
Citation: Moatar, A.I.; Chis, A.R.;

Nitusca, D.; Oancea, C.; Marian, C.;

Sirbu, I.-O. HB-EGF Plasmatic Level

Contributes to the Development of

Early Risk Prediction Nomogram for

Severe COVID-19 Cases. Biomedicines

2024, 12, 373. https://doi.org/

10.3390/biomedicines12020373

Academic Editors: Monika Zajkowska

and Monika Gudowska-Sawczuk

Received: 27 December 2023

Revised: 27 January 2024

Accepted: 2 February 2024

Published: 5 February 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

biomedicines

Article

HB-EGF Plasmatic Level Contributes to the Development of
Early Risk Prediction Nomogram for Severe COVID-19 Cases
Alexandra Ioana Moatar 1,2,3, Aimee Rodica Chis 2,3,*, Diana Nitusca 1,2,3 , Cristian Oancea 4 , Catalin Marian 2,3

and Ioan-Ovidiu Sirbu 2,3

1 Doctoral School, University of Medicine and Pharmacy “Victor Babes”, 300041 Timisoara, Romania;
moatar.alexandra@umft.ro (A.I.M.); nitusca.diana@umft.ro (D.N.)

2 Department of Biochemistry, University of Medicine and Pharmacy “Victor Babes”,
300041 Timisoara, Romania; ovidiu.sirbu@umft.ro (I.-O.S.)

3 Center for Complex Network Science, University of Medicine and Pharmacy “Victor Babes”,
300041 Timisoara, Romania

4 Department of Pneumology, University of Medicine and Pharmacy “Victor Babes”,
300041 Timisoara, Romania

* Correspondence: chis.aimee@umft.ro

Abstract: (1) Background: Heparin-Binding Epidermal Growth Factor-like Growth Factor (HB-EGF)
is involved in wound healing, cardiac hypertrophy, and heart development processes. Recently,
circulant HB-EGF was reported upregulated in severely hospitalized COVID-19 patients. However,
the clinical correlations of HB-EGF plasma levels with COVID-19 patients’ characteristics have not
been defined yet. In this study, we assessed the plasma HB-EGF correlations with the clinical and
paraclinical patients’ data, evaluated its predictive clinical value, and built a risk prediction model
for severe COVID-19 cases based on the resulting significant prognostic markers. (2) Methods: Our
retrospective study enrolled 75 COVID-19 patients and 17 control cases from May 2020 to September
2020. We quantified plasma HB-EGF levels using the sandwich ELISA technique. Correlations
between HB-EGF plasma levels with clinical and paraclinical patients’ data were calculated using two-
tailed Spearman and Point-Biserial tests. Significantly upregulated parameters for severe COVID-19
cases were identified and selected to build a multivariate logistic regression prediction model. The
clinical significance of the prediction model was assessed by risk prediction nomogram and decision
curve analyses. (3) Results: HB-EGF plasma levels were significantly higher in the severe COVID-19
subgroup compared to the controls (p = 0.004) and moderate cases (p = 0.037). In the severe COVID-19
group, HB-EGF correlated with age (p = 0.028), pulse (p = 0.016), dyspnea (p = 0.014) and prothrombin
time (PT) (p = 0.04). The multivariate risk prediction model built on seven identified risk parameters
(age p = 0.043, HB-EGF p = 0.0374, Fibrinogen p = 0.009, PT p = 0.008, Creatinine p = 0.026, D-Dimers
p = 0.024 and delta miR-195 p < 0.0001) identifies severe COVID-19 with AUC = 0.9556 (p < 0.0001).
The decision curve analysis revealed that the nomogram model is clinically relevant throughout a
wide threshold probability range. (4) Conclusions: Upregulated HB-EGF plasma levels might serve
as a prognostic factor for severe COVID-19 and help build a reliable risk prediction nomogram that
improves the identification of high-risk patients at an early stage of COVID-19.

Keywords: HB-EGF; prediction marker; COVID-19 severe; clinical correlations

1. Introduction

COVID-19 manifests through various clinical forms, ranging from paucisymptomatic
to severe respiratory distress syndrome [1]. This disease shows a high recovery rate, but
its long-term health effects develop frequently in survivors diagnosed with moderate
and severe forms of the disease [2]. Multiple risk factors such as age, sex, associated
comorbidities, and body weight were linked to the severity of the disease. However, little
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is known about the biological mechanisms involved in the aggravation of the disease and
its prognostic biomarkers.

Growth factors have been considered essential players in the pathogenesis of COVID-19 [3].
SARS-CoV-2 infection is associated with plasma release of cytokines and growth factors,
mediating coagulation dysfunctions and tissue injury that contribute to a severe disease out-
come [4]. Among these growth factors, Heparin-binding EGF-like growth factor (HB-EGF)
is expressed in many organs, playing an essential role in tissue regeneration and repair
throughout the body [5]. HB-EGF is synthesized as a type I membrane-anchored protein
(pro-HB-EGF), which, after extensive proteolytic processing by matrix metalloproteinases,
is converted to the soluble, mature form (sHB-EGF). The active protein binds to EGFR
(epidermal growth factor receptors) and modulates cellular processes such as cell adhe-
sion, motility, and angiogenesis [6]. HB-EGF is involved in a wide variety of pathological
processes, such as wound healing [7], cardiac hypertrophy [8], pulmonary fibrosis, onco-
genic transformation, and hypertension [9]. Infections with respiratory viruses contribute
to a wide range of lung diseases and complications ranging from asthma to pulmonary
fibrosis [10]. These mechanisms depend on epidermal growth factor receptor ligands such
as amphiregulin (AREG) and HB-EGF released from virus-infected epithelium cells and
inflammatory cells [11]. Consequently, it was suggested that respiratory viruses might
co-opt epidermal growth factor receptors and their activating ligands to promote such
pathogenetic mechanisms. On the other hand, in influenza viral infections, it was reported
that HB-EGF mediated the internalization of epidermal growth factor receptors, thus point-
ing to a novel anti-viral strategy [12]. In mice, the SARS-CoV virus triggers upregulation of
HB-EGF levels and is associated with lung damage [13]. In humans, SARS-CoV-2 infection
is associated with a significant increase in serum HB-EGF levels in patients with the severe
form of the disease [14]. However, it is unclear whether the HB-EGF upregulation in severe
COVID-19 is a molecular trigger or a simple bystander of the disease severity.

Here, we quantified the expression of early (first two days upon hospital admission)
plasma HB-EGF in COVID-19 patients, evaluated its correlations with known risk factors,
and developed a predictive model for disease severity.

2. Materials and Methods
2.1. Patients

Our retrospective study enrolled 75 COVID-19 patients (diagnosed based on a positive
quantitative real-time polymerase chain reaction (qRT-PCR) test for SARS-CoV-2 infection)
and 17 control cases without SARS-CoV-2 infection, admitted to the Clinical Hospital of
Infectious Diseases and Pneumophysiology (CHIDP), Timisoara, Romania, between May
2020 and September 2020. All cases were managed according to the clinical guidelines in
use at the time [15]. The inclusion criteria for the respondents in the COVID-19 group were
a laboratory-confirmed SARS-CoV-2 infection as determined by qRT-PCR, admission to
the hospital with suggestive symptoms of COVID-19 disease, and the willingness of the
subjects to provide written informed consent. The exclusion criteria for the respondents
were a negative qRT-PCR test for SARS-CoV-2 infection, refusal to participate in the current
study, and incomplete clinical and paraclinical data. Patients were assigned to the severe
COVID-19 group if they required oxygen supplementation with or without non-invasive
ventilation or mechanical ventilation and if they died. The moderate group included
all patients without the severe disease criteria. The current study was approved by the
Ethics Committee of Victor Babes University of Medicine and Pharmacy no. 34/28.07.2020,
Timisoara, Romania, and was carried out in accordance with the principles of the Decla-
ration of Helsinki. All patients were informed and provided written consent, recorded as
such in their medical records.

2.2. Plasma Collection

The blood samples were collected in EDTA (ethylenediaminotetraacetic acid)-coated
vacutainers within the first two days upon hospital admission, before the onset of COVID-19
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specific therapy (interferon-beta, Kaletra, Tocilizumab, Corticosteroids, Antibiotics). All
blood samples were processed (centrifugation at 1500× g for 10 min) within three hours
after collection, and plasma was stored and aliquoted at −80 ◦C until further use.

2.3. Clinical Data Collection

The present study expands on a previous work in our lab, which investigated plasma
hsa-miR-195 in COVID-19 patients [16]. The patients’ demographic, clinical, and par-
aclinical characteristics from the day of admission to the hospital were collected from
CHIDP electronic medical records. All data were stored anonymized in the Biochemistry
Department server (Supplementary File S1).

2.4. HB-EGF Quantification

Human HB-EGF was measured in 100µL plasma samples using the HB-EGF Human
ELISA kit (INVITROGEN, catalog number EHHBEGF, 96 tests, Waltham, MA, USA),
according to the manufacturer’s protocol. The optical densities were read in duplicate at
450 nm and recorded on a GloMax® Discover Microplate Reader device (Promega, Madison,
WI, USA). Standards were serially diluted between 16.38 pg/mL and 4000 pg/mL range
with Reagent Diluent and assayed in duplicate according to the manufacturer’s instructions.
The specificity of the ELISA kit was proved through the non-cross-reactivity with a wide
range of cytokines tested: human Angiogenin, BDNF, BLC, ENA-78, FGF-4, IL-1 alpha, IL-1
beta, IL-2, IL-3, IL-4, IL-5, IL6, IL-7, IL-8, IL-9, IL-11, IL-12 p70, IL-12 p40, IL-13, IL-15, I309,
IP-10, G-CSF, GM-CSF, IFN-gamma, Leptin (OB), MCP-1, MCP-2, MCP-3, MDC, MIP-1
alpha, MIP-1 beta, MIP-1 delta, PARC, PDGF, RANTES, SCF, TARC, TGF-beta, TIMP-1,
TIMP2, TNF-alpha, TNF-beta, TPO, VEGF. The sensitivity of detecting human HB-EGF was
estimated to be around 20 pg/mL. HB-EGF concentrations in the patient’s samples were
interpolated based on the standard curve constructed by plotting the mean absorbance
against the known concentrations of standards for each assay.

2.5. Statistics

The statistical analyses were conducted using GraphPad Prism version 9.5.0 software
for Windows (GraphPad Software, Inc., San Diego, CA, USA) and R4.3.1 software [17].
Shapiro–Wilk test was used to verify the data distribution normality. Descriptive statistics
(mean, standard deviations, median, interquartile range, and percentage) were calculated
for the patients’ demographic, clinical, and paraclinical characteristics. Inter-group clinical
data comparisons were performed using Fisher’s exact test for categorical variables and
the two-tailed Mann–Whitney U test for continuous ones. Plasma biomarkers differentially
expressed (p < 0.05) in severe COVID-19 were further considered as predictive candidates
for severity, and correlation analyses were conducted using the two-tailed Spearman test
for continuous variables and the Point-Biserial test for continuous versus binary variables.
All severe COVID-19 predictive candidates were subjected to multiple logistic regression
analyses leading to a prediction model for which the Receiver Operating Characteris-
tics (ROC) curve (using the Wilson/Brown method) and the Hosmer–Lemeshow test (to
find the goodness fit of the model) were calculated. To assess the accuracy and perfor-
mance of the predictive risk model, we calculated the Youden Index with the formula
Sensitivity + Specificity-1 and the optimal threshold on the ROC curve. The prediction risk
nomogram was designed according to the final logistic regression model. To evaluate the
nomogram’s predictive reliability, we calculated Harrell’s C-index and performed a calibra-
tion curve. The nomogram was internally validated by using the bootstrap method with
1000 resamples. Finally, a decision curve analysis was performed to assess the clinical net
benefit of the risk prediction nomogram. The risk prediction nomogram and the decision
curve analysis were designed using the “rms”, “tidyverse”, and “survival” R packages.
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3. Results
3.1. Patients’ Characteristics

The demographic, clinical, and paraclinical data of COVID-19 patients enrolled in this
study were summarized in Table 1. Compared to moderate cases, the severe COVID-19
patients were older (p = 0.0043) and showed more frequently associated pathologies like hy-
pertension (p = 0.046), cardiovascular (p = 0.005) and oncologic (p = 0.015) pathologies. The
molecular investigations revealed significantly upregulated levels of, fibrinogen (p = 0.009),
PT (p = 0.008), creatinine (p = 0.026), D-Dimers (p = 0.024) and HB-EGF (p = 0.037) for the
severe cases. As mentioned, these patients have been previously investigated for hsa-miR-
195 expression in plasma and the delta miR-195 (microRNA-195 normalized to cel-miR-39)
was significantly increased (p < 0.0001).

Table 1. Demographics and baseline characteristics of the patients diagnosed with SARS-CoV-2 infection.

COVID-19
Total

(n = 75)

COVID-19
Moderate

(n = 50)

COVID-19
Severe
(n = 25)

p-Value
Moderate vs.

Severe

Age (Median, IQR) 60
(48.5–71)

53
(46.5–64)

71
(56–76) 0.0043 a

Gender
(Males/Females) 1.14 1.0 1.5 0.4681 b

Hospitalization days
(Median, IQR)

11
(8.5–15)

11
(8.25–14.75)

10
(9–15) 0.9978 a

Associated pathologies n (%)

Hypertension 36
(48.65)

20
(40.00)

16
(66.67) 0.0466 b

Obesity 10
(13.51)

8
(16.33)

2
(8.00) 0.4788 b

Diabetes 13
(17.11)

10
(19.61)

3
(12.00) 0.5265 b

Cardiovascular
pathology

30
(40.54)

14
(28.57)

16
(64.00) 0.0055 b

Oncologic pathology 8
(10.81)

2
(4.08)

6
(24.00) 0.0155 b

Chronic renal failure 6
(8.22)

2
(4.44)

4
(14.29) 0.1951 b

Paraclinical Characteristics (Median, IQR)

Leukocytes (×103/µL)
6.23

(4.72–8.59)
6.04

(4.81–8.54)
6.96

(4.28–8.6) 0.8780 a

Neutrophils (×103/µL)
4.78

(2.65–7.05)
4.82

(2.66–6.44)
4.11

(2.76–7.45) 0.7400 a

Lymphocytes
(×103/µL)

1.11
(0.69–1.57)

1.16
(0.84–1.53)

0.79
(0.52–1.69) 0.4356 a

Platelets (×103/µL)
230

(185.5–294)
226

(182.2–291.5)
235

(204–303) 0.6531 a

Total Bilirubin (mg/dL) 0.42
(0.34–0.55)

0.44
(0.35–0.72)

0.42
(0.31–0.47) 0.2911 a

Ferritin (µg/L) 527.4
(213.6–1210.5)

503
(161.1–1066.1)

581.5
(290.7–1473.2) 0.1805 a

CRP (mg/L) 31.78
(6.37–75.88)

25.33
(5.07–72.27)

55.85
(15.42–109.06) 0.0827 a

Fibrinogen (g/L) 5.16
(3.59–5.89)

4.71
(3.39–5.73)

5.47
(5.16–6.54) 0.0094 a

PT (s) 11.6
(10.92–11.97)

11.4
(10.8–11.8)

11.8
(11.3–12.3) 0.0088 a
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Table 1. Cont.

COVID-19
Total

(n = 75)

COVID-19
Moderate

(n = 50)

COVID-19
Severe
(n = 25)

p-Value
Moderate vs.

Severe

Creatinine (mg/dL) 0.79
(0.64–0.92)

0.75
(0.63–0.91)

0.85
(0.79–1.03) 0.0269 a

LDH (U/L) 249
(197–324.5)

249
(195.5–329.7)

246
(201–321) 0.9133 a

D-Dimers (µg/mL) 0.45
(0.38–0.71)

0.45
(0.37–0.57)

0.50
(0.39–1.03) 0.0242 a

Delta miR-195
(FC vs. control)

6.39
(5.34–7.69)

5.65
(4.95–6.47)

8.36
(7.73–9.24) <0.0001 a

HB-EGF (pg/mL) 358.3
(129.3–958.5)

185.6
(94.2–741.5)

483.5
(212.4–1220.5) 0.0371 a

Therapy n (%)

O2 supplementation 23
(30.67)

0
(0.00)

23
(92.00) <0.0001 b

Mechanical ventilation 10
(13.33)

0
(0.00)

10
(40.00) <0.0001 b

IQR: Interquartile range; M: Median; a Mann–U Whitney test; b Fisher’s exact test, FC (fold change expression).

Clinically, severe COVID-19 patients resulted to be more often dyspneic (p = 0.0006),
complain of anosmia (p = 0.0251), and thoracic pain (p = 0.0005) (Table 2). As expected,
severe COVID-19 patients showed more frequent thoracic CT scan anomalies like large
glass opacities (p = 0.0422), large consolidate opacities (p = 0.0079), and diffuse infiltrate
(p = 0.0141) (Table 2).

Table 2. Symptomatology of COVID-19 patients stratified by severity.

Variables n, (%)
COVID-19

Total
(n= 73)

COVID-19
Moderate

(n = 45)

COVID-19
Severe
(n = 28)

p-Value b

Chills 47, (66.67) 30, (60.00) 17, (68.00) 0.6150
Running nose 11, (17.33) 7, (14.00) 6, (24.00) 0.3377

Sore throat 46, (61.33) 30, (60.00) 16, (64.00) 0.8051
Cough 42, (56.00) 28, (56.00) 14, (56.00) >0.9999

Expectoration 20, (26.67) 12, (24.00) 8, (32.00) 0.5805
Dyspnea 49, (65.34) 26, (52.00) 23, (92.00) 0.0006

Thoracic pain 11, (14.67) 2, (4.00) 9, (36.00) 0.0005
Headache 30, (40.00) 22, (44.00) 8, (32.00) 0.4537
Myalgia 51, (68.00) 34, (68.00) 17, (68.00) >0.9999
Vomiting 7, (9.33) 3, (6.00) 4, (16.00) 0.2127
Diarrhea 7, (9.33) 3, (6.00) 4, (16.00) 0.2127

Abdominal Pain 21, (28.00) 10, (20.00) 11, (44.00) 0.0542
Anosmia 9, (12.00) 9, (18.00) 0, (0.00) 0.025

Loss of taste 20, (26.66) 16, (32.00) 4, (16.00) 0.1734
Asthenia 36, (55.38) 26, (65.00) 10, (40.00) 0.0725 b

Small patchy opacities 31, (41.33) 22, (44.00) 9, (36.00) 0.6210 b

Large glass opacity 18, (23.00) 8, (16.00) 10, (40.00) 0.0422
Large consolidate opacity 16, (21.33) 6, (12.00) 10, (40.00) 0.0079

Diffuse infiltrate 6, (8.00) 1, (2.00) 5, (20.00) 0.0141
b Fisher’s exact test.

3.2. HB-EGF Quantification Results

Overall, HB-EGF levels in plasma were significantly higher in COVID-19 total patients
and COVID-19 severe group compared to the control group (p = 0.0306 and p = 0.0049,
respectively) (Figure 1). COVID-19 severe plasma HB-EGF levels were significantly higher
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(p = 0.0371) compared to moderate cases. However, there was no significant difference
between the moderate COVID-19 cases and the controls.
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Figure 1. Scatter dot plot with median (IQR) representation of HB-EGF plasma (pg/mL) concentra-
tions in the four cohorts (Controls, COVID-19-all, COVID-19-moderate, and COVID-19-severe). Stars
represent the level of significance between the groups: * < 0.05, ** < 0.01; ns—not significant.

3.3. HB-EGF Correlations

The results of the Spearman correlation analysis for severe COVID-19 patients were
plotted as a heatmap in Figure 2. HB-EGF plasma levels positively correlated with pulse
(p = 0.016, r = 0.542) and negatively correlated with age (p = 0.028, r = −0.44) and PT
(p = 0.041, r = −0.410). Point-Biserial test of dichotomous variables showed that HB-EGF
negatively correlates with dyspnea (p = 0.014, r = −0.481) and sore throat (p = 0.0276,
r = −0.480). In moderate COVID-19 and all COVID-19 cohorts, HB-EGF did not signifi-
cantly correlated with any of these parameters. The entire correlation analysis is presented
in Supplementary File S2.



Biomedicines 2024, 12, 373 7 of 14
Biomedicines 2024, 12, x FOR PEER REVIEW  7  of  14 
 

 

Figure 2. Spearman correlation matrix of HB-EGF plasma levels with the paraclinical parameters of 

COVID-19  severe  cases. The  colors  represent  the  strength of  correlation, dark blue  signifying  a 

strong positive correlation, while dark red a strong negative correlation. 

3.4. Selection of the Risk Prediction Biomarkers 

We  used  univariate  descriptive  analysis  to  select  (p  <  0.05)  the  potential  risk 

biomarkers  suitable  for  inclusion  in  the multivariate  logistic model  for  prediction  of 

COVID-19  severity. HB-EGF  (p  =  0.0371),  delta miR-195  (p  <  0.0001),  PT  (p  =  0.0088), 

fibrinogen (p = 0.0094), D-Dimers (p = 0.0242), creatinine (p = 0.0269) were all significantly 

increased in the COVID-19 severe group. Since the risk of COVID-19 severity increases 

due to the isolated effect of increasing age by year [18], we also included age (p = 0.0043) 

in our risk prediction model. 

3.5. COVID‐19 Severity Prediction Risk Model, Nomogram Validation, and Decision   

Curve Analysis 

The  prediction  model  was  developed  through  multivariate  logistic  regression 

analysis; the results were summarized in Table 3. In the prediction model, delta miR-195 

(p  =  0.0005)  and  HB-EGF  (p  =  0.0374)  remained  the  only  significant  independent 

parameters.  The Hosmer–Lemeshow  goodness-of-fit  test  has  a  high  p-value  (0.9697), 

indicating a very good  logistic regression model fit. As shown  in Figure 3, the receiver 

operating  characteristic  (ROC)  curve  of  the model  had  an  excellent  area under  curve 

(AUC) of 0.9556, with p-value less than 0.0001, a negative predictive power of 89.47%, and 

a positive predictive power of 91.30%. The calculated Youden Index for the ROC curve 

was 0.787 (at a sensitivity of 0.810 and a specificity of 0.977). 
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3.4. Selection of the Risk Prediction Biomarkers

We used univariate descriptive analysis to select (p < 0.05) the potential risk biomarkers
suitable for inclusion in the multivariate logistic model for prediction of COVID-19 severity.
HB-EGF (p = 0.0371), delta miR-195 (p < 0.0001), PT (p = 0.0088), fibrinogen (p = 0.0094), D-
Dimers (p = 0.0242), creatinine (p = 0.0269) were all significantly increased in the COVID-19
severe group. Since the risk of COVID-19 severity increases due to the isolated effect of
increasing age by year [18], we also included age (p = 0.0043) in our risk prediction model.

3.5. COVID-19 Severity Prediction Risk Model, Nomogram Validation, and Decision
Curve Analysis

The prediction model was developed through multivariate logistic regression analysis;
the results were summarized in Table 3. In the prediction model, delta miR-195 (p = 0.0005)
and HB-EGF (p = 0.0374) remained the only significant independent parameters. The
Hosmer–Lemeshow goodness-of-fit test has a high p-value (0.9697), indicating a very good
logistic regression model fit. As shown in Figure 3, the receiver operating characteristic
(ROC) curve of the model had an excellent area under curve (AUC) of 0.9556, with p-value
less than 0.0001, a negative predictive power of 89.47%, and a positive predictive power of
91.30%. The calculated Youden Index for the ROC curve was 0.787 (at a sensitivity of 0.810
and a specificity of 0.977).
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Table 3. The multivariable binary logistic regression model for predicting COVID-19 severity.

Predictors OR OR 95% CI |Z| Coefficient p-Value

Delta miR-195 0.2164 0.07160–0.4352 3.482 0.0005
HB-EGF (pg/mL) 0.9994 0.9988–0.9999 2.082 0.0374

Age 1.032 0.9501–1.132 0.7311 0.4647
Fibrinogen (g/L) 0.5327 0.2151–1.082 1.593 0.1112

Prothrombin time PT (s) 0.3587 0.05469–1.242 1.313 0.1891
Creatinine (mg/dL) 0.4658 0.07241–5.133 0.8257 0.4090
D-Dimers (µg/mL) 0.7810 0.2619–1.084 0.7790 0.4360

Area Under Curve 0.9556 NPP (%) 89.47
95% CI 0.9063–1.000 PPP (%) 91.30
p-value <0.0001 Tjur’s R squared 0.6756

Hosmer–Lemeshow test statistic = 2.318 0.9697
OR—odds ratio, OR 95% CI—odds ratio’s 95% Confidence interval, |Z|—ratio of the estimated coefficient to its
standard error, NPP—Negative Predictive Power, PPP—Positive Predictive Power.

Biomedicines 2024, 12, x FOR PEER REVIEW  8  of  14 
 

Table 3. The multivariable binary logistic regression model for predicting COVID-19 severity. 

Predictors  OR  OR 95%CI    |Z| Coefficient  p-Value 

Delta miR-195  0.2164  0.07160–0.4352  3.482  0.0005 

HB-EGF(pg/mL)  0.9994  0.9988–0.9999  2.082  0.0374 

Age  1.032  0.9501–1.132  0.7311  0.4647 

Fibrinogen(g/L)  0.5327  0.2151–1.082  1.593  0.1112 

Prothrombin time PT(s)  0.3587  0.05469–1.242  1.313  0.1891 

Creatinine(mg/dL)  0.4658  0.07241–5.133  0.8257  0.4090 

D-Dimers(µg/mL)  0.7810  0.2619–1.084  0.7790  0.4360 

Area Under Curve  0.9556  NPP (%)  89.47 

95%CI  0.9063–1.000  PPP (%)  91.30 

p-value  <0.0001  Tjur’s R squared  0.6756 

Hosmer–Lemeshow test  statistic = 2.318  0.9697 

OR—odds ratio, OR 95% CI—odds ratio’s 95% Confidence interval, |Z|—ratio of the estimated co-

efficient to its standard error, NPP—Negative Predictive Power, PPP—Positive Predictive Power. 

 

Figure 3. The receiver operating characteristic (ROC) curve (black line) of the risk prediction model 

plotted with the optimal threshold of 0.540 (representing the value closest to the upper left corner 

of the ROC curve–grey line) and calculated Youden Index of 0.787 (describing the longest dash ver-

tical line between the ROC curve and the diagonal line). Both indexes are characterized by the max-

imum values of sensitivity 0.810 and specificity 0.977. 

Based on the abovementioned variables of the prediction model, we constructed a 

nomogram for assessing the clinical outcome of the disease (Figure 4), in which each pa-

rameter was assigned a point according  to each patient’s molecular signature, and  the 

total points corresponded to the patient severity probability. Age resulted in having the 

most significant regression coefficient, and its range corresponded vertically to the point 

range 0–100 of the point scale. The proposed nomogram presented a Harell’s C-index of 

0.8137 with a 95% CI of 0.7211 to 0.9063, indicating the model had a good predictive abil-

ity. 

Figure 3. The receiver operating characteristic (ROC) curve (black line) of the risk prediction model
plotted with the optimal threshold of 0.540 (representing the value closest to the upper left corner of
the ROC curve–grey line) and calculated Youden Index of 0.787 (describing the longest dash vertical
line between the ROC curve and the diagonal line). Both indexes are characterized by the maximum
values of sensitivity 0.810 and specificity 0.977.

Based on the abovementioned variables of the prediction model, we constructed a
nomogram for assessing the clinical outcome of the disease (Figure 4), in which each
parameter was assigned a point according to each patient’s molecular signature, and the
total points corresponded to the patient severity probability. Age resulted in having the
most significant regression coefficient, and its range corresponded vertically to the point
range 0–100 of the point scale. The proposed nomogram presented a Harell’s C-index of
0.8137 with a 95% CI of 0.7211 to 0.9063, indicating the model had a good predictive ability.

With a mean squared error of 0.0032 and a mean absolute error of 0.049, the calibration
plot revealed that the predictions of COVID-19 severity were in good agreement with the
observed predictions of this disease severity (Figure 5).
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Figure 4. Predictive risk nomogram derived from the final multivariable prognostic model suitable
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Figure 5. The calibration plot for the prediction risk nomogram. The 45-degree dotted line represents
the ideal prediction, the small, dotted line represents the nomogram we constructed, and the dark
solid line is the bias-corrected fitted line of the nomogram using the bootstrap internal validation
method. The closer the dark solid line is to the ideal line, the better the calibration of the nomogram.

We performed a decision curve analysis to determine whether the benefits of a clinical
decision based on the risk prediction model outweigh the disadvantages. The clinical
utility of the prediction model is represented by the net benefit illustrated in the graph
through the blue line. In our risk prediction model, the net clinical benefit resulted in values
over 0.05 and the highest AUC across a wide range of threshold probabilities, from 0.01%
to approximately 100%. Therefore, screening COVID-19 patients based on our proposed
prediction model would lead to a higher clinical net benefit than all-screening and non-
screening strategies. Using this prediction model to determine whether the patients are
at high risk of developing a severe form of COVID-19 disease would improve clinical
management and might prevent a severe outcome for these patients (Figure 6).
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Figure 6. Decision curve analysis of the predicted nomogram. The x-axis indicates the threshold
probability of the COVID-19 severe outcome, and the y-axis measures the net benefit. The red line
represents the assumption that all patients are predicted to have a severe outcome of the disease. The
green line represents the assumption that none of the patients were predicted to have a severe outcome.
The blue line indicates the net benefit of the risk prediction model at different threshold probabilities.

4. Discussion

Our data showed a significant early (first two days post-admission) upregulation
of plasma HB-EGF in severe COVID-19 patients, similar to serum data reported by de
Morais Batista et al. [14]. This suggests that the early physio-pathological mechanisms
underlying SARS-CoV-2 infection of human cells might determine HB-EGF upregulation
through mechanisms that remain to be determined. Of note, a transient increase in HB-
EGF was described in human primary lung microvascular endothelial cells on day 2
post-infection with SARS-CoV-2 [19]. HB-EGF binds to and activates epidermal growth
factor receptor (EGFR), a key regulator of lung fibrosis after SARS-CoV-2 infection [20].
Activation of EGFR triggers the EGFR-MAPK signaling axis through a mechanism that also
involves the ACE2 receptor [21]. Equally important, Raf/MAPK/Erk signaling pathway
was reported to be transiently activated in the very early phase of SARS-CoV-2 infection [22].
Activation of Raf/MAPK/Erk pathway through the EGF receptors is a common cellular
response mechanism to various stress stimuli, including viral infections [23,24]. It is worth
mentioning that in patients with idiopathic pulmonary fibrosis and mice with induced
pulmonary fibrosis, monocytes-derived alveolar macrophages and alveolar epithelial cells
are characterized by augmented HB-EGF expressions [25]. Specifically, in vitro results on
alveolar epithelial cells revealed that HB-EGF promotes pulmonary fibrosis by activating
the fibroblasts migration without altering the gene expression matrix of either the pro-
fibrotic genes or the anti-fibrotic genes [25].

Accumulating evidence identified the heart as a direct target of SARS-CoV-2 infec-
tion [26–28]. SARS-CoV-2 viral proteins have been identified in the cardiomyocytes of
COVID-19 without any clinical signs of cardiac involvement [29]. Moreover, upon infection
with the SARS-CoV-2 virus, human pluripotent cell-derived cardiomyocytes (hPSC-CMs)
showed significant transcriptome changes, with HB-EGF gene expression upregulation
when exposed to even middle (0.01) multiplicity of infection rate [30]. In injured cardiac
tissue, HB-EGF induced the accumulation of myofibroblasts and macrophages, promoting
cardiac hypertrophy [31]. HB-EGF promotes heart fibrosis, and the proliferation of fibrob-
lasts from cardiac tissue occurs via activation of the Akt/mTOR/p10s6k pathway [32]. In
turn, molecules such as mTOR (mammalian target of rapamycin) and protein kinase B
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(PKB, also known as Akt) were used by the SARS-CoV-2 virus for the synthesis of its own
viral particles in infected cells [33].

In severe COVID-19 patients, plasma HB-EGF levels correlated with the paraclinical
and clinical variables. HB-EGF levels positively correlated (r = 0.542, p = 0.016) with
increased pulse rate and negatively correlated with symptoms such as dyspnea (r = −0.481,
p = 0.014) and sore throat (r = −0.480, p = 0.0276) at COVID-19 severe patients. Interestingly,
upregulated HB-EGF levels negatively correlated with the age of patients (r = −0.44,
p = 0.028) and PT (r = −0.410, p = 0.041), both well-known severity predictors in COVID-19.
PT, also known as the time of prothrombin, is a coagulation marker that refers to the blood
clotting time [34]. Several reports highlighted the clinical relevance of PT in COVID-19
infection, along with other clotting-related parameters such as platelet count, D-Dimers, and
fibrinogen [35–38]. In glioblastoma, HB-EGF acts as a mediator of coagulation activation, a
process triggered by hypoxia exposure of these cells [39].

Finally, we built a risk prediction model for COVID-19 severity based on age and the
significantly elevated early biomarkers: delta miR-195, HB-EGF, fibrinogen, PT, creatinine,
and D-Dimers. This prognostic model had a very good prediction accuracy of the fitted
model with a p-value of 0.9697 in the Hosmer–Lemeshow test. To further assess the
clinical significance of the risk prediction model, we constructed a nomogram and a
decision curve. Our nomogram was internally validated through the bootstrap resampling
method, C-index calculations, and calibration plot. All these validation methods indicate a
good performance of the risk prediction nomogram, characterized by a C-index of 0.8137
(95% CI, 0.7211–0.9063) and an outstanding AUC of 0.9556 (95% CI, 0.9063–1.000). Since the
beginning of the pandemic, numerous prognostic nomograms generally based on clinical
characteristics, CT scans, and routine laboratory tests were built in an attempt to predict
COVID-19 severity, mortality, and survival [40–46]. Yao et al. developed a risk predictive
nomogram for COVID-19 severity based on routine laboratory parameters as CRP (C-
reactive protein), ESR (erythrocyte sedimentation rate), LDH (lactate dehydrogenase), age
and the Charlson comorbidity score [47]. The predictive nomogram was validated in three
cohorts. With AUC values in all three datasets below 0.9. Shi et al. (2023) constructed a
predictive nomogram for COVID-19 mortality on multiethnic patients by using routine
laboratory parameters and the Asian race criterion, which proved to be an independent
risk factor for the outcome [42]. The nomogram was externally validated, with AUC values
of 0.860 and 0.847 for the training and validation datasets, respectively. Chen et al. (2020)
used a nationwide cohort to build an overall survival prognostic model that included
age, comorbidities, dyspnea, and oxygen saturation, as well as the hematocrit, CRP, AST
(aspartate aminotransferase) and ferritin [48]. Their nomogram showed an increased
discriminatory power, with a C-index of 0.91 (95% CI, 0.85–0.97). Compared to these models,
our prognostic nomogram was based on early laboratory parameters and incorporated two
novel prognostic biomarkers: an angiogenetic growth factor, HB-EGF, and a representative
cardio-microRNA, hsa-miR-195, which was previously reported as a risk prognostic factor
for COVID-19 severity [16]. As shown in Figure 6, our decision curve had a wide threshold
probability and a clinical net benefit higher than the two extreme cases of all-screening and
no-screening strategies. Consequently, one can safely assume that the risk prediction model
we have proposed is of clinical utility.

Nevertheless, our study has several limitations. Firstly, this study was conducted
in a single hospital center, and our database did not include asymptomatic and mild
COVID-19 patients; thus, we may have missed important data regarding the role of HB-
EGF in this disease’s progression. Secondly, the number of patients included was limited
due to the reduced compliance of COVID-19 patients; therefore, our results await external
validation in larger cohorts. Thirdly, due to funding limitations, we could not perform an
external validation of our results. Finally, our database did not provide a follow-up of the
COVID-19 patients included in the study, and no inferences can be made regarding long
COVID-19 development.
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5. Conclusions

Altogether, our results defined previously ignored clinical correlations of HB-EGF
plasma levels with COVID-19 symptomatology and risk factors, which might contribute to
a better understanding of this disease’s clinical evolution. The risk prediction nomogram
based on early biomarkers and the decision curve showed a good performance and might
facilitate better-tailored patient management in clinical practice.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/biomedicines12020373/s1, File S1: Patients clinical data; File S2: Correla-
tion analyses.

Author Contributions: Conceptualization, I.-O.S. and C.M.; methodology, I.-O.S., C.M. and C.O.;
software, I.-O.S., D.N. and A.I.M.; validation, I.-O.S., A.R.C. and A.I.M.; formal analysis, I.-O.S. and
A.I.M.; investigation, A.I.M.; resources, D.N.; data curation, D.N. and C.O.; writing—original draft
preparation, A.I.M.; writing—review and editing, I.-O.S., A.R.C. and C.M.; visualization A.R.C. and
A.I.M.; supervision, I.-O.S., C.M. and C.O. All authors have read and agreed to the published version
of the manuscript.

Funding: This work was supported by the Romanian National Council for Higher Education Funding,
CNFIS (Grant No. CNFIS-FDI-2021-0484), and the Romanian Ministry of Education and Research,
UEFISCDI (Grant No. PN-III-P2-2.1-SOL-2020-0142).

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki and approved by the Ethics Committee of the University of Medicine and Pharmacy
“Victor Babes”, Timisoara, Romania (protocol number 34 from 28 July 2020).

Informed Consent Statement: Informed written consent was obtained from all subjects involved in
the study.

Data Availability Statement: Data available in the Supplementary Materials.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Martín-Sánchez, F.J.; Martínez-Sellés, M.; García, J.M.M.; Guillén, S.M.; Rodríguez-Artalejo, F.; Ruiz-Galiana, J.; Cantón, R.;

Ramos, P.D.L.; García-Botella, A.; García-Lledó, A.; et al. Insights for COVID-19 in 2023. Rev. Esp. Quimioter. 2023, 36, 114–124.
[CrossRef]

2. O’Mahoney, L.L.; Routen, A.; Gillies, C.; Ekezie, W.; Welford, A.; Zhang, A.; Karamchandani, U.; Simms-Williams, N.;
Cassambai, S.; Ardavani, A.; et al. The prevalence and long-term health effects of Long Covid among hospitalised and non-
hospitalised populations: A systematic review and meta-analysis. EClinicalMedicine 2022, 55, 101762. [CrossRef]

3. Perreau, M.; Suffiotti, M.; Marques-Vidal, P.; Wiedemann, A.; Levy, Y.; Laouénan, C.; Ghosn, J.; Fenwick, C.; Comte, D.;
Roger, T.; et al. The cytokines HGF and CXCL13 predict the severity and the mortality in COVID-19 patients. Nat. Commun. 2021,
12, 4888. [CrossRef]

4. Ahmad, F.; Kannan, M.; Ansari, A.W. Role of SARS-CoV-2 -induced cytokines and growth factors in coagulopathy and throm-
boembolism. Cytokine Growth Factor Rev. 2022, 63, 58–68. [CrossRef]

5. Dao, D.T.; Anez-Bustillos, L.; Adam, R.M.; Puder, M.; Bielenberg, D.R. Heparin-Binding Epidermal Growth Factor–Like Growth
Factor as a Critical Mediator of Tissue Repair and Regeneration. Am. J. Pathol. 2018, 188, 2446–2456. [CrossRef]

6. Higashiyama, S.; Lau, K.; Besner, G.; Abraham, J.; Klagsbrun, M. Structure of heparin-binding EGF-like growth factor. Multiple
forms, primary structure, and glycosylation of the mature protein. J. Biol. Chem. 1992, 267, 6205–6212. [CrossRef] [PubMed]

7. Marikovsky, M.; Breuing, K.; Liu, P.Y.; Eriksson, E.; Higashiyama, S.; Farber, P.; Abraham, J.; Klagsbrun, M. Appearance of
heparin-binding EGF-like growth factor in wound fluid as a response to injury. Proc. Natl. Acad. Sci. USA 1993, 90, 3889–3893.
[CrossRef] [PubMed]

8. Asakura, M.; Kitakaze, M.; Takashima, S.; Liao, Y.; Ishikura, F.; Yoshinaka, T.; Ohmoto, H.; Node, K.; Yoshino, K.; Ishiguro, H.; et al.
Cardiac hypertrophy is inhibited by antagonism of ADAM12 processing of HB-EGF: Metalloproteinase inhibitors as a new
therapy. Nat. Med. 2002, 8, 35–40. [CrossRef] [PubMed]

9. Taylor, S.; Markesbery, M.; Harding, P. Heparin-binding epidermal growth factor-like growth factor (HB-EGF) and proteolytic
processing by a disintegrin and metalloproteinases (ADAM): A regulator of several pathways. Semin. Cell Dev. Biol. 2014,
28, 22–30. [CrossRef] [PubMed]

10. Tan, K.S.; Lim, R.L.; Liu, J.; Ong, H.H.; Tan, V.J.; Lim, H.F.; Chung, K.F.; Adcock, I.M.; Chow, V.T.; Wang, D.Y. Respiratory Viral
Infections in Exacerbation of Chronic Airway Inflammatory Diseases: Novel Mechanisms and Insights From the Upper Airway
Epithelium. Front. Cell Dev. Biol. 2020, 8, 99. [CrossRef] [PubMed]

https://www.mdpi.com/article/10.3390/biomedicines12020373/s1
https://www.mdpi.com/article/10.3390/biomedicines12020373/s1
https://doi.org/10.37201/req/122.2022
https://doi.org/10.1016/j.eclinm.2022.101762
https://doi.org/10.1038/s41467-021-25191-5
https://doi.org/10.1016/j.cytogfr.2021.10.007
https://doi.org/10.1016/j.ajpath.2018.07.016
https://doi.org/10.1016/S0021-9258(18)42682-8
https://www.ncbi.nlm.nih.gov/pubmed/1556128
https://doi.org/10.1073/pnas.90.9.3889
https://www.ncbi.nlm.nih.gov/pubmed/8483908
https://doi.org/10.1038/nm0102-35
https://www.ncbi.nlm.nih.gov/pubmed/11786904
https://doi.org/10.1016/j.semcdb.2014.03.004
https://www.ncbi.nlm.nih.gov/pubmed/24680771
https://doi.org/10.3389/fcell.2020.00099
https://www.ncbi.nlm.nih.gov/pubmed/32161756


Biomedicines 2024, 12, 373 13 of 14

11. Carlin, C.R. Role of EGF Receptor Regulatory Networks in the Host Response to Viral Infections. Front. Cell. Infect. Microbiol.
2022, 11, 820355. [CrossRef] [PubMed]

12. Lai, K.M.; Goh, B.H.; Lee, W.L. Attenuating influenza a virus infection by heparin binding EGF-like growth factor. Growth Factors
2020, 38, 167–176. [CrossRef] [PubMed]

13. Venkataraman, T.; Coleman, C.M.; Frieman, M.B. Overactive Epidermal Growth Factor Receptor Signaling Leads to Increased
Fibrosis after Severe Acute Respiratory Syndrome Coronavirus Infection. J. Virol. 2017, 91, e00182-17. [CrossRef]

14. Batista, F.d.M.; Puga, M.A.M.; da Silva, P.V.; Oliveira, R.; dos Santos, P.C.P.; da Silva, B.O.; Tatara, M.B.; Tsuha, D.H.;
Pires, M.A.d.S.; Gonçalves, C.C.M.; et al. Serum biomarkers associated with SARS-CoV-2 severity. Sci. Rep. 2022, 12, 15999.
[CrossRef]

15. Feng, Y.; Ling, Y.; Bai, T.; Xie, Y.; Huang, J.; Li, J.; Xiong, W.; Yang, D.; Chen, R.; Lu, F.; et al. COVID-19 with Different Severities: A
Multicenter Study of Clinical Features. Am. J. Respir. Crit. Care Med. 2020, 201, 1380–1388. [CrossRef]

16. Moatar, A.I.; Chis, A.R.; Romanescu, M.; Ciordas, P.-D.; Nitusca, D.; Marian, C.; Oancea, C.; Sirbu, I.-O. Plasma miR-195-5p
predicts the severity of Covid-19 in hospitalized patients. Sci. Rep. 2023, 13, 13806. [CrossRef]

17. R Core Team. R: A Language and Environment for Statistical Computing; R Foundation for Statistical Computing: Vienna, Austria,
2023. Available online: https://www.R-project.org/ (accessed on 16 June 2023).

18. Starke, K.R.; Reissig, D.; Petereit-Haack, G.; Schmauder, S.; Nienhaus, A.; Seidler, A. The isolated effect of age on the risk of
COVID-19 severe outcomes: A systematic review with meta-analysis. BMJ Glob. Health 2021, 6, e006434. [CrossRef] [PubMed]

19. Caccuri, F.; Bugatti, A.; Zani, A.; De Palma, A.; Di Silvestre, D.; Manocha, E.; Filippini, F.; Messali, S.; Chiodelli, P.; Campisi, G.;
et al. SARS-CoV-2 Infection Remodels the Phenotype and Promotes Angiogenesis of Primary Human Lung Endothelial Cells.
Microorganisms 2021, 9, 1438. [CrossRef]

20. Vagapova, E.R.; Lebedev, T.D.; Prassolov, V.S. Viral fibrotic scoring and drug screen based on MAPK activity uncovers EGFR as a
key regulator of COVID-19 fibrosis. Sci. Rep. 2021, 11, 17658. [CrossRef]

21. Engler, M.; Albers, D.; Von Maltitz, P.; Groß, R.; Münch, J.; Cirstea, I.C. ACE2-EGFR-MAPK signaling contributes to SARS-CoV-2
infection. Life Sci. Alliance 2023, 6, e202201880. [CrossRef]

22. Schreiber, A.; Viemann, D.; Schöning, J.; Schloer, S.; Zambrano, A.M.; Brunotte, L.; Faist, A.; Schöfbänker, M.; Hrincius, E.;
Hoffmann, H.; et al. The MEK1/2-inhibitor ATR-002 efficiently blocks SARS-CoV-2 propagation and alleviates pro-inflammatory
cytokine/chemokine responses. Cell. Mol. Life Sci. 2022, 79, 65. [CrossRef]

23. Fang, L.; Li, G.; Liu, G.; Lee, S.W.; Aaronson, S.A. p53 induction of heparin-binding EGF-like growth factor counteracts p53
growth suppression through activation of MAPK and PI3K/Akt signaling cascades. EMBO J. 2001, 20, 1931–1939. [CrossRef]

24. McCubrey, J.A.; Steelman, L.S.; Chappell, W.H.; Abrams, S.L.; Wong, E.W.T.; Chang, F.; Lehmann, B.; Terrian, D.M.; Milella, M.;
Tafuri, A.; et al. Roles of the Raf/MEK/ERK pathway in cell growth, malignant transformation and drug resistance.
Biochim. Biophys. Acta Mol. Cell Res. 2007, 1773, 1263–1284. [CrossRef]

25. Hult, E.M.; Gurczynski, S.J.; O’dwyer, D.N.; Zemans, R.L.; Rasky, A.; Wang, Y.; Murray, S.; Crawford, H.C.; Moore, B.B. Myeloid-
and Epithelial-derived Heparin-Binding Epidermal Growth Factor-like Growth Factor Promotes Pulmonary Fibrosis. Am. J.
Respir. Cell Mol. Biol. 2022, 67, 641–653. [CrossRef]

26. Fox, S.E.; Li, G.; Akmatbekov, A.; Harbert, J.L.; Lameira, F.S.; Brown, J.Q.; Heide, R.S.V. Unexpected Features of Cardiac Pathology
in COVID-19 Infection. Circulation 2020, 142, 1123–1125. [CrossRef]

27. Guo, T.; Fan, Y.; Chen, M.; Wu, X.; Zhang, L.; He, T.; Wang, H.; Wan, J.; Wang, X.; Lu, Z. Cardiovascular implications of fatal
outcomes of patients with coronavirus disease 2019 (COVID-19). JAMA Cardiol. 2020, 5, 811–818. [CrossRef] [PubMed]

28. Iwanski, J.; Kazmouz, S.G.; Li, S.; Stansfield, B.; Salem, T.T.; Perez-Miller, S.; Kazui, T.; Jena, L.; Uhrlaub, J.L.; Lick, S.; et al.
Antihypertensive drug treatment and susceptibility to SARS-CoV-2 infection in human PSC-derived cardiomyocytes and primary
endothelial cells. Stem Cell Rep. 2021, 16, 2459–2472. [CrossRef]

29. Bulfamante, G.P.; Perrucci, G.L.; Falleni, M.; Sommariva, E.; Tosi, D.; Martinelli, C.; Songia, P.; Poggio, P.; Carugo, S.; Pompilio, G.
Evidence of SARS-CoV-2 transcriptional activity in cardiomyocytes of COVID-19 patients without clinical signs of cardiac
involvement. Biomedicines 2020, 8, 626. [CrossRef]

30. Perez-Bermejo, J.A.; Kang, S.; Rockwood, S.J.; Simoneau, C.R.; Joy, D.A.; Silva, A.C.; Ramadoss, G.N.; Flanigan, W.R.; Fozouni, P.;
Li, H.; et al. SARS-CoV-2 infection of human iPSC–derived cardiac cells reflects cytopathic features in hearts of patients with
COVID-19. Sci. Transl. Med. 2021, 13, eabf7872. [CrossRef] [PubMed]

31. Ushikoshi, H.; Takahashi, T.; Chen, X.; Khai, N.C.; Esaki, M.; Goto, K.; Takemura, G.; Maruyama, R.; Minatoguchi, S.;
Fujiwara, T.; et al. Local overexpression of HB-EGF exacerbates remodeling following myocardial infarction by activating noncar-
diomyocytes. Lab. Investig. 2005, 85, 862–873. [CrossRef] [PubMed]

32. Lian, H.; Ma, Y.; Feng, J.; Dong, W.; Yang, Q.; Lu, D.; Zhang, L. Heparin-Binding EGF-Like Growth Factor Induces Heart
Interstitial Fibrosis via an Akt/mTor/p70s6k Pathway. PLoS ONE 2012, 7, e44946. [CrossRef]

33. Fattahi, S.; Khalifehzadeh-Esfahani, Z.; Mohammad-Rezaei, M.; Mafi, S.; Jafarinia, M. PI3K/Akt/mTOR pathway: A potential
target for anti-SARS-CoV-2 therapy. Immunol. Res. 2022, 70, 269–275. [CrossRef]

34. Saha, A.; Bajpai, A.; Krishna, V.; Bhattacharya, S. Evolving Paradigm of Prothrombin Time Diagnostics with Its Growing Clinical
Relevance towards Cardio-Compromised and COVID-19 Affected Population. Sensors 2021, 21, 2636. [CrossRef]

35. Levi, M.; Thachil, J.; Iba, T.; Levy, J.H. Coagulation abnormalities and thrombosis in patients with COVID-19. Lancet Haematol.
2020, 7, e438–e440. [CrossRef]

https://doi.org/10.3389/fcimb.2021.820355
https://www.ncbi.nlm.nih.gov/pubmed/35083168
https://doi.org/10.1080/08977194.2021.1895144
https://www.ncbi.nlm.nih.gov/pubmed/33719806
https://doi.org/10.1128/JVI.00182-17
https://doi.org/10.1038/s41598-022-20062-5
https://doi.org/10.1164/rccm.202002-0445OC
https://doi.org/10.1038/s41598-023-40754-w
https://www.R-project.org/
https://doi.org/10.1136/bmjgh-2021-006434
https://www.ncbi.nlm.nih.gov/pubmed/34916273
https://doi.org/10.3390/microorganisms9071438
https://doi.org/10.1038/s41598-021-97281-9
https://doi.org/10.26508/lsa.202201880
https://doi.org/10.1007/s00018-021-04085-1
https://doi.org/10.1093/emboj/20.8.1931
https://doi.org/10.1016/j.bbamcr.2006.10.001
https://doi.org/10.1165/rcmb.2022-0174OC
https://doi.org/10.1161/CIRCULATIONAHA.120.049465
https://doi.org/10.1001/jamacardio.2020.1017
https://www.ncbi.nlm.nih.gov/pubmed/32219356
https://doi.org/10.1016/j.stemcr.2021.08.018
https://doi.org/10.3390/biomedicines8120626
https://doi.org/10.1126/scitranslmed.abf7872
https://www.ncbi.nlm.nih.gov/pubmed/33723017
https://doi.org/10.1038/labinvest.3700282
https://www.ncbi.nlm.nih.gov/pubmed/15856048
https://doi.org/10.1371/journal.pone.0044946
https://doi.org/10.1007/s12026-022-09268-x
https://doi.org/10.3390/s21082636
https://doi.org/10.1016/S2352-3026(20)30145-9


Biomedicines 2024, 12, 373 14 of 14

36. Araya, S.; Mamo, M.A.; Tsegay, Y.G.; Atlaw, A.; Aytenew, A.; Hordofa, A.; Negeso, A.E.; Wordofa, M.; Niguse, T.; Cheru, M.; et al.
Blood coagulation parameter abnormalities in hospitalized patients with confirmed COVID-19 in Ethiopia. PLoS ONE 2021,
16, e0252939. [CrossRef] [PubMed]

37. Tekle, E.; Gelaw, Y.; Dagnew, M.; Gelaw, A.; Negash, M.; Kassa, E.; Bizuneh, S.; Wudineh, D.; Asrie, F. Risk stratification and
prognostic value of prothrombin time and activated partial thromboplastin time among COVID-19 patients. PLoS ONE 2022,
17, e0272216. [CrossRef] [PubMed]

38. Thachil, J.; Tang, N.; Gando, S.; Falanga, A.; Cattaneo, M.; Levi, M.; Clark, C.; Iba, T. ISTH interim guidance on recognition and
management of coagulopathy in COVID-19. J. Thromb. Haemost. 2020, 18, 1023–1026. [CrossRef] [PubMed]

39. Svensson, K.J.; Kucharzewska, P.; Christianson, H.C.; Sköld, S.; Löfstedt, T.; Johansson, M.C.; Mörgelin, M.; Bengzon, J.; Ruf, W.;
Belting, M. Hypoxia triggers a proangiogenic pathway involving cancer cell microvesicles and PAR-2–mediated heparin-binding
EGF signaling in endothelial cells. Proc. Natl. Acad. Sci. USA 2011, 108, 13147–13152. [CrossRef]

40. Zhang, H.; Zhong, F.; Wang, B.; Liao, M. A nomogram predicting the severity of COVID-19 based on initial clinical and radiologic
characteristics. Futur. Virol. 2022, 17, 221–229. [CrossRef]

41. Tang, W.; Yao, R.; Zheng, F.; Huang, Y.; Zhou, G.; Chen, R.; Li, N. Nomogram prediction of severe risk in patients with COVID-19
pneumonia. Epidemiol. Infect. 2021, 149, e251. [CrossRef]

42. Shi, Y.; Zheng, Z.; Wang, P.; Wu, Y.; Liu, Y.; Liu, J. Development and validation of a predicted nomogram for mortality of
COVID-19: A multicenter retrospective cohort study of 4711 cases in multiethnic. Front. Med. 2023, 10, 1136129. [CrossRef]
[PubMed]

43. Xu, J.; Zhang, W.; Cai, Y.; Lin, J.; Yan, C.; Bai, M.; Cao, Y.; Ke, S.; Liu, Y. Nomogram-based prediction model for survival of
COVID-19 patients: A clinical study. Heliyon 2023, 9, e20137. [CrossRef] [PubMed]

44. Yu, Y.; Wang, X.; Li, M.; Gu, L.; Xie, Z.; Gu, W.; Xu, F.; Bao, Y.; Liu, R.; Hu, S.; et al. Nomogram to identify severe coronavirus
disease 2019 (COVID-19) based on initial clinical and CT characteristics: A multi-center study. BMC Med. Imaging 2020, 20, 111.
[CrossRef] [PubMed]

45. Li, X.-L.; Wu, C.; Xie, J.-G.; Zhang, B.; Kui, X.; Jia, D.; Liang, C.-N.; Zhou, Q.; Zhang, Q.; Gao, Y.; et al. Development and
validation of a nomogram for predicting the disease progression of nonsevere coronavirus disease 2019. J. Transl. Intern. Med.
2021, 9, 131–142. [CrossRef]

46. Tang, F.; Zhang, X.; Zhang, B.; Zhu, B.; Wang, J. A nomogram prediction of outcome in patients with COVID-19 based on
individual characteristics incorporating immune response-related indicators. J. Med. Virol. 2022, 94, 131–140. [CrossRef]

47. Yao, Z.; Zheng, X.; Zheng, Z.; Wu, K.; Zheng, J. Construction and validation of a machine learning-based nomogram: A tool to
predict the risk of getting severe coronavirus disease 2019 (COVID-19). Immun. Inflamm. Dis. 2021, 9, 595–607. [CrossRef]

48. Chen, R.; Liang, W.; Jiang, M.; Guan, W.; Zhan, C.; Wang, T.; Tang, C.; Sang, L.; Liu, J.; Ni, Z.; et al. Risk factors of fatal outcome in
hospitalized subjects with coronavirus disease 2019 from a nationwide analysis in China. Chest 2020, 158, 97–105. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1371/journal.pone.0252939
https://www.ncbi.nlm.nih.gov/pubmed/34153056
https://doi.org/10.1371/journal.pone.0272216
https://www.ncbi.nlm.nih.gov/pubmed/35951632
https://doi.org/10.1111/jth.14810
https://www.ncbi.nlm.nih.gov/pubmed/32338827
https://doi.org/10.1073/pnas.1104261108
https://doi.org/10.2217/fvl-2020-0193
https://doi.org/10.1017/S0950268821002545
https://doi.org/10.3389/fmed.2023.1136129
https://www.ncbi.nlm.nih.gov/pubmed/37724179
https://doi.org/10.1016/j.heliyon.2023.e20137
https://www.ncbi.nlm.nih.gov/pubmed/37809383
https://doi.org/10.1186/s12880-020-00513-z
https://www.ncbi.nlm.nih.gov/pubmed/33008329
https://doi.org/10.2478/jtim-2021-0030
https://doi.org/10.1002/jmv.27275
https://doi.org/10.1002/iid3.421
https://doi.org/10.1016/j.chest.2020.04.010

	Introduction 
	Materials and Methods 
	Patients 
	Plasma Collection 
	Clinical Data Collection 
	HB-EGF Quantification 
	Statistics 

	Results 
	Patients’ Characteristics 
	HB-EGF Quantification Results 
	HB-EGF Correlations 
	Selection of the Risk Prediction Biomarkers 
	COVID-19 Severity Prediction Risk Model, Nomogram Validation, and Decision Curve Analysis 

	Discussion 
	Conclusions 
	References

