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OBJECTIVES: To identify characteristics that predict 30-day mortality 
among patients critically ill with coronavirus disease 2019 in England, 
Wales, and Northern Ireland.

DESIGN: Observational cohort study.

SETTING: A total of 258 adult critical care units.

PATIENTS: A total of 10,362 patients with confirmed coronavirus disease 
2019 with a start of critical care between March 1, 2020, and June 22, 
2020, of whom 9,990 were eligible (excluding patients with a duration of 
critical care less than 24 hr or missing core variables).

MEASUREMENTS AND MAIN RESULTS: The main outcome measure 
was time to death within 30 days of the start of critical care. Of 9,990 el-
igible patients (median age 60 yr, 70% male), 3,933 died within 30 days 
of the start of critical care. As of July 22, 2020, 189 patients were still 
receiving critical care and a further 446 were still in acute hospital. Data 
were missing for between 0.1% and 7.2% of patients across prognostic 
factors. We imputed missing data ten-fold, using fully conditional spec-
ification and continuous variables were modeled using restricted cubic 
splines. Associations between the candidate prognostic factors and time 
to death within 30 days of the start of critical care were determined after 
adjustment for multiple variables with Cox proportional hazards modeling. 
Significant associations were identified for age, ethnicity, deprivation, body 
mass index, prior dependency, immunocompromise, lowest systolic blood 
pressure, highest heart rate, highest respiratory rate, Pao2/Fio2 ratio (and 
interaction with mechanical ventilation), highest blood lactate concentra-
tion, highest serum urea, and lowest platelet count over the first 24 hours 
of critical care. Nonsignificant associations were found for sex, sedation, 
highest temperature, and lowest hemoglobin concentration.

CONCLUSIONS: We identified patient characteristics that predict an 
increased likelihood of death within 30 days of the start of critical care for 
patients with coronavirus disease 2019. These findings may support de-
velopment of a prediction model for benchmarking critical care providers.

KEY WORDS: coronavirus disease 2019; mortality; prognostic factors; 
statistical modeling

Coronavirus disease 2019 (COVID-19) can result in severe illness requir-
ing critical care in around 5% of those with confirmed infection (1). 
Reported mortality for patients critically ill with COVID-19 has varied 

widely (2–6); however, prognostic research has been focused on models for 
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identifying people in the general population at risk of 
being admitted to hospital with COVID-19, detecting 
likely COVID-19 in patients with suspected infection, 
and predicting prognosis of hospitalized patients with 
COVID-19 (7). Patients critically ill with COVID-19 
have not been the focus of many prognostic studies, 
despite their increased risk of death compared with 
patients outside of critical care. Most studies have been 
based on small samples and few have considered data 
from countries outside China.

Since the outbreak in the United Kingdom (UK) 
started, the Intensive Care National Audit & Research 
Centre has been collecting data from critical care units 
participating in the Case Mix Programme (the national 
clinical audit covering all NHS adult, general intensive 
care, and combined intensive care/high dependency 
units in England, Wales, and Northern Ireland, plus 
some additional specialist and non-NHS critical care 
units) to support the NHS and policy makers with rapid 
data collection and analysis. The number of patients 
included and completeness of the population coverage 
make the Case Mix Programme an ideal resource to 
investigate factors associated with mortality in critical 
care. At the peak of the epidemic, 400 patients per day 
were being admitted to critical care with COVID-19 
(8), exceeding the typical number of daily unplanned 
admissions to adult general critical care in the UK for 
all conditions combined.

The aim of the present study was to identify patient 
characteristics that predict death in hospital within 30 
days of the start of critical care for patients critically 
ill with confirmed COVID-19 in England, Wales, and 
Northern Ireland.

MATERIALS AND METHODS

Selection of Data

We included all patients admitted for critical care be-
tween March 1, 2020, and June 22, 2020 with a diag-
nosis of COVID-19 confirmed either at or after the 
start of critical care. As physiologic and laboratory 
variables for the Case Mix Programme are recorded 
as the most extreme measurements within the first 24 
hours following the start of critical care, patients with 
a duration of critical care of less than 24 hours were 
excluded. To avoid inclusion of patients with only min-
imal data for modeling, patients with no data recorded 
for age or sex or for the core physiologic variables of 

temperature, systolic blood pressure, heart rate (HR), 
or respiratory rate were also excluded from the model.

Support for the collection and use of patient-identi-
fiable data without consent in the Case Mix Programme 
has been obtained from the Confidentiality Advisory 
Group of the Health Research Authority under Section 
251 of the NHS Act 2006 (approval number PIAG 
2–10[f]/2005).

Outcome and Prognostic Factors

The primary outcome was time to death within 30 days 
from the start of critical care. For those discharged 
from hospital within 30 days or ending critical care 
within 30 days with missing hospital outcome, we 
assumed all survived to 30 days. Patients last reported 
to be still receiving critical care were censored on July 
22, 2020.

Candidate prognostic factors (eTable 1, 
Supplemental Digital Content 1, http://links.lww.
com/CCM/F962) were selected a priori based on the 
established relationships with outcome for critically 
ill patients, emerging information from the COVID-
19 pandemic, and availability within the Case Mix 
Programme dataset. Physiologic and laboratory vari-
ables were assessed as the most extreme values within 
the first 24 hours of critical care. Where patients were 
transferred between the critical care units (in the same 
or another hospital) or readmitted to critical care, 
physiologic, laboratory, and treatment variables were 
included from the first 24 hours of the first admission 
only.

Handling of Missing Data

Data were assumed to be missing at random condi-
tional on the observed variables; this assumption was 
based on the premise that the decision to request ad-
ditional tests would be based on the known informa-
tion about that patient. Ten imputed datasets were 
produced using fully conditional specification (9). All 
candidate prognostic factors (with or without missing 
values) were included in the imputation model along 
with the failure indicator and the Nelson-Aalen esti-
mate of the baseline cumulative hazard (10). Height 
and weight were imputed separately with body mass 
index (BMI) imputed passively. The model was fitted 
to each of the ten imputed datasets and the results were 
combined using Rubin rules (11). A sensitivity analysis 
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was performed using the complete case dataset to ex-
amine the consistency of results.

Statistical Analysis

We estimated a required sample size of 21 events per 
parameter (eTable 2, Supplemental Digital Content 2,  
http://links.lww.com/CCM/F963) (12). To allow 
for flexible modeling of nonlinear associations, we 
assumed that each continuous variable was represented 
by three parameters. Therefore, a model including 45 
parameters would require a minimum of 945 events to 
minimize model overfitting and target sufficiently pre-
cise model predictions.

Association between the selected factors and time to 
death within 30 days of the start of critical care was de-
termined after adjustment for multiple variables with 
Cox proportional hazards modeling. When depar-
tures from linearity were significant, we chose func-
tional forms for continuous variables that gave the best 
plausible fit from restricted cubic splines with three, 
four, or five knots (13). No univariable preselection of 
variables was done and all candidates were introduced 
into the model. Expanded terms were used to test the 
interactions between mechanical ventilation and Pao2/
Fio2, respiratory rate, HR, and creatinine. Interactions 
between mechanical ventilation and BMI and between 
ethnicity and hemoglobin were also assessed. We used 
a p value of 0.01 to retain interaction terms in the 
model. The results of the Cox proportional hazards 
model were plotted graphically for each prognostic 
factor. The reference value for continuous prognostic 
factors was chosen to represent the extreme of the 
normal range.

The proportional hazards assumption was tested by 
visual inspection of Schoenfeld residual plots (14) and 
log-log plots. Harrell concordance statistic (c-statistic) 
was used as a goodness-of-fit measure (15).

All statistical analyses were undertaken using Stata/
SE 14.2 (StataCorp, College Station, TX).

RESULTS

Patient Characteristics

Data were received for 12,773 admissions for 
10,362 patients to 258 adult critical care units in 
England, Wales, and Northern Ireland between 
March 1, 2020, and June 22, 2020. We excluded 95 

patients with a duration of critical care of less than 
24 hours, 17 patients missing age or sex, and 260 
patients with no data recorded for core physiologic 
variables resulting in a cohort of 9,990 patients for 
analysis (Fig. 1).

For the remaining physiologic and laboratory 
variables, the percentage with missing values ranged 
from 2.8% for the lowest hemoglobin concentration 
to 4.8% for the highest blood lactate concentration 
(eTable 3, Supplemental Digital Content 3, http://
links.lww.com/CCM/F964). Ethnicity was either 
not stated or not recorded for 3.8% of patients and 
postcodes required to derive deprivation were not re-
corded for 7.2%. Height and weight for the calculation 
of BMI were missing for 5.2% and 3.2%, respectively. 
Overall, 7,670 patients (76.8%) had complete data for 
all variables.

The characteristics of included patients are summa-
rized in Table 1. The median age was 60 years and 70% 
were male. Over one-third were of non-White ethnici-
ties (compared with 13% of the UK population at the 
last national census in 2011) and half were from the 
areas with higher levels of deprivation (fourth or fifth 
quintile).

Figure 1. Study flow.
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TABLE 1. 
Characteristics and Outcomes of Included Patients

Characteristics and Outcomes
All Patients  
(n = 9,990)

Survivors at  
30 d (n = 6,027)

Nonsurvivors  
at 30 d (n =3,933)

Demographics

 Age (yr), median (IQR) 60 (51–68) 56 (48–64) 65 (57–72)

 Sex, n (%)

  Female 2,958 (29.6) 1,913 (31.7) 1,035 (26.3)

  Male 7,032 (70.4) 4,114 (68.3) 2,898 (73.7)

 Ethnicity, n (%)

  White 6,384 (66.4) 3,842 (66.1) 2,530 (67.1)

  Asian 1,459 (15.2) 859 (14.8) 591 (15.7)

  Black 940 (9.8) 565 (9.7) 373 (9.9)

  Mixed/other 830 (8.6) 548 (9.4) 278 (7.4)

 Quintile of deprivation, n (%)

  1 (least deprived) 1,349 (14.6) 827 (14.6) 519 (14.5)

  2 1,483 (16.0) 897 (15.9) 583 (16.3)

  3 1,838 (19.8) 1,130 (20.0) 702 (19.6)

  4 2,225 (24.0) 1,350 (23.9) 869 (24.2)

  5 (most deprived) 2,372 (25.6) 1,447 (25.6) 913 (25.5)

 Body mass index (kg/m2), median (IQR) 28.4 (24.9–33.1) 28.7 (25.1–33.6) 27.9 (24.7–32.3)

Medical history

 Dependency prior to hospital admission, n (%)

  Able to live without assistance in daily activities 8,876 (90.0) 5,495 (92.3) 3,351 (86.4)

  Some (minor/major) assistance with daily activities 949 (9.6) 438 (7.4) 511 (13.2)

  Total assistance with all daily activities 36 (0.4) 20 (0.3) 16 (0.4)

  Immunocompromise, n (%) 473 (4.8) 216 (3.6) 257 (6.6)

Acute severity scores from first 24 h of critical care

 Acute Physiology and Chronic Health Evaluation II 
score, median (IQR)

15 (12–18) 13 (11–17) 17 (13–20)

 Intensive Care National Audit & Research Centre 
physiology score, median (IQR)

19 (14–25) 18 (13–23) 22 (17–28)

Interventions during first 24 hr of critical care, n (%)

 Sedated for entire of first 24 hr 3,603 (36.1) 2,024 (33.6) 1,567 (39.9)

 Mechanical ventilation at any time in first 24 hr 5,925 (59.3) 3,295 (54.7) 2,609 (66.3)

(Continued)
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Outcomes

At the end of the study period, 3,867 patients died 
while receiving critical care (3,679 within 30 d). A 
further 5,934 patients had been discharged alive from 
critical care and 290 of these patients subsequently 
died in hospital (254 within 30 d). The remaining 189 
patients were last reported to be still receiving critical 
care at the end of the study, including 30 patients lost 
to follow-up following transfer to a different critical 
care unit. The 30-day outcome was, therefore, com-
plete for 9,960 patients (99.7%). A Kaplan-Meier plot 
of time to death within 30 days is shown in eFigure 
1 (Supplemental Digital Content 4, http://links.lww.
com/CCM/F965).

Associations With 30-Day Mortality

The associations between the patient characteris-
tics and 30-day mortality are presented graphically 
in eFigure 2 (Supplemental Digital Content 5, http://
links.lww.com/CCM/F966), with full model output in 
Table 2.

Age was the strongest predictor of mortality with 
older patients significantly more likely to die. The as-
sociation between age and mortality was nonlinear; 
the hazard ratio rose sharply after 60 years. Although 
the proportion of males critically ill with COVID-19 
was much higher than that in the general population, 
once receiving critical care, there was no association 
between male sex and 30-day mortality after adjusting 

Physiologic and laboratory variables from first 24 hr of critical care, median (IQR)

 Highest temperature (°C) 38.5 (37.8–39.3) 38.5 (37.8–39.3) 38.4 (37.7–39.2)

 Lowest systolic blood pressure (mm Hg) 95 (86–110) 98 (88–110) 94 (84–106)

 Highest heart rate (beats/min) 105 (92–119) 104 (91–116) 107 (95–121)

 Highest respiratory rate (breaths/min) 29 (22–38) 29 (22–38) 29 (22–38)

 Pao2/Fio2 (mm Hg) 119 (85–165) 131 (93–180) 103 (75–144)

 Highest blood lactate concentration (mmol/L) 1.4 (1.1–1.9) 1.3 (1.0–1.7) 1.6 (1.2–2.2)

 Highest serum creatinine (µmol/L) 87 (66–129) 79 (62–110) 102 (74–160)

 Highest serum urea (mmol/L) 6.8 (4.7–10.5) 6.0 (4.3–9.0) 8.5 (5.7–12.5)

 Lowest hemoglobin concentration (g/L) 120 (107–132) 120 (107–132) 120 (105–132)

 Lowest platelet count (×109/L) 232 (175–302) 240 (182–309) 219 (164–288)

Outcome

 Last known status at end of study, n (%)

  Died while receiving critical care 3,867 (38.7) 188 (3.1) 3,679 (93.5)

   Died in acute hospital following discharge from  
 critical care

290 (2.9) 36 (0.6) 254 (6.5)

  Still receiving critical care 189 (1.9) 159 (2.6) NA

  Still in acute hospital 446 (4.5) 446 (7.4) NA

  Discharged alive from acute hospital 5,198 (52.0) 5,198 (86.2) NA

IQR = interquartile range, NA = not available.

TABLE 1. (Continued).
Characteristics and Outcomes of Included Patients

Characteristics and Outcomes
All Patients  
(n = 9,990)

Survivors at  
30 d (n = 6,027)

Nonsurvivors  
at 30 d (n =3,933)
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TABLE 2. 
Multivariable Cox Proportional Hazards Model for Death Within 30 Days of Start of Critical 
Care (n = 9,990)

Prognostic Factor
Hazard Ratio  

(95% CI) p

Age (yr)—RCS (42, 60, 75)

 Spline base variable 1 1.035 (1.028–1.043) < 0.0001

 Spline base variable 2 1.013 (1.006–1.020)

Male sex (vs female) 1.009 (0.932–1.093) 0.817

Ethnicity (vs White)

 Asian 1.270 (1.154–1.397) < 0.0001

 Black 1.053 (0.933–1.190) 0.400

 Mixed/other 0.991 (0.872–1.127) 0.894

Quintile of deprivation (vs 1, least deprived)

 2 1.017 (0.901–1.149) 0.785

 3 1.006 (0.897–1.128) 0.371

 4 1.063 (0.951–1.188) 0.829

 5 (most deprived) 1.137 (1.011–1.279) 0.026

Body mass index (per 5 kg/m2 increase) 1.032 (1.003–1.061) 0.028

Any dependency prior to hospital admission 1.425 (1.293–1.570) < 0.0001

Immunocompromise 1.470 (1.285–1.682) < 0.0001

Sedated for entire of the first 24 hr 1.127 (1.033–1.230) 0.007

Highest temperature (per 1°C increase) 0.989 (0.959–1.020) 0.484

Lowest systolic blood pressure (mm Hg)—RCS (78, 95, 121)

 Spline base variable 1 0.991 (0.987–0.995) < 0.0001

 Spline base variable 2 1.010 (1.005–1.016)

Highest heart rate (per 10 beats/min increase) 1.050 (1.035–1.066) < 0.0001

Highest respiratory rate (per 10 breaths/min increase) 1.101 (1.061–1.142) < 0.0001

Pao2/Fio2 (per 50 mm Hg increase) 0.739 (0.705–0.775) < 0.0001

Mechanical ventilation (at Pao2/Fio2 = 300 mm Hg) 1.887 (1.506–2.364) < 0.0001

Mechanical ventilation × Pao2/Fio2 (per 50 mm Hg increase) 1.121 (1.059–1.187) < 0.0001

Highest blood lactate concentration (mmol/L)—RCS (0.9, 1.4, 2.5)

 Spline base variable 1 1.499 (1.301–1.729) < 0.0001

 Spline base variable 2 0.700 (0.596–0.821)

(Continued)
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for other factors. The likelihood of dying within 30 
days was 27% higher for Asian patients than White 
patients, although comparisons of White with other 
ethnic groups (Black and mixed/other) were not statis-
tically significant after correcting for the other factors 
in the model. Patients who live in an area in among 
the most deprived fifth of locations in the UK were 
14% more likely to die than those living in the least 
deprived areas. BMI showed a weak linear association 
with 30-day mortality, with a 3% increased likelihood 
of death associated with every 5 kg/m2 increase in 
BMI. Patients with any level of prior dependency had 
42% greater likelihood of death within 30 days than 
those able to live without assistance in daily activities 
and immunocompromised patients had a 47% higher 
likelihood of death. Being sedated for the first 24 hours 
of critical care was associated with a 13% increased 
likelihood of death.

Highest HR and highest respiratory rate had sig-
nificant linear associations with 30-day mortality, 
with increasing values associated with a greater like-
lihood of death within 30 days of the start of critical 

care. After adjusting for other variables, highest 
temperature and lowest hemoglobin were not signif-
icant. Lowest systolic blood pressure showed a sig-
nificant nonlinear association with both hypo- and 
hypertensions associated with increased likelihood 
of death.

A significant interaction was observed between 
Pao2/Fio2 and mechanical ventilation. To give the in-
teraction a meaningful interpretation, Pao2/Fio2 was 
centered at the threshold for defining mild acute res-
piratory distress syndrome (ARDS), 300 mm Hg (16). 
A ventilated patient with a Pao2/Fio2 of 300 mm Hg 
was almost twice as likely to die within 30 days than 
a nonventilated patient (HR = 1.89). The likelihood 
of dying within 30 days increased with decreasing 
values of Pao2/Fio2 for both ventilated and nonven-
tilated patients, but the increase was steeper for non-
ventilated patients (HR = 1.35 per 50 mm Hg decrease) 
than for ventilated patients (HR = 1.21 per 50 mm Hg 
decrease). Mortality increased steeply with increasing 
lactate up to around 2 mmol/L after which the increase 
was more gradual.

Highest serum creatinine (µmol/L)—RCS (46, 72, 101, 327)

 Spline base variable 1 0.997 (0.992–1.003) < 0.0001

 Spline base variable 2 1.155 (1.038–1.284)

 Spline base variable 3 0.747 (0.609–0.917)

Highest serum urea (mmol/L)—RCS (3.5, 7.0, 16.6)

 Spline base variable 1 1.049 (1.021–1.077) 0.002

 Spline base variable 2 0.940 (0.907–0.974)

Lowest hemoglobin concentration (per 10 g/L increase) 0.998 (0.981–1.016) 0.838

Lowest platelet count (×109/L)—RCS (134, 232, 375)

 Spline base variable 1 0.997 (0.997–0.998) < 0.0001

 Spline base variable 2 1.002 (1.001–1.003)

RCS = restricted cubic spline.
RCS (k1,…,kj) indicates restricted cubic spline with knots at positions k1 to kj, corresponding to the following base variables for prog-
nostic factor x: spline base variable 1 = x; spline base variable i+1 = (max[(x – ki)

3, 0] – (kj – ki) × max[(x – kj − 1)
3, 0]/(kj – kj−1) +  

(kj – 1 – ki) × max[(x – kj)
3, 0]/(kj –kj − 1))/(kj – k1)

2; i =1, …, j – 2

TABLE 2. (Continued).
Multivariable Cox Proportional Hazards Model for Death Within 30 Days of Start of Critical 
Care (n = 9,990)

Prognostic Factor
Hazard Ratio  

(95% CI) p
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Highest creatinine had a complex nonlinear asso-
ciation with mortality. Compared with the normal 
range, there was a small and nonsignificant increase 
in likelihood of 30-day mortality associated with low 
values of creatinine. Likelihood of mortality increased 
steeply with increasing creatinine above the normal 
range up to values around 200 µmol/L, after which the 
curve leveled off. Likelihood of death within 30 days 
increased with increasing values of highest urea up to 
10 mmol/L, after which there was no further increase. 
Decreasing values of the lowest platelet count below 
the normal range were associated with an increased 
likelihood of death. This association flattened off at a 
platelet count of around 300 × 109/L, with no further 
change in the likelihood of death above this value.

Model Fit and Sensitivity Analyses

Harrell c-statistic for the model was 0.73, indicating 
acceptable discrimination. On graphical examina-
tion, the proportional hazards assumption appeared 
to be satisfied. There were no meaningful differences 
in the results using complete case data (eTable 4, 
Supplemental Digital Content 6, http://links.lww.com/
CCM/F967).

DISCUSSION

We have identified demographic and clinical factors 
significantly associated with mortality within 30 days 
of the start of critical care among patients critically ill 
with confirmed COVID-19 and described their associ-
ation with the outcome. Our results show a strong as-
sociation of older age with mortality among critically ill 
patients. Asian ethnicity was also associated with worse 
outcome, with Black ethnicity demonstrating a weaker 
and nonsignificant association. Surprisingly, despite 
male patients being substantially overrepresented 
in the cohort of patients receiving critical care for 
COVID-19, there was no association with worse out-
come once adjusted for patient characteristics. Among 
physiologic and laboratory variables, the strongest pre-
dictor was Pao2/Fio2; this is perhaps unsurprising, as 
reduced Pao2/Fio2 is the defining clinical characteristic 
for the severity of ARDS and hypoxemia is one of the 
main signs of severe COVID-19. As clinicians tend to 
adjust inspired oxygen fraction to achieve a desired 
Pao2 or Spo2, the Pao2/Fio2 ratio is mostly a function 
of inspired oxygen fraction rather than hypoxemia, 

other than in extreme cases where the desired oxygen-
ation cannot be achieved. Thus, the association with 
mortality may not represent an association of hypox-
emia per se with death so much as increased oxygen 
requirement as an indicator of lung or overall disease 
severity. The association between Pao2/Fio2 and mor-
tality was stronger for nonventilated patients than for 
ventilated patients. This may reflect the additional con-
trol over the patient’s respiratory physiology offered by 
adjusting ventilator settings. We identified associations 
with increased creatinine and urea, suggesting deterio-
rating renal function was associated with higher mor-
tality, as seen in many other forms of critical illness. As 
with other severe infections, an increasing blood lactate 
concentration was associated with an increasing risk of 
mortality. The association of low platelet counts and low 
creatinine concentrations with increased mortality may 
represent a confounding effect of unrecorded preex-
isting chronic disease or sarcopenia, as the values were 
recorded within 24 hours of the start of critical care and 
so would not have been influenced by treatment.

The main strengths of the study are the large, represen-
tative, and high-quality clinical dataset and the rigor of 
variable collection, with a coverage of 100% of adult ge-
neral level 3 (intensive care) units in England, Wales, and 
Northern Ireland plus substantial numbers of specialist 
critical care units and temporary surge areas. There are, 
however, some limitations. The available predictors and 
outcomes were limited to those recorded in the Case Mix 
Programme, which were in turn driven by the need to en-
sure that data could be collected accurately in all partici-
pating units under current circumstances. Consequently, 
data were not available for some variables that have been 
found to be significant predictors of progression to severe 
disease or mortality in studies of hospitalized patients, for 
example, lactate dehydrogenase (17–21), C-reactive pro-
tein (17, 21–25), and lymphocyte count (20–22, 24, 26)  
or neutrophil:lymphocyte ratio (18, 25). The association 
of these variables with mortality could not be studied 
here. Recording of chronic health conditions in the Case 
Mix Programme is limited to only very severe comorbid-
ities, and consequently, only small numbers of patients 
were reported to have comorbidities. As a result of this, 
only a combined variable corresponding to immuno-
compromise was included in the model. This does not 
preclude other chronic health conditions having impor-
tant associations that we were not able to explore. It is 
also possible that the low levels of severe comorbidities 
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reported may be an underestimate of the true rates, due 
to the difficulties of obtaining an accurate medical his-
tory in the pandemic circumstances. We also have no 
information on limitations of care, which may affect 
the treatments patients received and their subsequent 
outcomes.

The largest study to date to look specifically at 
prognostic factors among critically ill patients with 
COVID-19 reported on 3,988 patients admitted to 
critical care units in the Lombardy region of Italy (4). 
Although this study included more detailed infor-
mation on comorbidities and identified a number of 
comorbidities associated with worse outcome (hyper-
cholesterolemia, type 2 diabetes, and chronic obstruc-
tive pulmonary disease), the physiologic parameters 
considered were limited to only positive end-expira-
tory pressure, Fio2 and Pao2/Fio2, all of which had sig-
nificant associations with mortality. In a study of 239 
critically ill patients from Wuhan, China, the only lab-
oratory variable found to predict mortality in a Cox 
proportional hazards model was platelet count (27).

This project concentrated solely on identifying key 
prognostic factors for poor outcome (28) and was not 
seeking a model with superior discrimination and cal-
ibration. Nonetheless, discrimination was worse than 
that has been reported for other models in a broader 
hospital setting (7). This may represent the inherent dif-
ficulties of prediction within a highly selected population 
with a narrower range of disease severity or the absence 
of important predictors from our model. Alternatively, 
it may reflect overfitting of the previous models due to 
small sample sizes with low numbers of events (7).

We do not recommend the application of our model 
for predictions at an individual level. However, given that 
the dataset was large and comprehensive, if validated, 
our results would provide useful insight into models for 
the prediction of outcome for patients admitted to crit-
ical care and enable identification of patients more likely 
to have a poor outcome. Importantly, none of the asso-
ciations identified here should be interpreted as being 
causal. Not only are there likely to be other unmeasured 
factors that would confound any relationships between 
the prognostic factors evaluated here and mortality but 
also is there the act of selecting patients based on their 
requirement for critical care, likely representing “con-
ditioning on a collider” (29). In this context, admission 
to critical care would be a collider for any prognostic 
factor associated with the decision to admit to critical 

care if there are other unmeasured factors that are the 
causes of both admission to critical care and mortality. 
However, this does not affect our ability to use these 
factors to make predictions of outcome among those 
patients admitted to critical care.

CONCLUSIONS

Our results show that factors that predict mortality 
within 30 days of the start of critical care for patients with 
confirmed COVID-19 include age; prior dependency; 
immunocompromise; patient characteristics including 
increasing BMI and Asian ethnicity; and physiologic 
and laboratory variables that indicate organ dysfunction 
particularly in the respiratory, cardiovascular, and renal 
systems. We encourage future research to extend these 
findings with the addition of inflammatory markers and 
lymphopenia. Further research may enable us to trans-
late this work into a risk-prediction model, permitting 
benchmarking of critical care providers to aid learning 
ahead of any further wave of the pandemic.
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