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Abstract

Background: Most outcome-predictive models for COVID-19 patients use hospital admission data, offering a
spontaneous mortality risk estimation. We aimed to elaborate on a tool that could be applied repeatedly, thus being more
suitable for these patients’ rapidly changing clinical course.

Methods: In this prospective study, we evaluated 560 samples derived from 156 patients hospitalized for COVID-19 in
a single center. Age >61 years, male sex, comorbidities >2, need for intensive care unit admission, lactate dehydrogenase
(LDH) >408 U/L, Neutrophil/Lymphocyte Ratio (NLR) >17, C-reactive protein (CRP) >10 mg/dl, and D-dimers
>3,200 ng/ml were incorporated in an eight-scale score (MaD-CLINYC) after optimal scaling, ridge regression, and
bootstrapping, which was documented to correlate with outcome independently of one or more samples analyzed, day
from admission at sampling, and need for delivery. Validation process was performed over 574 samples derived from
three centers.

Results: The developing and the validation cohort Area under Curve (AUC) was 0.90 (95 % Confidence Interval: 0.82-
0.98) and 0.91 (0.88-0.94), respectively (p =0.822). A MaD-CLINYC score >4 had 75 % sensitivity and 81 % specificity
to predict fatal outcome.

Conclusions: MaD-CLINYC score is a powerful, feasible, easy-to-use, dynamic tool to assess the risk of the outcome,
thus assisting clinicians in close monitoring and timely decisions in COVID-19 hospitalized patients. HIPPOKRATIA
2021, 25 (3):119-125.
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Introduction

Since December 2019, more than 265 million
individuals have been infected worldwide by the severe
acute respiratory syndrome coronavirus 2 (SARS-
CoV-2) causing COVID-19. Consequently, mild to
moderate symptoms from the upper respiratory tract
usually emerged; however, a small percentage of patients
developed acute respiratory distress syndrome (ARDS)
that may lead to the need for mechanical ventilation or
death'.

Various factors have been demonstrated to affect
the survival of COVID-19 patients. Patients that have a
medical record of hypertension, diabetes, cardiovascular
disease, chronic obstructive pulmonary disease (COPD),
cerebrovascular disease, chronic renal failure, and
obesity have a higher probability of a fatal outcome
than comorbidity-free ones**. Moreover, the male
gender and increased age contributed to unfavorable
outcome®®. Several biomarkers, including elevated C-
reaction protein (CRP), lactate dehydrogenase (LDH),

D-dimers, and Neutrophil/Lymphocyte Ratio (NLR), are
used as severity markers or outcome prognosticators in
COVID-19 disease™°.

Numerous predictive models for COVID outcomes
have been reported to offer an estimation of risk based
on admission values. The 4C score incorporates age,
sex, comorbidities, peripheral oxygen saturation,
respiratory rate, Glasgow Coma Scale, blood urea
nitrogen, and CRP on admission in a 21-point score to
assess COVID-19 mortality'!. Moreover, the CALL score
encompasses age, comorbidities, lymphocyte count, and
LDH in a 13-point score to approach the risk for disease
progression'?. Additionally, CURB-65, a prognostic tool
for the assessment of the severity of community-acquired
pneumonia (CAP), comprising five variables (new onset
confusion, increased urea, low blood pressure, increased
respiratory rate, and age >65 years), had also been
validated for COVID-19 disease'*!“.

Even more recent prognostic tools such as the
COVID-GRAM score, the COVID-19 severity score,
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the Mortality Risk Prediction Model for COVID-19
(MRPMC), the model developed by Yadaw et al, the
COVID-19 score, and the COVID-19 risk index (CRI)
still focus on admission clinical and laboratory data'>%,
In one of the most exhaustive studies that had evaluated
35 parameters as potential outcome predictors at the time
of admission, male sex, increased age, clevated white
blood cell count, low platelet count, anemia, obesity,
diabetes, malignancy, dementia, rhinorrhea, dyspnea, and
unconsciousness were demonstrated to be independent
risk factors for non-surviving?'. A systematic living
review attempts to evaluate the numerous predictive
models for covid-19 qualitatively?.

Recently, a 10-point score implicating the Activins/
Follistatin axis, called the FACT-CLINYCoD score, was
reported to predict in-hospital mortality in COVID-19
patients in a very efficient manner [Area Under Curve
(AUC): 0.95; 95 % Confidence Interval (CI): 0.92-0.98],
while being independent of disease day. This tool was
demonstrated to be valid for as frequent re-evaluation
as the clinician could ask for, reflecting the dynamically
changing pathophysiology of the disease. However, its
use is limited by the fact that activins and follistatin are
not routinely measured in most healthcare facilities®.

The study hypothesis was that a risk score of prognostic
value regarding the outcome of hospitalized COVID-19
patients should reflect both the baseline risk, mainly attributed
to non-modifiable factors as sex, age, and comorbidities, and
the current risk described by markers of hyperinflammation
and immunothrombosis, such as D-dimers, CRP, LDH,
and NLR. Furthermore, a surrogate marker of respiratory
failure, recognized as a crucial independent risk factor of
the outcome, had to be additionally considered; in keeping
with the FACT-CLINYCoD score, the need for mechanical
ventilation was preferred to the P/F ratio (PaO, divided by
FiO,) as such.

In the present study, inspired by the dynamic nature
of the FACT-CLINYCoD score, we have focused on
establishing and evaluating a more straightforward
prognostic tool for the outcome of COVID-19 patients
using an initial and a validation cohort.

Material and Methods

The present study is a non-interventional, both
retrospective and prospective, cohort one. A single
outcome (final outcome recorded as survival or death)
has been introduced. All consecutive COVID-19 patients
who were hospitalized between December 2020 and May
2021 in Xanthi General Hospital, Greece, and received
standard-of-care treatment entered the study. Inclusion
criteria were: 1) age >18 years, ii) positive SARS-CoV-2
testing in either nasopharyngeal swab or bronchoalveolar
lavage [using either reverse transcription-polymerase
chain reaction (RT-PCR) or rapid antigen detection
plus the presence of bilateral infiltrates in chest X-
ray), iii) symptomatic COVID-19 disease requesting
hospitalization, and iv) known final outcome (either
survival or death). Exclusion criteria were: i) duration of

symptoms attributable to COVID-19 for over 14 days,
and ii) medical record of illicit drug abuse, psychiatric
illness, and mental retardation.

All samples derived from enrolled patients, either
single at admission or multiple as requested during their
hospitalization period, were analyzed for NLR, CRP, LDH,
and D-dimers. For every sample, gender, age, number
of comorbidities, intensive care unit (ICU) admission,
day from admission, necessity for delivery, and outcome
were additionally collected. Diabetes mellitus, arterial
hypertension, obesity, dyslipidemia, cardiovascular
disease (including coronary artery, heart failure, and atrial
fibrillation), asthma, COPD, renal failure, autoimmunity,
immunosuppression, and cancer have been considered
comorbidities.

Data from samples derived from a recent publication
has been used as a validation cohort after permission®.
The study conformed to the TRIPOD statement®. All
patients’ data were handled as secured record numbers
during analysis to achieve anonymity and confidentiality.
The study protocol was submitted to the Local Scientific
Committee of the Xanthi General Hospital in December
2020 (Decision of approval No 102/17-05-2021).

Statistical analysis

Pearson’s chi-square or two-sample independent t-test
were used to compare discrete and continuous variables,
respectively, between survivors and non-survivors. In
case of deviation from normality as evaluated by the
Kolmogorov-Smirnov test, the non-parametric Mann-
Whitney U test was preferred instead of the t-test. Means
are accompanied by their +95 % standard deviations
(SD). The level of statistical significance was set to p
=0.05.

Eight parameters, namely sex, ICU admission,
LDH, CRP, NLR, D-dimers, age, and the number of
comorbidities, were considered predictors. The SPSS
CATREG procedure was used to transform all available
non-binary parameters (LDH, CRP, NLR, D-dimers,
age, and the number of comorbidities) to binary ones
selecting the best cutoff through nominal optimal
scaling/discretization to two groups after bootstrapping
application. For this purpose, ridge regression was
preferred, as it can both tolerate variance and handle
collinearity; to avoid overfitting, models including
parameters with tolerance <0.6 were rejected.

The best fit model was used to construct and evaluate
a scoring system. Each sample was matched to a score
that is the sum of one additive point for each parameter
documented to be independently correlated with the
unfavorable outcome as indicated after the discretization
process. Binary regression was used to assess the
correlation of final scores with the outcome. Probability
of death was computed as previously described®. A
Generalized linear model was used to detect potential
confounders, including sampling approach, day from
admission at sampling, and need for delivery, by assessing
their correlation with the score.
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The accuracy of the scoring system was assessed by
AUC, as defined by analysis of the Receiver Operating
Characteristics (ROC), along with Precision-Recall
Curves. The minimum sample size to ensure AUC >0.7
with a <0.05 and b <0.20, as well as the difference between
independent ROC curves, was performed using MedCalc
Statistical Software version 20.011 (MedCalc Software
Ltd, Ostend, Belgium; https://www.medcalc.org; 2021).

Multiple imputations were used for handling missing
data. Outcome, age, sex, comorbidities, and ICU
admission were used only for prediction, while NLR,
CRP, LDH, and d-dimers were used for prediction and
imputation. Imputed data tolerated missing values at an
overall maximum of 10 %.

Statistical analysis was performed using IBM SPSS
Statistics for Windows, Version 26.0 (IBM Corp.,
Armonk, NY, USA).

Results
Comparability between survivors and non-survivors

A number of 156 consecutive COVID-19 hospitalized
patients (118 survivors and 38 non-survivors) were
enrolled, and a total of 560 randomly acquired samples
(270 from survivors and 290 from non-survivors) were
analyzed. Samples from survivors and non-survivors
were found to differ regarding the hospitalization period

of the patient, sampling approach (single sample on the
first day of hospitalization or multiple samples during
hospitalization period), day from admission at sampling
(in case of multiple sampling), need for delivery, ICU
admission, sex, age, number of comorbidities, NLR,
CRP, LDH, and D-dimers (Table 1).

Establishment of MaD-CLINYC score

A predictive model was based on the eight parameters
that are considered to be potential predictors, namely ICU
admission, sex, age, number of comorbidities, NLR, CRP,
LDH, and D-dimers, and optimal cutoffs were proposed
by optimal scaling procedure. Based on this model, a
scoring system under the acronym MaD-CLINYC [(Ma)
le sex, (D)-dimers, (C)RP, (L)DH, (I)CU admission, (N)
LR, (Y)ears of age, (C)omorbidities] was proposed to
quantify outcome probability. In detail, an additive point
was given for male sex, D-dimers >3,200 ng/ml, CRP >10
mg/dl, LDH >408 U/L, ICU admission, NLR >17, age
>61 years, and comorbidities >2 (Table 2). Relevant ridge
regression paths are depicted in Figure 1. Assessment of
quantification of outcome predictability was performed
using binary regression (Table 3 and Table 4). Total
missing values were 7.8 %; this was attributed to protocol
violation in cases of emergency situations.

Table 1: Characteristics of samples derived from the total cohort (n =560) and comparison between survivors (n =270) and

non-survivors (n =290).

Cohort Survivors Non-survivors p-value (survivors Vs
Parameter

(n =560) (n =270) (n =290) non-survivors)
Hospitalization period
Median (£95 % SD) 12.8+73 10.1£7.8 154+5.9 <0.001
Sampling approach
Single 156 (27.9) 118 (43.7) 38 (13.1) <0.001
Repetitive 404 (72.1) 152 (56.3) 252 (86.9) )
Day from admission at sampling
Mean (£95 % SD) 74+53 5.7+4.5 8.8+5.6 <0.001
Delivery
Yes 63 (11.3) 47 (17.4) 16 (5.5) <0.001
No 497 (88.7) 223 (82.6) 274 (94.5) )
ICU
Yes 252 (45.0) 24 (8.9) 228 (78.6) <0.001
No 308 (55.0) 246 (91.1) 62 (21.4) )
Sex
Male 355 (63.4) 140 (51.9) 215 (74.1) <0.001
Female 185 (36.6) 130 (48.1) 75 (25.9) )
Age
Mean (£95 % SD) 67.3+11.3 64.8+11.3 69.7+10.9 <0.001
Number of comorbidities
Mean (+95 % SD) 24+0.8 2.3+0.7 2.6+0.9 0.015%
NLR
Mean (+95 % SD) 17.8+21.3 82+5.6 26.0 £25.9 <0.001
CRP (mg/dL)
Mean (+95 % SD) 102+114 49+5.1 153+133 <0.001
LDH (U/L)
Mean (+95 % SD) 409 + 357 312+131 493 +455 <0.001
D-dimers (ng/ml)
Mean (+95 % SD) 2890 + 5170 1990 + 3280 4060 + 6730 0.001

SD: standard deviation, n: number, T: Mann-Whitney U test.
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Table 2: Outcome predictive model, as derived using Optimal Scaling procedure along with ridge regression regularization,
leading to MaD-CLINYC score.

Cutofft Beta SE estimate: F P Tolerance

FACT-CLINYCoD

ICU admission - 0.451 0.011 1665.673 <101 0.634
Age (years) 61 0.200 0.009 545.357 <102 0.941
NLR 17 0.153 0.010 221.062 <101 0.802
CRP (mg/dl) 10 0.105 0.010 107.506 <101 0.799
LDH (U/L) 408 0.094 0.009 102.054 <102 0.809
Males - 0.092 0.009 97.168 <1072 0.897
Comorbidities (n) 2 0.068 0.009 52.816 <1012 0.891
D-dimers (ng/ml) 3200 0.042 0.010 18.258 1.3x10° 0.904

ICU: Intensive care Unit, NLR: Neutrophil/Lymphocyte ratio, LDH: lactate dehydrogenase, CRP: C-reactive protein, n: number, 1: After discretization, f: (1000
x bootstrapping).

Table 3: The MaD-CLINYC score: Binary regression for quantification of outcome probability based on the 8-parameter
predictive model derived from optimal scaling (pooled outcome derived from imputed data after five iterations).

B SE df p Exp(B) -95% CI +95% Cl1
MaD-CLINYC score
Points 1.410 0.140 1 3x10" 4.096 3.078 5.451
Constant -5.022 0.524 1 2x10"° 0.007

CI: confidence interval.

Table 4: The MaD-CLINYC scoring and predictability of outcome (pooled outcome derived from imputed data after five iterations).

Samples from survivors Samples from non-survivors Probability of death (%)t
MaD-CLINYC score
0 7 0 0.7
1 57 2 2.6
2 98 10 10.0
3 64 28 31.2
4 32 56 65.0
5 8 83 88.4
6 4 33 96.9
7 0 33 99.2
8 0 5 99.8

F: approximation as derived from probability equation based on corresponding binary regression model.

Table 5: The MaD-CLINYC score: ROC analysis and comparison between potential confounding factors based on original
data. A good model has an Overall Model Quality value >0.5.

Area Under the ROC o o Overall Model P between
curve (AUROC) -95% CI +95% CI Quality subgroups
Sampling approach
Single 0.858 0.686 1.000 0.69 0.643
Repetitive 0.905 0.810 0.999 0.81 )
Day from admission at
sampling
<7 0.889 0.778 1.000 0.78 0.783
>7 0.913 0.788 1.000 0.79 )
Delivery
No 0.902 0.805 0.999 0.81 0.980
Yes 0.905 0.712 1.000 0.71 )

ROC: Receiver Operating Characteristics, AUROC: Area under the ROC curve, CI: confidence interval.

Assessment of potential confounding effect check this hypothesis. No independent correlation of

The sampling approach, the day from admission at the above-mentioned covariates with the MaD-CLINYC
sampling, and the need for delivery were recognized as score was documented (p =0.643 for sampling approach,
potential confounding factors. A generalized linear model p =0.783 for day from admission at sampling, and p
incorporating these parameters as independent variables =0.980 for delivery) (Table 5).

along with MaD-CLINYC as dependent was used to
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Figure 1: Ridge regression paths for model leading to the
MaD-CLINYC score.

CRP: C-reactive protein, ICU: intensive care uni, LDH: lactate de-
hydrogenase, NLR: Neutrophil/Lymphocyte Ratio

Assessment of the MaD-CLINYC score predictability

The relevant MaD-CLINYC score ROC curve
presented AUC =0.897 (95 % CI: 0.818-0.976). A
MaD-CLINYC score >4 has 75 % sensitivity and 81 %
specificity to predict fatal outcome (Figure 2). As 182
samples (91 from survivors and 91 from non-survivors)
are needed as a minimum to discriminate an AUC of 0.7
from baseline (AUC =0.5) with 0.05 type I error and 0.20
type II error, the sum of 560 samples collected (270 from
survivors and 290 from non-survivors) is considered
adequate.

Validation of the MaD-CLINYC score

The MaD-CLINYC score was applied to a validation
cohort; for that purpose, data derived from 574
samples published elsewhere were used®. The relevant
AUC was found to be 0.907 (0.878-0.936); this result
was comparable (p =0.822) to that resulted from the
development cohort (Figure 3).

Discussion

An eight-point prediction model for mortality of
hospitalized COVID-19 patients is described in the
present study. The model was demonstrated to be
independent of the day elapsed from disease onset, the
severity of the disease, the number of samples collected
during hospitalization (single or multiple), and the timing
of each sampling, while it retained its validity even in
case of patients requesting delivery to another hospital.
Thus, it can be used repeatedly at any time to serve the
clinicians’ need for re-evaluation of the risk estimation of
outcomes in hospitalized COVID-19 patients. Moreover,
the model is feasible as it comprises easy-to-collect
parameters, including demographics (sex and age),
clinical characteristics (comorbidities and need for ICU
admission), and laboratory parameters that are available
in a secondary hospital setting (CRP, NLR, LDH, and D-
dimers). Lastly, its simplicity in computation (assessing
either 0 or 1 for each of the above-mentioned parameters
and summing up to a total score) renders it an easy
tool for emergency use by clinicians. The additional
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Figure 2: The MaD-CLINYC score: Receiver Operating
Characteristics (ROC) curve based on original (A) and
imputed (B, C, D, E, F) data as produced after five iterations.
The outcome, age, sex, comorbidities, and Intensive care
Unit (ICU) admission were used for prediction only, while
Neutrophil/Lymphocyte ratio (NLR), C-reactive protein
(CRP), lactate dehydrogenase (LDH), and D-dimers were
used for both prediction and imputation. Original data
yielded to Area under the curve (AUC) =0.897 (95 %
Confidence Interval: 0.818-0.976), while imputed data to
AUC 0.906-0.927. Score > 4 has 75% sensitivity and 81%
specificity to predict fatal outcomes.

ROC: Receiver Operating Characteristics.

prospective nature of the cohort under a predefined
protocol empowered the validity of the results.

The current score, under the name MaD-CLINYC,
was based on the conception of the FACT-CLINYCoD
score. However, the resulting MaD-CLINYC score
differed from the FACT-CLINYCoD score as the
A/F axis has been omitted, while the male sex was
demonstrated to be an additional predictor through the
evaluation of data from the developing cohort. The score
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Figure 3: Initial (blue line) and validation (red line) cohort on 575 samples (data derived from Synolaki et al after permission):
A) Receiver Operating Characteristics (ROC) curve and B) Precision-Recall curve; p =0.822 for the Area under the ROC curve

(AUROC).

ROC: Receiver Operating Characteristics.

incorporated the need for mechanical ventilation, which is
undeniably a crucial predictor of outcome. This dynamic
component reflects the altering clinical course attributed
to hyperinflammation and immunothrombosis (CRP, d-
dimers, LDH, and NLR), and a significantly sizeable
non-modifiable component, including sex, age, and
comorbidities, which is considered to reflect the baseline
risk. A very recent article evaluated scoring systems to
predict mortality in patients with COVID-19. The most
common parameter used in predictive models is age, after
which lymphocyte count, D-dimers, oxygen saturation,
CRP, platelet count, respiratory rate, LDH, and NLR. All
three predictive models with the higher AUROC included
D-dimers and lymphocyte count?; this is in keeping with
the MaD-CLINYC score, as NLR and lymphocyte count
are highly collinear in our analysis.

The majority of scores used for predicting outcomes
in hospitalized COVID-19 patients have been validated
for risk estimation at the time of hospital admission.
Hence, they are inadequate to follow the need for re-
estimation of risk and updated guidance due to the
rapidly changing clinical course of COVID-19 disease
throughout the hospitalization period'**. Until present,
the only prognostic tool developed to approach the
dynamic and rapidly changing clinical course of
COVID-19 was the FACT-CLINYCoD score, which
incorporated the Activins/Follistatin axis (A/F axis) as an
independent predictor of outcome in hospitalized patients
with COVID-19. The strength of this tool is that it can
be used not only as a guide at admission but repeatedly
and independently at any time during hospitalization®.
However, despite its pathophysiological value and
accuracy, the FACT-CLINYCoD score is impractical
since activin-A, activin-B, and follistatin cannot be
measured routinely.

Apart from the strengths of the MaD-CLINYC score,
there might be some limitations, too. One can debate that
the number of patients included in the developing cohort
is limited. However, the minimum of 182 samples (91
from survivors and 91 from non-survivors) needed for
both derivation and validation cohort is far outnumbered.

Another limitation is that the developing cohort
endorsed patients from a single center. Despite the fact
that the MaD-CLINYC score has been developed from
a single center cohort (Xanthi General Hospital), its
validation cohort, derived from three referral centers,
has produced strikingly matching results. However,
further external prospective validation would support the
findings of the study.

The MaD-CLINYC score lacks significant
clinical parameters used in other prognostic models
as temperature or SpO,/FiO, ratio™?. Despite that
this might not be a true limitation or disadvantage, the
necessity of close monitoring based on clinical evaluation
of the patient should not be disregarded or substituted by
stochastic approaches such as the MaD-CLINYC score
by clinicians. Furthermore, as the MaD-CLINYC score
incorporates CRP, its accuracy might be influenced by
proposed treatments that dramatically impact this marker,
such as the interleukin-6 inhibitor tocilizumab®” or the
interleukin-1 inhibitor anakinra?.

In conclusion, the MaD-CLINYC score is a powerful,
feasible, easy-to-use, dynamic tool that might serve as
a guide for clinicians to assist in close monitoring and
timely decisions in the rapidly changing clinical course
of COVID-19 hospitalized patients. Further prospective
studies are needed to consolidate these results.
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