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Abstract 

Background: Mid‑Regional pro‑Adrenomedullin (MR‑proADM) is an inflammatory biomarker that improves the 
prognostic assessment of patients with sepsis, septic shock and organ failure. Previous studies of MR‑proADM have 
primarily focussed on bacterial infections. A limited number of small and monocentric studies have examined MR‑
proADM as a prognostic factor in patients infected with SARS‑CoV‑2, however there is need for multicenter validation. 
An evaluation of its utility in predicting need for hospitalisation in viral infections was also performed.

Methods: An observational retrospective analysis of 1861 patients, with SARS‑CoV‑2 confirmed by RT‑qPCR, from 
10 hospitals across Europe was performed. Biomarkers, taken upon presentation to Emergency Departments (ED), 
clinical scores, patient demographics and outcomes were collected. Multiclass random forest classifier models were 
generated as well as calculation of area under the curve analysis. The primary endpoint was hospital admission with 
and without death.

Results: Patients suitable for safe discharge from Emergency Departments could be identified through an MR‑
proADM value of ≤ 1.02 nmol/L in combination with a CRP (C‑Reactive Protein) of ≤ 20.2 mg/L and age ≤ 64, or in 
combination with a SOFA (Sequential Organ Failure Assessment) score < 2 if MR‑proADM was ≤ 0.83 nmol/L regard‑
less of age. Those at an increased risk of mortality could be identified upon presentation to secondary care with an 
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Introduction
All infections have the potential to manifest into life-
threatening conditions. Infections due to Severe Acute 
Respiratory Syndrome Coronavirus-2 (SARS-CoV-2) 
are not exempt from this. An early diagnosis and assess-
ment of infection severity is therefore crucial in order to 
initiate triaging and appropriate therapeutic strategies. 
There have now been over 265 million cases worldwide of 
SARS-CoV-2 infection since the end of 2019. Whilst most 
cases are asymptomatic or defined by mild symptoms, up 
to 15% of all cases develop severe pathology [1, 2]. This 
large number of cases has resulted in substantial demand 
being placed upon healthcare systems and resulted in 
over 5.2 million deaths. In these circumstances, try-
ing to determine those in whom admission can be safely 
avoided, those who need admission and those who need 
admission to higher level care facilities could become 
even more of a challenge to already stretched emergency 
clinical staff. The effect of this could be either unneces-
sary admission of patients with uncomplicated infections 
or inappropriate discharges. The use of biomarkers which 
have a high sensitivity for assessing disease severity and 
significantly increased during the initial stages of the dis-
ease development may therefore facilitate improved tri-
aging and earlier therapeutic decisions.

The presence of SARS-CoV-2 within the endothelium 
can lead to a secondary endotheliitis that promotes an 
impairment of vascular blood flow, a pro-thrombotic 
state and vascular leakage [3]. The progressive multi-
organ failure associated with SARS-CoV-2 mortality is 
driven in part by significant inflammation and microvas-
cular thrombosis.

Recent studies, pre COVID-19, have shown mid-
regional pro-adrenomedullin (MR-proADM) concentra-
tions to be rapidly induced in the initial stages of sepsis 
development [4] and progression towards sepsis-related 
multiple organ failure [5, 6] and can assist triaging in the 
emergency department [7–10] and safely avoid admis-
sion. Adrenomedullin (ADM) is a potent vasodilatory 
peptide hormone produced by endothelial cells and 
plays a key role in reducing vascular permeability and 
promoting endothelial stability and integrity following 
severe infection [6]. Thus, ADM may also be of interest 
within COVID-19 induced endotheliitis. Recent small 

scale studies suggest that MR-proADM, a mostly inert 
fragment split from ADM may offer considerable value 
for predicting the risk of developing critical illness, dis-
ease progress and prognosis in patients with COVID-19 
[11–19].

An observational retrospective multi-centre study with 
consistent outcome measures involving patients with 
COVID-19 presenting to the Emergency Departments of 
10 hospitals in the United Kingdom, Italy, Spain and Swit-
zerland predominantly during the first wave was there-
fore devised. This study aimed to assess the effectiveness 
of a number of biomarkers, both novel and established, 
and clinical scores, such as SOFA and National Early 
Warning Score 2 (NEWS2) scores, in COVID-19 patients 
in the acute setting to identify patients with uncompli-
cated infection wherein admission can safely be avoided 
and to identify those at increased risk of further disease 
progression and mortality.

Methodology
Study design and ethical approval
The 10 secondary or tertiary care centres involved were: 
Hampshire Hospitals NHS Foundation Trust, Azienda 
Sanitaria Universitaria Integrata di Udine, ’Città della 
Salute e della Scienza’ Hospital, Turin, Policlinico di Tor 
Vergata di Roma, Ospedale Civile Santi Antonio e Biagio 
e Cesare Arrigo di Alessandria, Hospital Universitario 
Santa Lucía, Cartagena, Hospital Clínico San Carlos, 
IDISSC, Madrid, Hospital Universitario Reina Sof ía, 
Murcia, Hospital Clínico Universitario de Valladolid, and 
Cantonal Hospital Aarau. This resulted in 1,861 patients 
eligible for inclusion.

Outcomes were assessed by the composite end points 
of no admission to hospital, admission to hospital with 
no mortality and admission with mortality at 28  days 
from diagnosis of COVID-19.

The individual probability of being discharged directly 
from ED or of being admitted to hospital, with or with-
out risk of mortality due to COVID-19, was estimated 
with several different implementations of machine learn-
ing models based on multiclass random forest classifiers. 
Random forest algorithms were developed with 2 sub-
groups of patients. One group comprised 1,436 patients 
that included the 16 most frequently collected variables 

MR‑proADM value of > 0.85 nmol/L, in combination with a SOFA score ≥ 2 and LDH > 720 U/L, or in combination with 
a CRP > 29.26 mg/L and age ≤ 64, when MR‑proADM was > 1.02 nmol/L.

Conclusions: This international study suggests that for patients presenting to the ED with confirmed SARS‑CoV‑2 
infection, MR‑proADM in combination with age and CRP or with the patient’s SOFA score could identify patients at 
low risk where outpatient treatment may be safe.

Keywords: MR‑proADM, SARS‑CoV‑2, Mortality, Hospital admission, Emergency department
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(Table 1). The second group consisted of 646 patients for 
whom it was possible to have additional data relating to 
clinical scores at presentation to the emergency depart-
ment. The same model was applied to both subgroups in 
order to make the interpretation of the data more robust 
and to obtain additional information from those cases 
in which it was possible to evaluate the clinical scores at 
evaluation in ED.

Ethical approval was sought from the relevant boards 
or governance bodies of each participating hospital. The 
manuscript was drafted according to the Standards for 
the Reporting of Diagnostic accuracy studies STARD cri-
teria [20].

Inclusion criteria
Symptomatic individuals presenting to hospital were eli-
gible for inclusion following detection of SARS-CoV-2 by 
real‐time reverse-transcription PCR (RT-qPCR). Exclu-
sion criteria included pregnancy and being younger than 
18 years old.

Data collection
Measurement of MR-proADM levels was performed on 
EDTA (Ethylenediaminetetraacetic acid) blood samples 
within 48  h of being taken on evaluation in ED (in line 
with manufacturer’s guidance stating a 72  h period of 
stability) using an immunoassay (B.R.A.H.M.S. KRYP-
TOR™, Thermo Fisher Scientific, Henningsdorf, Ger-
many). Data collected included demographics, prior 

comorbidities, clinical outcomes such as admission and 
mortality at 28 days. Blood results including White Blood 
Cell Count (WBC), lymphocyte count, C-reactive Pro-
tein (CRP), Procalcitonin (PCT), lactate dehydrogenase 
(LDH), D-dimer measurements and the raw data to cal-
culate clinical scores like NEWS2 and SOFA, were col-
lected when these were performed at presentation to ED. 
All samples were analysed as per each site’s laboratory 
procedures.

Statistical analysis
Variables were reported using mean ± standard devia-
tion, median and interquartile range or proportion, 
depending on their distribution; accordingly, comparison 
between groups was performed with unpaired t-tests, 
Mann–Whitney U-tests or chi-square tests.

Analysis of Variance testing was performed on selected 
groups of patients, such as those not admitted, those 
who were admitted and did not die and those who 
were admitted and died. Where a significant difference 
between groups was found post-hoc pairwise analysis 
was performed with Bonferroni correction.

For initial analysis only variables with less than 20% 
missing data were included and a complete case analysis 
was used to construct a multiclass Random Forest classi-
fier. However, to specifically assess the potential impact 
of clinical scoring systems that are used in common 
clinical practice these were also included in a subsequent 
complete-case analysis.

Table 1 Analysis of variance on the three selected groups  

*: p < 0.05 post-hoc “not admitted” vs “admitted without event”; #: p < 0.05 post-hoc “not admitted” vs “admitted with event”; °: p < 0.05 post-hoc “admitted without 
event” vs “admitted with event”

Not admitted (n = 158; 
11.0%)

Admitted without event 
(n = 986; 68.7%)

Admitted with event 
(n = 292; 20.3%)

P

Age (years) 51.6 ± 12.8 62.5 ± 15.3* 71.3 ±  12#°  < 0.001

Male gender 82 (51.9%) 617 (62.6%)* 206 (70.6)#°  < 0.001

Creatinine (mg/dl) 0.80 [0.69–0.94] 0.96 [0.78–1.16]* 1.16 [0.87–1.62]#°  < 0.001

Platelets (/mmc) 233.99 ± 127.70 232.03 ± 96.86 210.23 ± 94.21#° 0.003

MR‑proADM (nmol/L) 0.57 [0.48–0.71] 0.83 [0.63–1.16]* 1.33 [0.97–2.03]#°  < 0.001

WBC (/mmc) 5.40 [4.35–6.50] 6.44 [4.72–8.70]* 7.53 [5.28–10.88]#°  < 0.001

Lymphocytes (/mmc) 1.20 [0.80–1.61] 0.98 [0.70–1.33]* 0.57 [0.81–1.14]#°  < 0.001

LDH (U/L) 471 [392–599] 389 [276–555]* 510 [375–735]#°  < 0.001

PCT (mg/dl) 0.05 [0.03–0.08] 0.08 [0.04–0.14]* 0.18 [0.09–0.46]#°  < 0.001

CRP (mg/L) 19.65 [9.42–46.12] 60.07 [25–106.59]* 103.12 [55.67–176]#°  < 0.001

Cardiovascular disease 8 (5.1%) 216 (21.9%) * 102 (34.9%)#°  < 0.001

Chronic respiratory diseases 9 (5.7%) 148 (15.0%)* 65 (22.3%)#°  < 0.001

Diabetes 17 (10.8%) 175 (17.8%) 111 (38%)#°  < 0.001

Chronic kidney disease 2 (1.3%) 100 (10.1%)* 83 (28.4%)#°  < 0.001

Malignancy 6 (3.8%) 61 (6.2%) 28 (9.6%) 0.039

Hypertension 28 (17.7%) 455 (46.2%)* 184 (63%)#°  < 0.001
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In order to predict the observed outcomes (no admission 
and admission with or without death) a multiclass random 
forest classifier was built. The variables to be included in 
the analysis were selected with the Boruta algorithm.[21] 
A ten-fold cross-validation procedure, repeated 50 times, 
was followed to choose the random forest hyperparame-
ters and to assess predictive performance, on the basis of a 
ROC (receiver operating characteristic) curve analysis. An 
interpretation of the random forest algorithm was accom-
plished by computing a ranking of the predictor’s impor-
tance[22] and constructing conditional decision trees,[23] 
with the predicted classes as target variables. All analyses 
were performed with R.[24] A p-value < 0.05 was consid-
ered as statistically significant.

Results
Once variables with missing data greater than 20% were 
omitted 1,436 symptomatic patients presenting to ED 
with a diagnosis of COVID-19 were selected, with patient 

demographics and biomarker levels being summarized in 
Table 1.

To interpret the resultant random forest algorithm, 
predictors were then ranked and a decision tree built, 
as shown below. Multiclass random forest classifier fur-
nished the ranking of importance for the predictor vari-
ables, as reported in Fig.  1: MR-proADM, LDH, CRP, 
age, WBC count and platelets were selected as variables, 
with MR-proADM being the most important variable as 
determined by the mean decrease in Gini index.

The decision tree in Fig.  2 allows an interpretation of 
the most important interactions captured by the ran-
dom forest classifier. Age represents the predominant 
risk factor in determining the need for hospitalisation, 
which is further enhanced by MR-proADM and CRP 
measurements.

In patients ≤ 64  years old, if MR-proADM and CRP 
values were ≤ 1.02  nmol/L and < 20.20  mg/L, respec-
tively, the risk of being admitted was minimal. On the 

Fig. 1 Importance ranking of predictors for the developed multiclass random forest classifier
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Fig. 2 Conditional decision tree developed to explain the predictive performance of the multiclass random forest classifier

Table 2 Analysis of variance on the three selected groups

*: p < 0.05 post-hoc “not admitted” vs “admitted without event”; #: p < 0.05 post-hoc “not admitted” vs “admitted with event”; °: p < 0.05 post-hoc “admitted without 
event” vs “admitted with event”

Not admitted (n = 131; 
20.2%)

Admitted without event 
(n = 421; 65.2%)

Admitted with event (n = 94; 
14.6%)

P

Age (years) 51.0 ± 12.3 65.6 ± 14.3* 75.1 ± 10.6#°  < 0.001

Male gender 67 (51.1%) 260 (61.8%) 56 (59.6%) 0.097

Creatinine (mg/dl) 0.79 [0.67–0.91] 0.95 [0.79–1.11]* 1.01 [0.8–1.46]#  < 0.001

Platelets (/mmc) 236.79 ± 136.01 244.93 ± 108.65 215.55 ± 104.54 0.106

MR‑proADM (nmol/L) 0.57 [0.48–0.70] 0.91 [0.70 ‑1.26]* 1.345 [0.98–2.22]#°  < 0.001

WBC (/mmc) 5.30 [4.25–6.50] 6.24 [4.42–8.76] * 7.63 [5.20–11.04]#°  < 0.001

Lymphocytes (/mmc) 1.20 [0.80–1.70] 0.88 [0.62–1.20]* 0.77 [0.47–1.05]#°  < 0.001

LDH (U/L) 499 [418–621] 553 [418–694]* 735 [544–971]#°  < 0.001

Procalcitonin (mg/dl) 0.05 [0.03–0.08] 0.07 [0.04–0.14]* 0.13 [0.07–0.45]#°  < 0.001

CRP (mg/L) 20.10 [9.80–44.75] 59.45 [19.60–99.56]* 87.22 [48.27–149.70]#°  < 0.001

D‑Dimer (ng/ml) 493 [350–676] 640 [428–1132]* 969 [516–1777]#°  < 0.001

Cardiovascular disease 4 (3.1%) 130 (30.9%)* 49 (52.1%)#°  < 0.001

Chronic respiratory disease 8 (6.1%) 71 (16.9%)* 28 (29.8%)#°  < 0.001

Diabetes 12 (9.2%) 28 (6.7%) 12 (12.8%) 0.125

Chronic kidney disease 0 (0.0%) 37 (8.8%) * 19 (20.2%)#°  < 0.001

Malignancy 4 (3.1%) 43 (10.2%) 13 (13.8%)# 0.012

Hypertension 23 (17.6%) 209 (49.6%) * 59 (62.8%)#  < 0.001

SOFA score 0 [0–1] 3 [2–4]* 4 [2–5]#°  < 0.001

NEWS2 score 0 [0–0] 1 [0–3]* 2 [0–4]#  < 0.001
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other hand, for MR-proADM values > 1.02  nmol/L the 
risk of being hospitalised is high, which is compounded 
if a CRP value > 29.26  mg/L is added to this. Con-
versely, for those aged > 64 if CRP is ≤ 44 mg/L but pro-
ADM > 0.76 nmol/L the probability of being hospitalised 
is high, whereas the probability of being hospitalised with 
risk of death is high when CRP is > 44  mg/L and MR-
proADM is > 0.51 nmol/L.

The threshold values observed in the surrogate con-
ditional decision tree shown in Fig.  2 are partially in 
agreement with a ROC analysis, shown below (Fig.  3), 
performed with classical statistical methods:

 i. When considering age, for non-admitted patients 
the AUC was 0.742 and the best threshold was 61; 
for admitted patients who died the AUC was 0.701 
and the best threshold was 64.

 ii. Concerning CRP, the AUC for non-admitted 
patients was 0.749 and the best threshold was 
45.13, whereas for admitted patients with poor out-

come the AUC was 0.709 and the best threshold 
was 45.18.

 iii. With regards to MR-proADM, the AUC for non-
admitted patients was 0.808 and the threshold 
0.771 and for patients admitted who died the AUC 
was 0.786 and the threshold was 0.911.

In order to evaluate whether the addition of clinical 
scores and D-dimer levels improved the predictive value 
to the model created 646 of the 1,861 initially eligible 
patients were selected, in whom this data was available. 
Patient demographics and biomarker values for this sub-
group of 646 patients are summarized in Table 2.

With this subgroup the resultant random forest 
model had a sensitivity of 93.39 ± 1.53%, a specificity of 
91.36 ± 1.45% and area under the curve of 95.9 ± 0.28% 
for those not requiring admission. For patients that died 
the random forest model had a sensitivity of 85.5 ± 2.86%, 
a specificity of 70.45 ± 3.79% and area under the curve of 
79.37 ± 0.68%.

Fig. 3 A ROC curve for admission avoidance, where clinical scores were not considered. B ROC curve for mortality, where clinical scores were not 
considered
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In this case the multiclass random forest classifier fur-
nished the ranking of importance for the predictor vari-
ables, as reported in Fig.  4: MR-proADM, LDH, SOFA 
and NEWS2 scores were selected, with MR-proADM still 
being the most important variable.

The decision tree reported in Fig. 5 allows an interpre-
tation of the most important interactions captured by the 
random forest classifier. A SOFA score ≥ 2 represents the 
predominant risk factor in determining the need for hos-
pitalisation, with the predictive performance enhanced 
by MR-proADM and LDH.

In patients with a SOFA score < 2, if MR-proADM 
is ≤ 0.83 nmol/L and the NEWS2 score ≤ 1 the probabil-
ity of being discharged safely is maximum. In patients 
with a SOFA score < 2, if MR-proADM is > 0.83  nmol/L 
LDH has significance as a predictor for a poor clini-
cal outcome. Conversely, in patients with a SOFA 
score ≥ 2 at presentation to ED, if LDH is ≤ 720 U/L 
but MR-proADM > 2.23  nmol/L the probability of 
being hospitalised with a negative outcome of death 

is high. The greatest probability of dying is in those 
patients with a SOFA score ≥ 2, LDH > 720 U/L and 
MR-proADM > 0.85 nmol/L.

The threshold values observed in the surrogate con-
ditional decision tree are partially in agreement with 
a ROC analysis performed, shown below (Fig.  6), with 
classic statistical analysis on the biomarkers and on 
clinical scores:

 i. When considering LDH, for non-admitted patients 
the AUC was 0.603 and the best threshold was 704; 
for admitted patients who died the AUC was 0.603 
and the best threshold was 718.5.

 ii. Concerning SOFA scores, the AUC in non-admit-
ted patients was 0.874 and the best threshold was 
2, whereas for admitted patients with mortality the 
AUC was 0.674 and the best threshold was 4.

 iii. With regard to NEWS2 score, for non-admitted 
patients the AUC was 0.775 and the best thresh-

Fig. 4 Importance ranking of predictors for the developed multiclass random forest classifier
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old was 1.5 and for patients admitted who died the 
AUC was 0.58 and the best threshold was 2.

 iv. Regarding MR-proADM, the AUC in non-admitted 
patients was 0.867 and the best threshold was 0.775, 
whereas for admitted patients with mortality the 
AUC was 0.798 and the best threshold was 0.855.

Discussion
Whilst previous studies have examined the utility of MR-
proADM in SARS-CoV-2 patients in determining clini-
cal outcomes these have been small in size, single centre, 
used different inclusion and exclusion criteria, are often 
disparate in the clinical outcomes measured and the 
multivariable regression models used are likely to over-
fit the predictor effects if standard maximum likelihood 
estimation (ie. unpenalised estimation) is used [12–14, 
16–19, 25, 26]. Several studies have also examined bio-
markers and clinical parameters in an attempt to develop 
algorithms for identifying patients at risk of Intensive 
Care Unit admission [27–30], however there is a lack of 
validated clinical scores, algorithms or biomarkers for 
helping to determine patients appropriate for outpatient 
management. In this multi-centre retrospective analysis, 
across 10 sites in Europe, MR-proADM measurement 

at presentation in combination with other biomark-
ers or clinical scoring systems could accurately deline-
ate between those in need of admission and those that 
weren’t as well as determining those at increased risk of 
all-cause 28-day mortality.

The proposed multiclass random forest classifier mod-
els have good statistical performance mainly to identify 
patients suitable for safe discharge. In fact, for patients 
that did not require admission the resultant random for-
est algorithm had a sensitivity of 89.6 ± 2.08%, a speci-
ficity of 84.44 ± 2.21% and AUC of 91.14 ± 0.35%, which 
improved when clinical scores such as SOFA score 
were added (sensitivity of 93.39 ± 1.53%, specificity of 
91.36 ± 1.45% and AUC of 95.9 ± 0.28%).

For patients at high risk of mortality the random forest 
model was less accurate but still maintains good perfor-
mance with a sensitivity of 76.02 ± 2.72%, a specificity of 
76.8 ± 3.12% and AUC of 81.11 ± 0.37% but in this case, 
when clinical scores were added it improved the sen-
sitivity but not the specificity and AUC (sensitivity of 
85.5 ± 2.86%, specificity of 70.45 ± 3.79% and AUC of 
79.37 ± 0.68%).

On the basis of the results from the conditional deci-
sion trees criteria allowing for safe admission avoid-
ance in SARS-CoV-2 patients can be devised, as shown 
in Fig.  7, where biomarker values are rounded for ease 

Fig. 5 Conditional decision tree developed to explain the predictive performance of the multiclass random forest classifier
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of clinical implementation. Admission may be avoided 
in patients aged ≤ 64, with an MR-proADM value 
of ≤ 1.00 nmol/L and a CRP of ≤ 20 mg/L or in patients 
with an MR-proADM ≤ 0.83  nmol/L and a SOFA 
score < 2. Figure 7, also provides criteria for patients with 
an increased mortality risk. In those aged ≤ 64 if their 
MR-proADM is > 1.00 nmol/L and CRP is > 30 mg/L they 
should be deemed high risk, as should those aged > 64 if 
their CRP is 44 mg/L and MR-proADM is > 0.50 nmol/L. 
Finally, patients with a SOFA score ≥ 2, with an LDH 
of > 720 U/L and an MR-proADM > 0.85 nmol/L are also 
at increased risk of mortality.

These threshold values observed in the surrogate con-
ditional decision trees and from the thresholds derived 
from the ROC analyses (0.775  nmol/L when incorpo-
rating SOFA and NEWS2 scores or 0.771  nmol/L when 
these were not taken in to consideration) for determin-
ing patients suitable for discharge from ED are broadly 

consistent with previous studies examining patients with 
bacterial infections. Albrich et  al. found that outcomes 
were substantially improved for patients with a MR-
proADM of ≤ 0.75  nmol/L and CURB-65 of 0–1 [31]. 
MR-proADM levels of < 0.80 nmol/L in patients present-
ing with urinary tract infections were shown to be effec-
tive at identifying patients who could be safely managed 
as outpatients.[32] A derived cut-off of < 0.87 in patients 
presenting to emergency departments could identify 
patients for outpatient management without an increase 
in 28 day mortality or readmission [7].

SARS-CoV-2 causes a viral sepsis[33–35] and as such 
the results presented here are concordant with the new 
definition of sepsis[36] that incorporates a SOFA score 
of ≥ 2; the optimal threshold SOFA score for delineating 
between non-admission and admission was 2, (see Figs. 5 
and 6A).

Fig. 6 A ROC curve for admission avoidance in the subgroup where clinical scores were additionally considered. B ROC curve for mortality in the 
subgroup where clinical scores were additionally considered
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The finding that MR-proADM has the greatest impor-
tance in the random forest model presented here could 
be explained, in part, by its kinetic profile, which is rap-
idly produced relative to CRP and PCT [37], consist-
ent with previous studies identifying MR-proADM as 
more accurate than CRP and PCT in identifying dis-
ease severity and treatment response [6]. As endothelial 
dysfunction secondary to infection progresses towards 
multiple organ dysfunction and subsequent failure [38], 
MR-proADM may provide a convenient measure for the 
early identification of potential disease progression [39]. 
This is particularly pertinent during SARS-CoV-2 infec-
tion due to the endotheliitis induced, resulting in compli-
cations such as thromboembolism, vascular disease and 
acute respiratory distress syndrome.

This is the largest study examining MR-proADM 
in SARS-CoV-2 patients and, as such, the interpreta-
tion of results here is not restricted by the same limita-
tions placed on studies prior to this, such as previous 
studies being at risk of over-fitting their models. How-
ever, there are several limitations, this model does not 
account for treatments validated in the management of 
COVID-19 such as immunomodulators or interleukin-6 

inhibitors, due to limitations in the methods of data col-
lection employed at some sites. It also remains to be 
seen whether the application of novel assays into clini-
cal diagnostic and management pathways will deliver the 
potential expected benefits since clinician confidence has 
to be developed over time. Before this novel assay can 
be implemented into routine clinical practice the evalu-
ation of associated health economic data would also be 
advisable.

Conclusion
This is the first large multicentre study examining the 
prognostic utility of MR-proADM in a population with 
viral infection, in this case SARS-CoV-2, in predicting 
need for admission from the Emergency Department 
and in predicting mortality. The measurement of a 
standardised set of biomarkers and clinical parameters, 
that includes MR-proADM, CRP, LDH upon presenta-
tion, in patients infected with SARS-CoV-2, could help 
identify those that are suitable for discharge from ED, 
when interpreted in the context with the cut-off values 
presented here. Conversely, these measurements may 

Fig. 7 Proposed workflows for managing COVID‑19 patients based on results of conditional decision trees. Values presented are rounded 
for ease of future clinical implementation. Workflows presented are for safe admission avoidance (actual values were: CRP ≤ 20.2 mg/L, 
MR‑proADM ≤ 1.02 nmol/L) and for identifying those at increased risk of mortality (actual values were: CRP > 29.26 mg/L, MR‑proADM > 1.02 nmol/L)
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also be used to identify patients with an increased mor-
tality risk. As such, the incorporation of MR-proADM 
into a management protocol may improve outcomes 
and patient care pathways.

Abbreviations
ADM: Adrenomedullin; AUC : Area under the curve; CRP: C‑Reactive Protein; 
EDTA: Ethylenediaminetetraacetic acid; ED: Emergency Department; LDH: 
Lactate Dehydrogenase; MR‑proADM: Mid‑Regional proAdrenomedullin; 
NEWS2: National early warning score 2; PCT: Procalcitonin; RT‑qPCR: Real‐time 
reverse‑transcription PCR; ROC: Receiver operating characteristic; SARS‑CoV‑2: 
Severe Acute Respiratory Syndrome Coronavirus‑2; SOFA: Sequential organ 
failure assessment; WCC : White blood cell count.

Acknowledgements
We would like to thank all staff (medical laboratory assistants, biomedical sci‑
entists, clinical scientists, physicians, health care assistants, nurses) in any way 
involved in the management and care of patients during this pandemic.
Particular thanks to:
Fabio Del Ben, Martina Comand, Agnese Zanus‑Fortes, Fabiana Dallai, Denise 
D’Elia, Eleonora Vania, Angela Acquasanta, Monica Gemignani, University of 
Udine, 33100 Udine, Italy
Matilde Mori, Faculty of Medicine, University of Southampton, UK; Gabrielle 
Vernet, Thomas Ledgerwood, Claire Thomas, and Veronica Garcia‑Arias, Bas‑
ingstoke and North Hampshire Hospital, Hampshire Hospitals NHS Foundation 
Trust, Basingstoke, UK; Michelle Young, Whittington Hospital, London, UK.
Davide Lombardo, Alice Giaccone, Eleonora Balzani and Giulio Mengozzi, Città 
della Salute e della Scienza Hospital, University of Turin, 10126 Torino, Italy; 
All the staff of the intensive care unit (AR1‑CAR) at Città della Salute e della 
Scienza Hospital, University of Turin, 10126 Torino, Italy
María Galindo Martínez, Critical Care Unit, Hospital Universitario Santa Lucía, 
Cartagena, Spain; Valerio Campos Rodríguez, Internal Medicine Department, 
Hospital Universitario Santa Lucía, Cartagena, Spain; María Salomé Ros Braque‑
hais, Pneumology Department, Hospital Universitario Santa Lucía, Cartagena, 
Spain; Verónica Ramos Arenas, Laboratory Medicine Department, Hospital 
Universitario Santa Lucía, Cartagena, Spain; Andrés Conesa Hernández, 
Emergency Department, Hospital Universitario Santa Lucía, Cartagena, Spain; 
Luciano Consuegra‑Sánchez, Cardiology Department, Hospital Universitario 
Santa Lucía, Cartagena, Spain.
María José Alcaraz García, Antonia Alcaraz, Carlos Báguena Perez‑Crespo and 
Cristina Tomás Jiménez, Infectious Disease Unit, Hospital Universitario Reina 
Sofía, Murcia, Spain; Natalia Sancho‑Rodríguez, Laboratory Medicine Depart‑
ment, Hospital Universitario Reina Sofía, Murcia, Spain; Pascual Piñera‑Salm‑
erón, Emergency Department, Hospital Universitario Reina Sofía, Murcia, Spain.
Cristina Jimenez Bolado, Hilda Fernández Ovalle, Eugenio Azpeleta, Emer‑
gency Department, Hospital Clínico Universitario, Valladolid, Spain; Leonor 
Nogales Martín, Intensive Care Department, Hospital Clínico Universitario, Val‑
ladolid, Spain; Wysalli Trapiello Fernández, Medicine Laboratory Department, 
Hospital Clínico Universitario de Valladolid.
Maria Stella Lia, Loreta D’Amico, Annarita Cococcia, Unit of Laboratory Medi‑
cine, Tor Vergata University Hospital, Rome, Italy; Sofia Gosti, Department of 
Systems Medicine, University of Rome Tor Vergata, Rome, Italy.

Author contributions
ES, NAM, CT & KS were involved in study design. All authors were involved in 
data collection. AR, FS, NAM were involved with data analysis. ES was involved 
with data curation. NAM & ES were involved with writing the original draft. 
CT & KS were involved with writing– review & editing. ES & NAM have directly 
accessed and verified the underlying data reported in the manuscript. All 
authors read and approved the final manuscript.

Funding
This research has been partially funded by Universidad Católica San Antonio 
de Murcia (UCAM) (reference: PMAFI‑COVID19/04) and Gerencia Regional de 
Salud de Castilla y León, Spain, under grant number GRS COVID 108/A/20.

Availability of data and materials
Data is available upon reasonable request to the corresponding authors.

Declarations

Ethics approval and consent to participate
Ethical approval was sought from the relevant boards or governance bodies of 
each participating hospital.

Consent for publication
Not applicable.

Competing interests
Thermofisher provided reagents for measurement of MR‑proADM free of 
charge to some sites involved. KS has received research grants from Pfizer and 
Thermofisher. CT has received funds for speaking at symposia organized on 
behalf of Novartis, Merck, Thermofisher, Angelini, Biomerieux, Basilea, Correvio, 
Zambon, Hikma and Astellas. LB has received founds for speaking at symposia 
organized with the non‑conditioning contribution of MSD, BD, Gilead, Ambu, 
Biotest, Medtronic and to take part to advisory boards organized by Ambu, 
Janssen, Gilead. FR has received funds for speaking at symposia organized 
on behalf of Thermofisher. GM has received funds for speaking at symposia 
organized on behalf of Thermofisher, Gilead, Pfizer, Ambu. The institution 
of PS has received research support from Thermofisher, bioMerieux, Nestle 
and Abbott.  However, these had no role in study conception or design, the 
collection, management, analysis, or interpretation of the data, in the prepara‑
tion, review, or approval of the manuscript, or in the decision to submit the 
manuscript for publication. There are no non‑financial interests. Other authors 
have no conflicts of interest.

Author details
1 Infectious Disease Unit, Azienda Sanitaria Universitaria Integrata di Udine 
(ASU FC), 33100 Udine, Italy. 2 Department of Microbiology, Basingstoke 
and North Hampshire Hospital, Hampshire Hospitals NHS Foundation Trust, 
Basingstoke, UK. 3 Institute of Clinical Pathology, Azienda Sanitaria Universitaria 
Integrata di Udine (ASU FC), 33100 Udine, Italy. 4 Fondazione Toscana “Gabriele 
Monasterio”, 56124 Pisa, Italy. 5 Clinical Biochemistry Laboratory, Città Della 
Salute e della Scienza Hospital, University of Turin, 10126 Turin, Italy. 6 Depart‑
ment of Experimental Medicine, University of Rome Tor Vergata, Rome, Italy. 
7 Unit of Laboratory Medicine, Tor Vergata University Hospital, Rome, Italy. 
8 Emergency Medicine, Azienda Ospedaliera Nazionale Santi Antonio e Biagio 
e Cesare Arrigo, Alessandria, Italy. 9 Critical Care Unit, Hospital Universitario 
Santa Lucía, Cartagena, Spain. 10 Emergency Department, Hospital Clínico 
San Carlos, Instituto de Investigación Sanitaria San Carlos, Madrid, Spain. 
11 Infectious Disease Unit, Hospital Universitario Reina Sofía, Murcia, Spain. 
12 Laboratory Medicine Department, Hospital Clínico Universitario, Valladolid, 
Spain. 13 Medical University Department of Internal Medicine, Cantonal Hos‑
pital Aarau, Aarau, Switzerland. 14 Department of Surgical Sciences, University 
of Turin, Turin, Italy. 15 Department of Anesthesia, Intensive Care and Emer‑
gency, ‘Città della Salute e della Scienza’ Hospital, Turin, Italy. 16 Clinical 
Pathology Laboratory, Azienda Ospedaliera Nazionale Santi Antonio e Biagio 
e Cesare Arrigo, Alessandria, Italy. 17 Pneumology Department, Hospital Uni‑
versitario Santa Lucía, Cartagena, Spain. 18 Laboratory Medicine Department, 
Hospital Universitario Reina Sofía, Murcia, Spain. 19 Primary Care Medina del 
Campo Urbano Area, Medina del Campo, Valladolid, Spain. 20 Institute of Labo‑
ratory Medicine, Cantonal Hospital Aarau, Aarau, Switzerland. 21 Emergency 
Service, University Hospital Gregorio Marañón and “Gregorio Marañón” Health 
Research Institute (IISGM), Madrid, Spain. 22 Department of Biochemistry, Bas‑
ingstoke and North Hampshire Hospital, Hampshire Hospitals NHS Foundation 
Trust, Basingstoke, UK. 23 Department of Systems Medicine, University of Rome 
Tor Vergata, Rome, Italy. 24 Emergency Department, Tor Vergata University 
Hospital, Rome, Italy. 25 Department of Anesthesia and Intensive Care Medi‑
cine, Azienda Sanitaria Universitaria Integrata di Udine (ASU FC), 33100 Udine, 
Italy. 26 Faculty of Medicine, University of Southampton, Southampton, UK. 
27 Laboratory Medicine Department, Hospital Universitario Santa Lucía, Carta‑
gena, Spain. 28 Instituto Murciano de Investigación Biosanitaria (IMIB), Murcia, 
Spain. 29 Department of Intensive Care, Hospital Universitario HM Sanchinarro, 
Madrid, Spain. 30 Medical Faculty, University of Basel, Basel, Switzerland. 
31 Department of Medicine (DAME), University of Udine, 33100 Udine, Italy. 
32 Department of Infection, Southampton General Hospital, University Hospital 
Southampton NHS Foundation Trust, Tremona Road, Southampton, UK. 



Page 12 of 12Sozio et al. Respiratory Research          (2022) 23:221 

Received: 22 December 2021   Accepted: 8 August 2022

References
 1. Wu Z, McGoogan JM. Characteristics of and important lessons from the 

coronavirus disease 2019 (COVID‑19) Outbreak in China: summary of a 
report of 72 314 cases from the Chinese Center for Disease Control and 
Prevention. JAMA. 2020;323(13):1239–42.

 2. Zhang JJY, Lee KS, Ang LW, Leo YS, Young BE. Risk factors for severe 
disease and efficacy of treatment in patients infected with covid‑19: a 
systematic review, meta‑analysis, and meta‑regression analysis. Clin Infect 
Dis. 2020;71(16):2199–206.

 3. Varga Z, Flammer AJ, Steiger P, et al. Endothelial cell infection and 
endotheliitis in COVID‑19. Lancet. 2020;395(10234):1417–8.

 4. Gille J, Ostermann H, Dragu A, Sablotzki A. MR‑proADM: a new bio‑
marker for early diagnosis of sepsis in burned patients. J Burn Care Res. 
2017;38(5):290–8.

 5. Elke G, Bloos F, Wilson DC, Meybohm P, Group SCCT. Identification of 
developing multiple organ failure in sepsis patients with low or moderate 
SOFA scores. Crit Care. 2018;22(1):147.

 6. Elke G, Bloos F, Wilson DC, et al. The use of mid‑regional proadrenomedul‑
lin to identify disease severity and treatment response to sepsis ‑ a 
secondary analysis of a large randomised controlled trial. Crit Care. 
2018;22(1):79.

 7. Saeed K, Wilson DC, Bloos F, et al. The early identification of disease 
progression in patients with suspected infection presenting to the 
emergency department: a multi‑centre derivation and validation study. 
Crit Care. 2019;23(1):40.

 8. Saeed K, Legramante JM, Angeletti S, et al. Mid‑regional pro‑adre‑
nomedullin as a supplementary tool to clinical parameters in cases of 
suspicion of infection in the emergency department. Expert Rev Mol 
Diagn. 2021;21(4):397–404.

 9. Gonzalez Del Castillo J, Wilson DC, Clemente‑Callejo C, et al. Biomarkers 
and clinical scores to identify patient populations at risk of delayed antibi‑
otic administration or intensive care admission. Crit Care. 2019;23(1):335.

 10. Gonzalez Del Castillo J, Clemente‑Callejo C, Llopis F, et al. Midregional 
proadrenomedullin safely reduces hospitalization in a low severity cohort 
with infections in the ED: a randomized controlled multi‑centre interven‑
tional pilot study. Eur J Intern Med. 2021;88:104–13.

 11. Wilson DC, Schefold JC, Baldirà J, Spinetti T, Saeed K, Elke G. Adre‑
nomedullin in COVID‑19 induced endotheliitis. Crit Care. 2020;24(1):411.

 12. Gregoriano C, Koch D, Kutz A, et al. The vasoactive peptide MR‑pro‑adre‑
nomedullin in COVID‑19 patients: an observational study. Clin Chem Lab 
Med. 2021;59(5):995–1004.

 13. Montrucchio G, Sales G, Rumbolo F, et al. Effectiveness of mid‑regional 
pro‑adrenomedullin (MR‑proADM) as prognostic marker in COVID‑19 
critically ill patients: An observational prospective study. PLoS ONE. 
2021;16(2): e0246771.

 14. Sozio E, Tascini C, Fabris M, et al. MR‑proADM as prognostic factor of 
outcome in COVID‑19 patients. Sci Rep. 2021;11(1):5121.

 15. Lippi G, Henry BM. Pooled analysis of mid‑regional pro‑adrenomedullin 
values in COVID‑19 patients with critical illness. Intern Emerg Med. 
2021;16(6):1723–5.

 16. García de Guadiana‑Romualdo L, Calvo Nieves MD, Rodríguez Mulero 
MD, et al. MR‑proADM as marker of endotheliitis predicts COVID‑19 sever‑
ity. Eur J Clin Invest. 2021;51(5):e13511.

 17. MooreN, Williams R, Mori M, et al. Mid‑Regional pro‑Adrenomedullin 
(MR‑proADM), C‑Reactive Protein (CRP) and other biomarkers in the early 
identification of disease progression in covid‑19 patients in the acute 
NHS Setting. 2021. https:// doi. org/ 10. 1101/ 2021. 04. 19. 21252 978v2

 18. García de Guadiana‑Romualdo L, Martínez Martínez M, Rodríguez Mulero 
MD, et al. Circulating MR‑proADM levels, as an indicator of endothelial 
dysfunction, for early risk stratification of mid‑term mortality in COVID‑19 
patients. Int J Infect Dis. 2021;111:211–8.

 19. Leonardis F, Minieri M, Lia MS, et al. Early predictive value of MR‑proADM 
in critically ill patients with covid‑19: an observational study in the emer‑
gency department. 2021. http:// www. annex publi shers. com/ artic les/ 
JEMC/ 4103‑ Early‑ Predi ctive‑ Value‑ of‑ MR‑ proADM. pdf. Accessed 10 Oct 
2021.

 20. Bossuyt PM, Reitsma JB, Bruns DE, et al. STARD 2015: an updated list of 
essential items for reporting diagnostic accuracy studies. Clin Chem. 
2015;61(12):1446–52.

 21. Kursa M, Rudnicki W. Feature selection with the boruta package. J Stat 
Softw. 2010;36:1–13.

 22. Breiman L. Random forests. Mach Learn. 2001;45(1):5–32.
 23. Hothorn T, Hornik K, Zeileis A. Unbiased recursive partitioning: a condi‑

tional inference framework. J Comput Graph Stat. 2006;15(3):651–74.
 24. R Core Team. R: A language and environment for statistical computing. 

Vienna: R Foundation for Statistical Computing.
 25. Vittinghoff E, McCulloch CE. Relaxing the rule of ten events per variable in 

logistic and Cox regression. Am J Epidemiol. 2007;165(6):710–8.
 26. Riley RD, Snell KI, Ensor J, et al. Minimum sample size for developing 

a multivariable prediction model: PART II—binary and time‑to‑event 
outcomes. Stat Med. 2019;38(7):1276–96.

 27. Wu G, Yang P, Xie Y, et al. Development of a clinical decision support 
system for severity risk prediction and triage of COVID‑19 patients at 
hospital admission: an international multicentre study. Eur Respir J. 2020. 
https:// doi. org/ 10. 1183/ 13993 003. 01104‑ 2020.

 28. Zhang K, Zhang X, Ding W, et al. The prognostic accuracy of national early 
warning score 2 on predicting clinical deterioration for patients with 
COVID‑19: a systematic review and meta‑analysis. Front Med (Lausanne). 
2021;8: 699880.

 29. Schöning V, Liakoni E, Baumgartner C, et al. Development and validation 
of a prognostic COVID‑19 severity assessment (COSA) score and machine 
learning models for patient triage at a tertiary hospital. J Transl Med. 
2021;19(1):56.

 30. Bradley P, Frost F, Tharmaratnam K, Wootton DG. Utility of established 
prognostic scores in COVID‑19 hospital admissions: multicentre prospec‑
tive evaluation of CURB‑65, NEWS2 and qSOFA. BMJ Open Respir Res. 
2020. https:// doi. org/ 10. 1136/ bmjre sp‑ 2020‑ 000729.

 31. Albrich WC, Dusemund F, Rüegger K, et al. Enhancement of CURB65 score 
with proadrenomedullin (CURB65‑A) for outcome prediction in lower 
respiratory tract infections: derivation of a clinical algorithm. BMC Infect 
Dis. 2011;11:112.

 32. Stalenhoef JE, van Nieuwkoop C, Wilson DC, et al. Biomarker guided 
triage can reduce hospitalization rate in community acquired febrile 
urinary tract infection. J Infect. 2018;77(1):18–24.

 33. Colantuoni A, Martini R, Caprari P, et al. COVID‑19 sepsis and microcircula‑
tion dysfunction. Front Physiol. 2020;11:747.

 34. Li H, Liu L, Zhang D, et al. SARS‑CoV‑2 and viral sepsis: observations and 
hypotheses. The Lancet. 2020;395(10235):1517–20.

 35. Liu D, Wang Q, Zhang H, et al. Viral sepsis is a complication in patients 
with Novel Corona Virus Disease (COVID‑19). Med Drug Discov. 2020;8: 
100057.

 36. Singer M, Deutschman CS, Seymour CW, et al. The third international 
consensus definitions for sepsis and septic shock (Sepsis‑3). JAMA. 
2016;315(8):801–10.

 37. de Kruif MD, Lemaire LC, Giebelen IA, et al. The influence of corticoster‑
oids on the release of novel biomarkers in human endotoxemia. Intensive 
Care Med. 2008;34(3):518–22.

 38. Ince C, Mayeux PR, Nguyen T, et al. The endothelium in sepsis. Shock. 
2016;45(3):259–70.

 39. Xie Z, Chen WS, Yin Y, et al. Adrenomedullin surges are linked to acute 
episodes of the systemic capillary leak syndrome (Clarkson disease). J 
Leukoc Biol. 2018;103(4):749–59.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub‑
lished maps and institutional affiliations.

https://doi.org/10.1101/2021.04.19.21252978v2
http://www.annexpublishers.com/articles/JEMC/4103-Early-Predictive-Value-of-MR-proADM.pdf
http://www.annexpublishers.com/articles/JEMC/4103-Early-Predictive-Value-of-MR-proADM.pdf
https://doi.org/10.1183/13993003.01104-2020
https://doi.org/10.1136/bmjresp-2020-000729

	Identification of COVID-19 patients at risk of hospital admission and mortality: a European multicentre retrospective analysis of mid-regional pro-adrenomedullin
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Introduction
	Methodology
	Study design and ethical approval
	Inclusion criteria
	Data collection
	Statistical analysis

	Results
	Discussion
	Conclusion
	Acknowledgements
	References


