage IV cancer, and survivors
were evenly distributed by cancer stage. More patients
who had died had received antitumor treatment within
3 months (65.4%) and steroid (62.2%) than did patients
who survived (38.1%; 35.2%). Heart rate was on average
faster among patients who had died (96.0 bpm) than
Liu C, et al. J Immunother Cancer 2020;8:e001314. doi:10.1136/jitc-2020-001314

Figure 1 Flow diagram of selection of patients.

among those who survived (85.0 bpm). Chronic obstructive pulmonary disease was more common among non-
survivors than among survivors (21.6% vs 7.3%), and
dyspnea and fatigue were more common among non-
survivors as well. Complications of stroke, ARDS, acute
heart failure, acute renal failure, and arrhythmia were
also more common among non-
survivors. No statistically significant differences were found in other factors
between the two groups (table 1).
In terms of laboratory findings, median WBC (7.5 vs
5.0×109/L), neutrophils (6.6 vs 3.4×109/L), NLR (10.9 vs
3.4), and dNLR (6.1 vs 2.2) were all higher among non-
survivors than survivors. Conversely, lower lymphocyte
counts (0.5 vs 1.0×109/L) were observed among the non-
survivors (table 1). The optimal cutoff points for these
variables identified by ROC analysis were 6.93×109/L
for WBC count, 0.70×109/L for lymphocyte count,
5.82×109/L for neutrophil count, 7.05 for NLR, and 4.19
for dNLR. The AUCs for neutrophil count (0.79), NLR
(0.85), and dNLR (0.85) were larger than those for WBC
count (0.74), with sensitivity of 65%–78% and specificity
of 80%–88% (figure 2, table 2).
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Table 1 Patient, disease, and treatment variables at admission for patients with COVID-19 and solid tumors
Characteristics

All patients

Groups

(n=216)

Non-survivors (n=37)

Survivors (n=179)

P value

OR (95% CI)*

Demographics
 Age, years, median (IQR)

66.0 (61.0–75.0)

62.0 (56.0–69.5)

0.065

1.03 (1.00 to 1.06)

 Sex, male, frequency (%)

113/216 (52.3)

63.0 (57.0–70.2)

25/37 (67.6)

88/179 (49.2)

0.048

2.15 (1.02 to 4.55)

Smoking history, frequency
(%)

58/216 (26.9)

14/37 (37.8)

44/179 (24.6)

0.106

1.87 (0.89 to 3.94)

Cancer type†, frequency (%)

0.001

 Breast cancer

34/216 (15.7)

1/37 (2.7)

33/179 (18.4)

–

Ref

 Gynecological cancer

17/216 (7.9)

1/37 (2.7)

16/179 (8.9)

–

Ref
Ref

 Head and neck cancer

26/216 (12.0)

1/37 (2.7)

25/179 (14.0)

–

 Gastrointestinal cancer

68/216 (31.5)

12/37 (32.4)

56/179 (31.3)

–

5.29 (1.42 to 19.61)

 Lung cancer

49/216 (22.7)

14/37 (37.8)

35/179 (19.6)

–

9.87 (2.66 to 36.54)

 Urogenital cancer

22/216 (10.2)

8/37 (21.6)

14/179 (7.8)

–

Cancer stage‡, frequency (%)

14.10 (3.33 to 59.77)
0.009

1.67 (1.12 to 2.49)

 I

43/168 (25.6)

2/26 (7.7)

41/142 (28.9)

–

–

 II

40/168 (23.8)

7/26 (26.9)

33/142 (23.2)

–

–

 III

37/168 (22.0)

4/26 (15.4)

33/142 (23.2)

–

–

 IV

48/168 (28.6)

13/26 (50.0)

35/142 (24.6)

–

Receipt of antitumor
treatment, frequency (%)

78/186 (41.9)

17/26 (65.4)

61/160 (38.1)

0.011

5.0 (4.0–6.4)

<0.001

WBC count, ×109/L

5.3 (4.1–7.1)

7.5 (5.7–10.4)

–
3.06 (1.29 to 7.30)
–

9

Lymphocyte count, ×10 /L

0.9 (0.6–1.4)

0.5 (0.4–0.8)

1.0 (0.7–1.5)

<0.001

–

Neutrophil count, ×109/L

3.8 (2.6–5.5)

6.6 (4.5–8.9)

3.4 (2.5–4.7)

<0.001

–

NLR

4.0 (2.3–8.0)

10.9 (7.2–19.5)

3.4 (2.1–6.3)

<0.001

–

dNLR

2.5 (1.7–4.5)

6.1 (4.4–10.9)

2.2 (1.5–3.7)

<0.001

–

Comorbid conditions
 Diabetes

33/216 (15.3)

4/37 (10.8)

29/179 (16.2)

0.615

0.63 (0.21 to 1.90)

 Hypertension

74/216 (34.3)

15/37 (40.5)

59/179 (33.0)

0.447

1.39 (0.67 to 2.87)

 Cardiovascular

27/216 (12.5)

7/37 (18.9)

20/179 (11.2)

0.271

1.86 (0.72 to 4.77)

 Cerebrovascular

18/216 (8.3)

4/37 (10.8)

14/179 (7.8)

0.520

1.43 (0.44 to 4.61)

 COPD

21/216 (9.7)

8/37 (21.6)

13/179 (7.3)

0.013

3.52 (1.34 to 9.24)

 Chronic liver

13/216 (6.0)

3/37 (8.1)

10/179 (5.6)

0.471

1.49 (0.39 to 5.71)

9/216 (4.2)

1/37 (2.7)

8/179 (4.5)

1.000

0.59 (0.07 to 4.89)

 Chronic renal
Signs, median (IQR)
 Heart rate, bpm

86.0 (77.0–96.5)

96.0 (77.0–104.0)

85.0 (77.0–95.0)

0.038

–

 Systolic blood pressure,
mm Hg

128.0 (120.0–140.0)

125.0 (115.0–141.0)

128.0 (120.0–139.5)

0.493

–

 Diastolic blood pressure,
mm Hg

78.5 (70.8–86.0)

79.0 (71.0–87.0)

78.0 (70.5–86.0)

0.642

–

 Respiratory rate, breaths per
minute

20.0 (20.0–22.0)

20.0 (20.0–23.0)

20.0 (19.0–22.0)

0.039

–

 Temperature, °C

36.7 (36.5–37.5)

36.8 (36.5–38.0)

36.7 (36.5–37.5)

0.472

–

Symptoms, frequency (%)
 Fever

160/216 (74.1)

26/37 (70.3)

134/179 (74.9)

0.543

0.79 (0.36 to 1.74)

 Cough

141/216 (65.3)

24/37 (64.9)

117/179 (65.4)

1.000

0.98 (0.47 to 2.05)

 Sputum

88/216 (40.7)

18/37 (48.6)

70/179 (39.1)

0.358

 Dyspnea

85/216 (39.4)

26/37 (70.3)

59/179 (33.0)

<0.001

108/216 (50.0)

25/37 (67.6)

83/179 (46.4)

0.029

2.41 (1.14 to 5.09)

12/179 (6.7)

0.179

2.17 (0.72 to 6.60)

 Fatigue
 Headache

17/216 (7.9)

5/37 (13.5)

1.48 (0.72 to 3.01)
4.81 (2.22 to 10.38)

Continued
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Table 1 Continued
Characteristics

All patients

Groups

(n=216)

Non-survivors (n=37)

Survivors (n=179)

P value

OR (95% CI)*

 Muscle ache

28/216 (13.0)

2/37 (5.4)

26/179 (14.5)

0.181

0.34 (0.08 to 1.48)

 Sore throat

14/216 (6.5)

1/37 (2.7)

13/179 (7.3)

0.473

0.35 (0.04 to 2.80)

 Diarrhea

29/216 (13.4)

4/37 (10.8)

25/179 (14.0)

0.793

0.75 (0.24 to 2.29)

 Nausea

19/216 (8.8)

2/37 (5.4)

17/179 (9.5)

0.540

0.54 (0.12 to 2.46)

 Sneeze

10/216 (4.6)

1/37 (2.7)

9/179 (5.0)

0.433

2.46 (0.11 to 26.33)

3/216 (1.4)

1/37 (2.7)

2/179 (1.1)

0.531

1.63 (0.08 to 13.14)

10/216 (4.6)

1/37 (2.7)

9/179 (5.0)

1.000

0.52 (0.06 to 4.27)

 Nasal congestion
 Anorexia
Radiologic findings, frequency
(%)
 No involvement

0.459
6/167 (3.6)

–

31/195 (15.9)

4/28 (14.3)

27/167 (16.2)

–

158/195 (81.0)

24/28 (85.7)

134/167 (80.2)

–

86/216 (39.8)

23/37 (62.2)

63/179 (35.2)

 Stroke

30/213 (14.1)

30/35 (85.7)

 ARDS

62/213 (29.1)

35/36 (97.2)

 Unilateral involvement
 Bilateral involvement
Receipt of steroid, frequency
(%)

6/195 (3.1)

0 (0.0)

Ref
0.86 (0.28 to 2.69)
1.48 (0.48 to 4.55)
0.003

–

0/178 (0.0)

<0.001

–

Complications, frequency (%)
27/177 (15.3)

<0.001

–

 Acute heart failure

9/212 (4.2)

8/34 (23.5)

1/178 (0.6)

<0.001

–

 Acute renal failure

6/214 (2.8)

6/36 (16.7)

0/178 (0.0)

<0.001

–

 Pulmonary embolism
 Arrhythmia

1/213 (0.5)
11/210 (5.2)

0/35 (0.0)

1/178 (0.6)

1.000

–

10/33 (30.3)

1/177 (0.6)

<0.001

–

Continuous variables were summarized as median (IQR), and categorical variables as n/N (%), where N was the total number of patients without
missing data. Continuous variables and cancer stage were compared between groups with Mann-Whitney U tests, and categorical variables were
compared with Fisher’s exact tests. Sample size for analysis of cancer stage was 168; for antitumor treatment, 186; and for radiologic findings, 195.
*We estimated ORs for potentially influential factors of mortality for patients with COVID-19 and solid tumors, including demographics, smoking
history, cancer characteristics, comorbidities, symptoms, and radiologic findings on admission. ORs were provided for categorical variables of
inflammation-related indices in table 2, but not for continuous variables of these indices.
†Breast cancer, gynecologic cancer, and head and neck cancer were treated as the reference group when estimating ORs for cancer type.
‡Cancer stage was treated as an ordinal variable when estimating OR.
ARDS, acute respiratory distress syndrome; COPD, chronic obstructive pulmonary disease; dNLR, derived NLR; NLR, neutrophil-to-lymphocyte ratio;
OR, odds ratio; WBC, peripheral white blood cell.

Age, sex, and the on-
admission variables that were
statistically significant in the univariate logistic regression analyses (ie, those for which the 95% CI of the OR
did not include 1 (tables 1 and 2)) were considered for
the multivariate logistic regression analysis. Neutrophil
count was excluded since the inclusion of this variable
led to serious multicollinearity in the multivariate model
(online supplemental table S1). Finally, the backward
stepwise regression (ie, simplified model) included six
independent variables (ie, age, cancer stage, receipt of
antitumor treatment, WBC count, dNLR, and dyspnea
at admission). The final results of our simplified model
revealed that the following five factors were statistically
significantly associated with increased risk of mortality for
patients with COVID-19 and solid tumors: age (OR=1.08,
95% CI 1.00 to 1.16), receiving antitumor treatment
during the 3 months before COVID-19 (OR=28.65, 95% CI
3.54 to 231.97), WBC count ≥6.93 ×109/L (OR=14.52,
95% CI 2.45 to 86.14), dNLR ≥4.19 (OR=18.99, 95% CI
Liu C, et al. J Immunother Cancer 2020;8:e001314. doi:10.1136/jitc-2020-001314

3.58 to 100.65), presenting with dyspnea on admission
(OR=20.38, 95% CI 3.55 to 117.02) (table 3).
The nomogram for predicting the probability of death
among patients with COVID-19 with solid tumors was
constructed based on the multivariate logistic regression
model. The nomogram had high discrimination, with an
AUC of 0.953 (95% CI 0.908 to 0.997) and good model
sensitivity (86.4%) and specificity (92.5%). The optimism-
corrected AUC obtained from bootstrap resampling was
0.934, suggesting good internal validation (online supplemental figure S1). In addition, the Hosmer-Lemeshow
test indicated that the model calibrated well (p=0.236),
and the calibration curve showed that the predicted probabilities of mortality risk in general agreed well with the
observed probabilities (online supplemental figure S2).
In the nomogram, each value of a variable corresponds to
a score, and the corresponding scores for the six variables
included in the model are summed to achieve a total score
for an individual. The total score is then projected onto a
5
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with increasing age, receiving antitumor treatment within
3 months of COVID-19 diagnosis, with high WBC count
and dNLR, and presenting with dyspnea on admission,
while the associations between heart rate, respiratory rate
and mortality were not statistically significant after adjustment of variables, which were included in the multivariate logistic regression model in the main analysis (online
supplemental table S2).

Figure 2 Receiver operator characteristic curves for
inflammation-related indices for predicting mortality among
patients with COVID-19 and solid tumors. AUC, the area
under the receiver operator characteristic curve; dNLR,
derived NLR; NLR, neutrophil-to-lymphocyte ratio; WBC,
peripheral white blood cell.

total point scale to obtain the probability of mortality for
an individual according to his or her profile (figure 3).
The results of univariate sensitivity analyses suggested
that patients with lung cancer were at higher risk of death
than those with other cancers in univariate logistic regression analysis (OR=2.50, 95% CI 1.17 to 5.36). However,
cancer type was excluded in the backward selection
procedure and was not included in the multivariate
logistic regression model. When adding heart rate and
respiratory rate into the multivariate logistic regression
models separately, consistent with the results of main
analysis, elevated mortality risk was observed in patients

DISCUSSION
We conducted a multicenter study of 216 patients with
solid tumors and SARS-CoV-2 infection to identify risk
factors for mortality, and we used the results to generate a
nomogram involving patient age, cancer stage, receipt of
antitumor treatment within 3 months before COVID-19
diagnosis, WBC count, dNLR, and the presence of
dyspnea at admission to provide individualized predictions of mortality risk. Our nomogram performed well
in terms of discrimination and calibration. To our knowledge, this is the first report of a quantitative nomogram
for predicting mortality risk for patients with COVID-19
and solid tumors. These findings represent invaluable data on patients with COVID-19 and solid tumors
obtained during the COVID-19 pandemic and have
important implications for the clinical management of
such cases. Patients at higher probability of death identified by the nomogram should be treated with extra care
to prevent negative outcomes. Age, an important demographic variable, was included in the developed nomogram because we found that mortality risk increased with
age; this finding agrees with that from a prior study from
New York.21
Our nomogram also contained information on
whether patients had received antitumor treatment
within 3 months of the COVID-19 diagnosis, and our
findings suggested that those who had were at higher risk
of death than other patients. This finding is consistent
with that of another study in which the crude mortality

Table 2 Comparisons of different inflammation-related indices in predicting mortality for patients with COVID-19 with solid
tumors
Inflammation-related
indices
9

WBC count, ×10 /L

AUC (95% CI)

P value*

Thresholds

Sensitivity (%)

Specificity (%) OR (95% CI) †

0.74 (0.64 to 0.84)

–

Lymphocyte count, ×109/L 0.74 (0.66 to 0.82)
9

6.93

65

81

7.87 (3.64 to 17.03)

0.992

0.70

73

70

6.25 (2.83 to 13.80)

Neutrophil count, ×10 /L

0.79 (0.69 to 0.88)

<0.001

5.82

65

88

13.17 (5.86 to 29.59)

NLR

0.85 (0.78 to 0.91)

0.015

7.05

76

80

12.35 (5.36 to 28.47)

dNLR

0.85 (0.78 to 0.92)

0.032

4.19

78

84

18.75 (7.79 to 45.11)

*The receiver operator characteristic curves were compared by using the method developed by DeLong et al19 and WBC count was
used as the reference predictor for the comparisons.
†ORs were estimated for comparing different levels of inflammation-related indices using the optimal cutoff values as the thresholds
(WBC count ≥6.93 vs <6.93 ×109/L; lymphocyte count ≤0.70 vs >0.70 ×109/L; neutrophil count ≥5.82 vs <5.82 ×109/L; NLR ≥7.05 vs
<7.05; and dNLR ≥4.19 vs <4.19).
AUC, the area under the receiver operator characteristic curve; dNLR, derived NLR; NLR, neutrophil-to-lymphocyte ratio; WBC,
peripheral white blood cell.
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Table 3 Results of multivariate logistic regression models to assess predictors of mortality for patients with COVID-19 with
solid tumors
Full model
Variables

Simplified model

OR (95% CI)

P value

OR (95% CI)

Age, years
Sex

1.09 (1.00 to 1.19)

0.060

1.08 (1.00 to 1.16)

 Male vs female

0.38 (0.06 to 2.32)

0.292

–

–

–

P value
0.043

Cancer type
 Breast, gynecologic, head and neck cancer

Ref

–

 Gastrointestinal cancer

5.84 (0.43 to 80.06)

0.187

–

 Lung cancer

2.37 (0.21 to 27.33)

0.490

–

 Urogenital cancer

3.80 (0.20 to 72.67)

0.375

–

Cancer stage

1.55 (0.70 to 3.45)

0.280

1.68 (0.79 to 3.56)

0.176

40.83 (4.14 to 403.20)

0.001

28.65 (3.54 to 231.97)

0.002

27.19 (2.99 to 247.00)

0.003

14.52 (2.45 to 86.14)

0.003

2.38 (0.30 to 18.95)

0.413

–

–

0.28 (0.01 to 5.48)

0.398

–

–

33.37 (1.56 to 714.58)

0.025

18.99 (3.58 to 100.65)

0.001

0.78 (0.09 to 6.38)

0.814

–

–

33.46 (3.71 to 301.73)
1.12 (0.18 to 7.18)

0.002
0.901

20.38 (3.55 to 117.02)
–

0.001
–

Receipt of antitumor treatment

–
–

WBC count
 ≥6.93 vs <6.93 ×109/L
Lymphocyte count
 ≤0.70 vs >0.70 ×109/L
NLR
 ≥7.05 vs <7.05
dNLR
 ≥4.19 vs <4.19
COPD
Dyspnea
Fatigue

The sample size for fitting the full model and simplified model was 156.
COPD, chronic obstructive pulmonary disease; dNLR, derived NLR; NLR, neutrophil-to-lymphocyte ratio; WBC, peripheral white blood cell.

rate was higher for patients receiving immunotherapy
and for those undergoing surgery.6 Other studies linked
the risk of severe events with receipt of surgery or chemotherapy within 1 month,9 receipt of antitumor treatment
within 14 days of COVID-19 diagnosis,12 receipt of chemotherapy within the prior 3 months, particularly among
patients with active or metastatic cancer,22 and receipt of

Figure 3 Nomogram for predicting mortality among patients
with COVID-19 and solid tumors. dNLR, derived neutrophil-
to-lymphocyte ratio; WBC, peripheral white blood cell.
Liu C, et al. J Immunother Cancer 2020;8:e001314. doi:10.1136/jitc-2020-001314

chemotherapy within 4 weeks before symptom onset (the
latter a multicenter study).13 Chemotherapy is well-known
to deplete WBCs, particularly neutrophils, which has
been linked with potentially lethal systemic infections.23
Immunotherapy with natural or engineered T cells could
result in an unrestrained immune response, with ensuing
deleterious inflammation.24 Given the particularly
high mortality risk associated with receipt of antitumor
treatment, presumably postponing surgery and immunotherapy and perhaps switching from cytotoxic chemotherapy to less toxic treatments during the COVID-19
pandemic may help to avert anticancer therapy–induced
complications of COVID-19.25 Further studies of the
effects of de-escalating antitumor regimens would also be
informative for treatment of patients with COVID-19 and
cancer.
A local inflammatory response can lead to systemic
inflammation, which can contribute significantly to
cancer progression.26 27 WBCs have important roles in
both immune and inflammatory processes, and dNLR
is an indicator of systemic inflammation. The ability of
WBC count and dNLR to predict prognosis for patients
with solid tumors has been reported previously.28–31 In the
present study, our nomogram included both WBC count
7
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and dNLR for predicting the probability of mortality in
patients with COVID-19 with solid tumors. We found
that the mortality risk increased for patients with high
WBC counts and dNLR. This finding is consistent with
those from another study in which elevated WBC count
and dNLR were more common in patients with severe
COVID-19 than in patients with less severe disease.32 Not
surprisingly, the optimal cutoff value for dNLR for distinguishing non-
survivors from survivors among patients
with COVID-19 in our previous work (4.19) was larger
than that for distinguishing severe from less severe illness
(2.8).32
Dyspnea refers to a multidimensional sensation of
increased respiratory effort, primarily manifested as
labored breathing. Our results indicated that about 40%
of all patients in this study presented with dyspnea and
that dyspnea was more common among non-
survivors
(70.3%) than among survivors (33.0%). This disparity
between non-survivors and survivors was in accordance
with early studies comparing the frequency of dyspnea
in patients with severe versus less severe COVID-19.33 34
Despite the relatively high frequency observed in patients
with severe illness (including death), the proportions
of patients presenting with dyspnea have varied across
studies. One reason for this variation was the difference
in COVID-19 severity across studies. It is not surprising
that patients who were treated in hospitals within
COVID-19 epicenters would be much more seriously ill
than patients located elsewhere, in part because of shortages in healthcare facilities and workers in the epicenters.
Our nomogram illustrated that the mortality risk was
higher in patients presenting with dyspnea on admission
than those without dyspnea (OR=20.38). Another group
also identified presenting with dyspnea as a risk factor for
critical illness among patients hospitalized with COVID19.35 Logically, having information on the presence of
this symptom at admission would help to improve the
precision of nomograms for patients with COVID-19 who
also have solid tumors.
Our study had some limitations. First, variations in the
type of antitumor treatment could have distinct effects on
prognosis for patients with COVID-19 and solid tumors;
however, we did not consider the effects of antitumor
treatments by type because the sample size of current
study was insufficient for such assessment (online supplemental table S3). Second, although we collected data
from 216 patients at 32 hospitals, only 37 patients had
died at the time of analysis, and this number may be insufficient for multivariate logistic regression analysis with six
independent variables, according to Harrell’s guideline.36
The relatively small sample size may also explain the wide
95% CIs around the ORs estimated from the multivariate
logistic regression model. Nevertheless, the ORs for some
variables were still statistically significant, suggesting
that these variables could be important risk factors for
mortality and would be valuable for predicting prognosis.
Studies with larger numbers of patients may be better
suited to explore other factors influencing prognosis
8

for patients with COVID-19 and solid tumors and would
further improve the predictive ability of the model in the
future. Third, we did not perform external validation for
the model fitted, since no data were available for such
an assessment. However, we did attempt internal validation in an effort to prevent data overinterpretation, and
the result suggested satisfactory interval validation of the
model.
CONCLUSION
In conclusion, increasing age, receipt of antitumor treatment within 3 months of COVID-19 diagnosis, high
WBC count and dNLR, and presenting with dyspnea on
admission were independent predictors of mortality for
patients with COVID-19 and solid tumors. The nomogram we developed can successfully predict mortality
risk for individual patients. Future studies with larger
numbers of patients will be useful for updating and validating this nomogram to improve predictions of in-hospital mortality among patients with COVID-19 and solid
tumors.
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