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Abstract: Background/Objectives: Several studies investigated the risk factors for severe COVID-19-
related outcomes. Early identification and proper treatment of COVID-19 patients who may develop
severe pneumonia are crucial. The aim of this study was to detect the importance of the laboratory
parameters for risk prediction of severe pneumonia in COVID-19 patients. Methods: This retrospec-
tive cohort study included COVID-19 patients’ laboratory parameters at admission. Biochemical,
hematological, coagulation, and inflammatory parameters values were compared between the non-
severe and severe groups. Results: A total of 534 COVID-19 patients were screened, and 472 of
them were included in this study. The mean age of patients was 64 (±3.1) years; 242 (51.3%) were
men. A total of 204 (43.2%) patients were diagnosed as severe cases. The independent predictors
of severe illness were C-reactive peptide, Eosinophil, neutrophil–lymphocyte ratio, interleukin-6,
and lactate dehydrogenase. These parameters were named as CENIL scores from 0 to 5 points.
The findings of this study indicate that these biomarkers identified tend to increase progressively
with disease severity in severe COVID-19 patients. Additionally, the CENIL risk score identified a
specific cut-off value of 3, highlighting it as a critical threshold for identifying patients at high risk
of severe COVID-19 progression. Conclusions: In this study, we identified biomarkers—including
CRP, eosinophil count, NLR, IL-6, and LDH—named as CENIL risk score that can help predict the
likelihood of severe disease at diagnosis. Clinicians may be more vigilant regarding the development
of severe disease in patients with high CENIL risk scores, guided by clinical and radiological findings.

Keywords: COVID-19; disease severity; risk score; laboratory parameter

1. Introduction

The COVID-19 pandemic become a global threat to human health [1]. Despite the
most common symptoms being cough, fatigue, fever, and myalgia, the clinical spectrum of
COVID-19 is quite wide, from asymptomatic/mild infection to severe pneumonia and
death [2,3]. For the latter phase of the disease, COVID-19 patients can be presented
with hyperinflammatory syndrome or cytokine storm characterized by dysregulated and
systemic immune overactivation. These patients quickly progress into respiratory failure or
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multiple organ dysfunction syndrome. For this reason, early identification of these critical
patients is very important [4].

There are several studies investigating the risk factors for severe COVID-19-associated
outcomes [1]. Some of these studies on COVID-19 have created several types of prediction
models using laboratory parameters as the inputs [5–7]. The SARS-CoV-2 has been shown
in multiple tissues, including lung, endothelial, renal, and neuronal cells. The invasion
of different tissues and organs may help explain the mechanism that causes the systemic
effects of the virus. Therefore, laboratory biomarkers related to organ damage can be used
for the detection of patients at high risk for severe disease [8]. Several biomarker scores
are feasible in COVID-19. Some of these can predict disease prognosis and outcomes [9].
Higher levels of IL-6, ferritin, D-dimer, C-reactive peptide (CRP), and liver enzymes are
associated with critical illness [5,7,10,11]. Birlutiu et al. showed that various biomarkers,
notably CRP, LDH, D-dimers, and ferritin, show a progressive rise with increasing disease
severity and are notably elevated in those with poor outcomes. The differences observed
between severity levels and outcome groups are statistically significant, highlighting the
prognostic importance of these biomarkers in older adults [12]. In recent studies on
COVID-19, various biomarkers have been identified as predictors of unfavorable patient
outcomes, falling into several categories: hematological parameters, inflammatory markers,
lipid and glucose profiles, iron metabolism markers, coagulation markers, and indicators
of organ dysfunction. Each of these biomarkers highlights a specific aspect of COVID-19’s
impact on the body, offering valuable insights into the disease’s pathology. By analyzing
these laboratory parameters, clinicians can better tailor therapeutic strategies, aligning
treatment methods with the patient’s unique disease profile [13]. Salton et al. found that
high levels of cytokines between days 7 and 14 of hospitalization in COVID-19 patients
with acute respiratory distress syndrome (ARDS) who were on glucocorticoid treatment
and non-invasive ventilation (NIV) were linked to NIV failure and an increased need for
invasive mechanical ventilation (IMV). The IMV group showed higher inflammation levels
at intubation, which may indicate glucocorticoid resistance, so higher glucocorticoid doses
could serve as a better agent for inflammation control and outcome in these patients. The
cytokine patterns could be used as early prognostic markers to optimize the timing of IMV
initiation [14].

Early identification and proper treatment of COVID-19 patients who may develop
severe pneumonia is very crucial. In our study, characteristics of biochemical, hematological,
coagulation, and inflammatory parameters of COVID-19 patients were investigated, which
help to apply personalized management. The aim of this study is to develop a risk-
scoring system based on laboratory parameters predictive of disease severity to estimate
COVID-19 progression. This scoring system would integrate key biomarkers to offer a
reliable assessment tool for predicting clinical outcomes and guiding treatment decisions.

2. Materials and Methods

This retrospective cohort study included patients followed at the main pandemic
hospital in the capital city of Türkiye. A confirmed case is defined as a person with
reverse transcriptase polymerase chain reaction (RT-PCR) test confirmation of COVID-19
infection with the clinical signs and symptoms. All COVID-19 patients diagnosed between
15 September–15 December 2020 were screened. All patients met the following inclusion
criteria: 1. adult patients (≥18 years old), 2. routine laboratory testing (biochemical,
hematological, coagulation, and inflammatory parameters) at admission, 3. RT-PCR test
positive for SARS-CoV-2. Patients meeting the following criteria were excluded: (1) those
still hospitalized before 15 December 2020; (2) leaving follow-up; (3) missing baseline
laboratory data; (4) using corticosteroid due to primary diseases; (5) having splenectomy
operation/functional asplenia; (6) hematological malignancy; (7) pregnancy.

Clinical syndromes associated with COVID-19 were classified as mild illness, pneu-
monia, severe pneumonia, acute respiratory distress syndrome, and sepsis/septic shock
according to WHO case definitions [10]. Patients who had a fever or suspected respiratory



Diagnostics 2024, 14, 2557 3 of 11

infection, plus one of the following: respiratory rate over 30 breaths per minute, severe
respiratory distress, or partial oxygen saturation ≤ 93% on room air, were described as
having severe pneumonia. For comparisons, patients were categorized into two groups:
non-severe group (asymptomatic/mild illness/pneumonia) and severe group (severe pneu-
monia/ARDS). Various parameters of peripheral blood routines of COVID-19 patients
were recorded on the day of admission. Biochemical (glucose, creatinine, total protein,
albümin, creatinine phosphokinase (CPK), aspartate transaminase (AST), alanine transami-
nase (ALT), total bilirubin, lactate dehydrogenase (LDH), troponin-I), hematological (white
blood cell count, neutrophil count, lymphocyte count, eosinophil count, monocyte count,
platelet count, hemoglobin, neutrophil/lymphocyte ratio (NLR)), coagulation (active par-
tial thromboplastin time (aPTT), prothrombin time (PTT), INR, fibrinogen, D-dimer), and
inflammatory parameters (C-reactive peptide (CRP), procalcitonin, ferritin, interleukin-6
(IL-6) values were compared between non-severe and severe groups.

This study was approved by the Ethics Commission of Ankara City Hospital (No:
1/1559/2021). Informed consent for our retrospective observational study was obtained
from patients.

Statistical analysis was performed using SPSS software (Version 23, IBM SPSS., Ar-
monk, NY, USA). The variables were investigated using visual (histograms, probability
plots) and analytical methods (Kolmogorov–Smirnov/Shapiro–Wilk’s test) to determine
whether or not they are normally distributed. Descriptive analysis was presented using
means and standard deviations for normally distributed variables, median (min–max) for
non-normally distributed variables, and frequencies for ordinal variables. The significance
of the difference between the groups in terms of mean and median were investigated,
respectively, with Student’s t-test and Mann–Whitney test. The Fisher’s exact test or Chi-
square test, where appropriate, was used for comparing categorical variables in different
groups. The parameters affecting the group variables were evaluated with univariate
analysis, after which the parameters with p < 0.05 were included in the multivariate logistic
regression analysis. Independent risk factors were determined. The capacity of laboratory
parameters to predict severe disease in COVID-19 patients was analyzed using Receiver
Operating Characteristics (ROC) curve analysis. Cut-off values for discriminative labora-
tory parameters were calculated according to Youden index. When a significant cut-off
value was observed, the sensitivity, specificity, and positive and negative predictive values
were assessed. For the multivariate analysis, the possible factors identified with univariate
analyses were further entered into the logistic regression analysis to determine independent
predictors of severe disease. The odds ratio and confidence interval of the statistically
significant variables were presented. Severe disease risk score (CENIL) was constructed
based on these variables from the logistic model. The accuracy of the CENIL risk score was
assessed using the area under the receiver–operator characteristic curve (AUC). A p-value
of less than 0.05 was considered to show a statistically significant result.

3. Results

A total of 534 patients diagnosed with COVID-19 between 15 September and 15 De-
cember 2020 were identified. Finally, a total of 472 eligible patients were included in this
study. The mean age of patients in the cohort was 64 (±3.1) years; 242 patients (51.3%)
were men, 334 (70.7%) had at least one coexisting condition, including 235 (49.8%) with
hypertension, 165 (35%) with diabetes, and 100 (21.2%) with coronary artery disease as
the top the comorbidities (Table 1). Of these patients with COVID-19, 204 (43.2%) were
diagnosed as severe cases. The overall mortality was 5.5%.

A comparison of biochemical, hematological, coagulation, and inflammatory parame-
ters between non-severe and severe cases is presented in Table 2. LDH, leucocyte, NLR,
PTT, INR, fibrinogen, D-dimer, CRP, procalcitonin, and ferritin values were higher in the
severe disease group. Patients with severe disease have shown significantly lower counts
of lymphocytes and eosinophils.
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Table 1. Demographics and clinical characteristics of patients.

Characteristic Non-Severe Group
(n = 268)

Severe Group
(n = 204)

Total Patients
(n = 472) p-Value

Age mean (±SD) 62.57 ± 15.92 66.25 ± 14.08 64 ± 3.1 0.009
Male n (%) 123 (45.9) 119 (58.3) 242 (51.3) 0.007

Comorbidity n (%)
≥1 comorbidity 179 (66.8) 155 (76) 334 (70.7) 0.030
Hypertension 127 (47.4) 108 (52.9) 235 (49.8) 0.232

Diabetes mellitus 87 (32.5) 75 (36.8) 165 (35) 0.329
Coronary artery disease 49 (18.3) 51 (25) 100 (21.2) 0.077

COPD 24 (9) 41(20.1) 65 (13.8) 0.001
Hyperlipidemia 28 (10.4) 30 (14.7) 58 (12.3) 0.163

Chronic heart failure 15 (5.6) 16 (7.8) 31 (6.6) 0.329
Chronic kidney disease 18 (6.7) 12 (5.9) 30 (6.4) 0.713
Thyroid gland disease 14 (5.2) 12 (5.9) 26 (5.5) 0.756

Cerebrovascular disease 11 (4.1) 11 (5.4) 22 (4.7) 0.511

Abnormal Chest CT n (%)

Unilateral involvement 45 (16.8) 11 (5.4) 56 (11.9) <0.001
<0.001Bilateral involvement 178 (66.4) 191 (93.6) 369 (78.2)

Corticosteroid n (%) 59 (22) 179 (87.7) 472 (58.9) <0.001

Oxygen support n (%) 65 (24.2) 204 (100) 348 (73.7) <0.001

ICU admission n (%) 9 (3.4) 79 (38.7) 98 (20.8) <0.001

Length of hospital stay
median(min-max) 11 (1–46) 16 (2–57) 13 (1–57) <0.001

Mortality n (%) 0 (0) 26 (12.7) 26 (5.5) <0.001
COPD: chronic obstructive pulmonary disease; CT: computerized tomography; ICU: intensive care unit.

Table 2. Comparison of laboratory parameters between severe and non-severe COVID-19 patients.

Non-Severe Patient
(n = 268)

Severe Patient
(n = 204) Total Patient (n = 472) p-Value

Biochemical parameters median (min–max)

Glucose mg/dL 116 (66–421) 131 (63–441) 122 (63–441) 0.002
Creatinine mg/dL 0.84 (0.1–11) 0.93 (0.1–5) 0.9 (0.1–11) 0.015
Total protein g/L 63 (43–96) 61.5 (44–78) 63 (43–96) <0.001

Albumin g/L 40 (19–50) 37 (25–46) 39 (19–50) <0.001
CPK U/L 87.5 (11–6819) 127.5 (11–7600) 101.5 (11–7600) <0.001
AST U/L 32 (4–257) 43.5 (6–412) 37 (4–412) <0.001
ALT U/L 28 (3–285) 35 (7–383) 30 (3–383) <0.001

Total bilirubin mg/dL 0.5 (0.1–5) 0.5 (0.1–3) 0.5 (0.1–5) 0.258
LDH U/L 283 (25–900) 388 (55–1180) 333 (25–1180) <0.001

Troponin-I ng/L 5 (2–16,238) 10 (2–25,000) 7 (2–25,000) <0.001
Hematologic biomarkers median (min–max)

White blood cell × 109/L 6 (1.35–20) 7 (2–21.5) 6.5 (1.35–21.5) <0.001
Neutrophil count × 109/L 4.2 (0.46–15.9) 5.8 (1.1–19.3) 4.8 (0.46–19.3) <0.001

Lymphocyte count × 109/L 0.97 (0.18–5) 0.69 (0.01–4) 0.89 (0.01–5) <0.001
Eosinophil count × 109/L 0.02 (0–0.49) 0.01 (0–0.53) 0.02 (0–0.53) <0.001
Monocyte count × 109/L 0.33 (0.03–1.6) 0.32 (0.02–1.5) 0.33 (0.02–1.6) 0.181

Hemoglobin g/dL 13.1 (7.8–17.2) 13.2 (7.8–17.5) 13.2 (7.8–17.5) 0.587
Platelet count × 109/L 218 (77–589) 222 (29–720) 220 (29–720) 0.570

NLR 4.2 (0.7–36) 8.3 (1–84.3) 5.4 (0.7–84.3) <0.001
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Table 2. Cont.

Non-Severe Patient
(n = 268)

Severe Patient
(n = 204) Total Patient (n = 472) p-Value

Coagulation biomarkers median (min–max)
aPTT s. 23.8 (17.6–55.8) 24.4 (16.7–55.9) 24 (16.7–55.9) 0.110
PTT s. 12.1 (9.9–39.2) 12.6 (9.6–39.1) 12.4 (9.6–39.2) <0.001
INR 1.05 (0.3–3.5) 1.08 (0.8–3.5) 1.06 (0.3–3.5) <0.001

Fibrinogen g/L 4.5 (0.8–10.1) 5.2 (1.5–10.1) 4.8 (0.8–10.1) <0.001
D-dimer µg/ml 0.7 (0.1–35) 0.9 (0.2–35.2) 0.8 (0.1–35.2) 0.003

Inflammatory biomarkers median (min–max)
CRP mg/L 37.7 (1–369) 99 (3–286) 60 (1–369) <0.001

Procalcitonin µg/L 0.05 (0.01–11) 0.09 (0.02–9.7) 0.06 (0.01–11) <0.001
Ferritin µg/L 233 (20–3413) 430 (26–5000) 308.5 (20–5000) <0.001
IL-6 pg/mL 15.25 (1–350) 35.2 (2–2556) 19.9 (1–2556) <0.001

CPK: creatinine phosphokinase; AST: aspartate transaminase; ALT: alanine transaminase; LDH: lactate dehydro-
genase; NLR: neutrophil/lymphocyte ratio; aPTT: active partial thromboplastin time; PTT: prothrombin time;
CRP: C-reactive peptide; IL-6: Interleukin-6.

The inclusion of 27 variables in a multivariate logistic regression model resulted in
5 variables that were independently statistically significant predictors of severe illness,
included in the new severity prediction score. These variables were CRP (OR, 2.681; 95%
CI, 1.613–4.456; p < 0.001), eosinophil (OR, 1.959; 95% CI, 1.243–3.087; p = 0.004), NLR (OR,
2.785; 95% CI, 1.761–4.405; p < 0.001), IL-6 (OR, 2.008; 95% CI, 1.286–3.134; p = 0.002), and
LDH (OR, 2.756; 95% CI, 1.778–4.724; p < 0.001) (Table 3). To facilitate clinical use and
further assessment, a novel scoring model was established according to these predictive
laboratory parameters, named CENIL (CRP, eosinophil, NLR, IL-6, LDH) scores from 0 to
5 points. Sensitivity, specificity, positive predictive, and negative predictive values were
calculated for these significant predictive risk factors (Figure 1). For CRP, eosinophil, NLR,
IL-6, and LDH, cut-off values were found as ≥37.95, ≤0.025, ≥8, ≥33.95, and ≥335.5,
respectively.

Table 3. Multivariate logistic regression analysis of laboratory risk factors to predict severe disease in
COVID-19 patients (n = 472).

Univariate Analysis Multivariate Analysis

OR 95% CI p-Value OR 95% CI p-Value

CRP 5.665 3.608–8.893 <0.001 2.681 1.613–4.456 <0.001

Eosinophil 2.945 1.976–4.389 <0.001 1.959 1.243–3.087 0.004

NLR 4.740 3.134–7.171 <0.001 2.785 1.761–4.405 <0.001

IL-6 3.059 2.078–4.505 <0.001 2.008 1.286–3.134 0.002

LDH 4.747 3.202–7.031 <0.001 2.756 1.778–4.724 <0.001

Receiver–operator curve (ROC) analysis was used to assess the performance of the
CENIL scoring model, the area under the curve (AUC)(95% CI) was 0.798 (0.759–0.835)
(Figure 2). When accepted cut-off values of 3 points, the sensitivity, specificity, positive and
negative predictive value were 77.9% (71.8–83.1%), 70% (64.4–75.3%), 66.5% (60.3–72.2%),
and 80.7% (75.1–85.2%), respectively (Table 4).
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Table 4. Laboratory scoring system (CENIL SCORE) to predict severe disease in COVID-19 patients.

CENIL
Score

Sensitivity
(95% CI)

Specificity
(95% CI)

PPV
(95% CI)

NPV
(95% CI)

≥1 99 (96.5–99.7) 20.1 (15.8–25.4) 48.6 (43.8–53.4) 96.4 (87.9–99)

≥2 91.7 (87.1–94.7) 45.9 (0.40–51.9) 56.3 (50.9–61.6) 87.9 (81.4–92.3)

≥3 77.9 (71.8–83.1) 70.1 (64.4–75.3) 66.5 (60.3–72.2) 80.7 (75.1–85.2)

≥4 51 (44.2–57.8) 87.7 (83.2–91.1) 75.9 (68.1–82.3) 70.1 (65–74.8)

≥5 14.7 (10.5–20.2) 97.4 (94.7–98.7) 81.1 (65.8–90.5) 60 (55.3–64.5)

4. Discussion

The study found that a risk assessment score including laboratory parameters (CRP,
eosinophil count, NLR, IL-6, and LDH-CENIL score) can help predict the likelihood of
severe disease at diagnosis. A meta-analysis reviewed multiple studies and found that CRP,
IL-6, NLR, and LDH levels consistently indicate severe COVID-19, supporting their use
in clinical risk assessment models [15]. A study showed that eosinopenia is a significant
predictor of COVID-19 severity, suggesting that low eosinophil levels upon admission are
associated with worse outcomes in infected patients [16]. The multisystemic involvement
in COVID-19 may include an overreactivated immune response that facilitates the severe
disease [9]. Immune hyperactivation, known as a cytokine storm, leads to organ failure
and has made these cytokines potential targets for COVID-19 treatment. Due to the urgent
need, efforts have shifted toward repurposing existing drugs with known safety profiles to
manage cytokine storms more quickly [17].

The SARS-CoV-2 has been shown in multiple tissues. The invasion of different tissues
and organs may help explain the mechanism that causes the systemic effects of the virus.
Therefore, laboratory biomarkers of organ damage can be used for the detection of patients
at high risk of multiorgan involvement and severe disease [18]. Several biomarker scores
are feasible in COVID-19. Some of these can predict disease prognosis and outcomes, while
metabolomic and proteomic analysis parameters are still investigational concerns and
difficult to apply in clinical practice [9]. We proposed a novel laboratory scoring system to
aid in the prediction of disease severity for patients diagnosed with COVID-19. This score,
which was based on biochemical, hematologic, inflammatory, and coagulation laboratory
parameters, could be used and incorporated with clinical and radiological findings during
the management of patients.

CRP is an acute phase reactant that was shown to be significantly elevated in the early
stage of the disease, predicting severe COVID-19 [19]. The threshold cut-off value of CRP
was found to be ≥40 mg/L as an early warning for close and cautious patient care by
Stringer et al. They showed that elevated CRP value was indicative of severe disease and
mortality [20]. The data presented here support these findings with a cut-off CRP value
for severe disease of ≥37.95 mg/L. This value should be used to guide patients for clinical
progressions in clinical practice.

IL-6 has strong proinflammatory effects and an important role in cytokine release syn-
drome. Elevated IL-6 levels have been observed in COVID-19 patients with pulmonary dys-
function, indicating cytokine-mediated pulmonary damage by SARS-CoV-2 viruses [21,22].
According to systematic reviews and meta-analyses, elevated IL-6 levels were found to be
associated with adverse clinical outcomes and severity of COVID-19 [22,23]. We developed
a new disease severity scoring system, including IL-6, which is not usually included in the
scoring system.

Eosinopenia can be a predictor of disease severity among COVID-19 patients [24,25].
Cauchois et al. showed a significant association between severe eosinopenia and poor
outcomes in hospitalized COVID-19 patients [26]. Eosinophil cell count was found to be
lower in COVID-19 patients with cytokine storm [27]. Also, Denoël et al. demonstrated
that eosinopenia was an independent risk factor of 30-day in-hospital mortality [28]. The



Diagnostics 2024, 14, 2557 8 of 11

current literature demonstrated that eosinophils could represent a possible biomarker
for prognosis and prediction of disease severity in COVID-19 [24]. There were lots of
scores based on biomarkers for COVID-19, but few of them included eosinopenia [28]. For
example, Li et al. created a score combination of elevated CRP and eosinopenia to facilitate
the triage of COVID-19 patients [29]. Eosinopenia was used as one of the components of
the disease severity score in this study. This study can contribute to the literature on patient
management in this manner.

NLR is considered a reliable and sensitive marker of immune activation and inflamma-
tion and interacts between innate and adaptive immunity [30]. The NLR value is a current
prognostic biomarker in many diseases [31]. Also, this association was shown in COVID-19.
Many studies found that a high NLR value was associated with a higher incidence of ARDS,
higher rates of nonmechanical–mechanical ventilation, increased risk of severe disease,
and one-month mortality in COVID-19 patients [32–34]. Smail et al. demonstrated that
NLR was a predictor of oxygen saturation depression, a determining factor for disease
severity [35]. Similarly, our data illustrated that NLR was an independent risk factor for
severe COVID-19 disease.

LDH is an intracellular enzyme, and its concentration can be increased in severe
infections by cytokine-mediated tissue damage [36]. Since LDH is present in lung tissue,
severe COVID-19 patients can be expected to release higher amounts of LDH in the circula-
tion. As a consequence of that, elevated LDH concentrations were found to be associated
with a six-fold increase in developing severe disease in COVID-19 patients with pooled
analysis [37]. Although most of the studies are retrospective and had high heterogenicity,
He et al. showed that LDH concentrations were higher in severe COVID-19 in a systematic
review and meta-analysis recently [38]. Similarly, increased LDH levels were statistically
significantly higher in the severe group in this study.

Nowadays, risk prediction models and artificial neural networks are more common in
medicine. Asteris et al. designed a risk prediction model for COVID-19 outcomes using
artificial neural networks. This model included only five laboratory parameters: neutrophil-
to-lymphocyte ratio, lactate dehydrogenase, fibrinogen, albumin, and D-dimer [39]. Also,
our study includes only laboratory parameters (CRP, eosinophil, NLR, IL-6, LDH), which
can be improved and applicable to clinical practice from this perspective.

This study presents potential limitations that should be acknowledged. First, the
relatively small sample size may limit the robustness and generalizability of the developed
risk score. Additionally, the study’s retrospective design might introduce biases and limit
the temporal applicability of the findings, especially as the COVID-19 pandemic evolves
with the emergence of new SARS-CoV-2 variants. For instance, research by Wang et al.
indicated that inflammatory markers such as ferritin, LDH, and CRP were significantly
lower in patients during the Omicron variant period, correlating with a milder disease
course [40]. This variation suggests that our findings may not fully apply to patients
infected with newer variants, and future studies should validate the score across different
viral strains and cohorts. Moreover, while we included IL-6 in the scoring system due to
its association with COVID-19 severity, this biomarker may not be universally accessible,
as certain medical centers do not routinely measure it. Additionally, since our scoring
system is based solely on laboratory parameters, it should ideally be used alongside clinical
and radiological assessments to provide a comprehensive patient evaluation. Finally, to
strengthen the broader implications of this study, future research should explore the score’s
predictive value in diverse patient populations and settings, incorporating evolving clinical
data. Expanding on these limitations, we encourage further validation studies to refine and
adapt the risk-scoring system, enhancing its utility in dynamic healthcare contexts.

5. Conclusions

Early identification and targeted treatment of COVID-19 patients at risk of developing
severe disease are essential. COVID-19 severity risk scoring systems have significant
implications for clinical practice, aiding in the early identification of patients at risk for
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severe outcomes, which allows for prioritized treatment and resource allocation. For
example, many of these models help clinicians predict patient outcomes such as ICU
admission or mortality risk, thereby facilitating timely interventions (e.g., monitoring and
ventilation). In this study, we examined the biochemical, hematological, coagulation, and
inflammatory characteristics of COVID-19 patients to support personalized management.
We developed a laboratory risk score, “CENIL”, based on these parameters, including CRP,
eosinophil count, NLR, IL-6, and LDH. This scoring system integrates critical biomarkers,
offering a reliable tool for predicting clinical outcomes and guiding therapeutic decisions.
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