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Abstract

Background

Judicious utilisation of tertiary care facilities through appropriate risk stratification assumes
priority, in a raging pandemic, of the nature of delta variant-predominated second wave of
COVID-19 pandemic in India. Prioritisation of tertiary care, through a scientifically validated
risk score, would maximise recovery without compromising individual safety, but importantly
without straining the health system.

Methods

De-identified data of COVID-19 confirmed patients admitted to a tertiary care hospital in
South India, between April 1, 2021 and July 31, 2021, corresponding to the peak of COVID-
19 second wave, were analysed after segregating into ‘survivors’ or ‘non-survivors’ to evalu-
ate the risk factors for COVID-19 mortality at admission and formulate a risk score with eas-
ily obtainable but clinically relevant parameters for accurate patient triaging. The predictive
ability was ascertained by the area under the receiver operator characteristics (AUROC)
and the goodness of fit by the Hosmer-Lemeshow test and validated using the bootstrap
method.
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Results

Of 617 COVID-19 patients (325 survivors, 292 non-survivors), treated as per prevailing
national guidelines, with a slight male predilection (358/617 [58.0%]), fatalities in the age
group above and below 50 years were (217/380 [57.1%]) and (75/237 [31.6%)]), p<0.001.
The relative distribution of the various parameters among survivors and non-survivors
including self-reported comorbidities helped to derive the individual risk scores from param-
eters significant in the multivariable logistic regression. The ‘OUR-ARCad’ risk score com-
ponents were—OXxygen saturation Sa0,<94%-23, Urea > 40mg/dL-15, Neutrophil/
Lymphocytic ratio >3-23, Age > 50 years-8, Pulse Rate >100-8 and Coronary Artery dis-
ease-15. A summated score above 50, mandated tertiary care management (sensitivity-
90%, specificity-75%; AUC-0.89), validated in 2000 bootstrap dataset.

Conclusions

The OUR-ARCad risk score, could potentially maximize recovery in a raging COVID-19
pandemic, through prioritisation of tertiary care services, neither straining the health sys-
tem nor compromising patient’s safety, delivering and diverting care to those who needed
the most.

Introduction

As the danger of fresh waves of COVID-19 (Coronavirus disease 2019) pandemic kept lurk-
ing in the global horizon, a simplified memorisable risk score for the first wave was devel-
oped, segregating patients requiring tertiary care from those who could be safely retained at
a primary care facility [1]. The delta variant predominating the second wave of COVID-19
in India imposed a greater demand for hospital beds, oxygen support and assisted ventila-
tion, sparing neither the young nor those without comorbidities [2-5]. The immune fury,
unleashed by the cytokine storm caused widespread tissue destruction, leading to organ fail-
ure, multisystem dysfunction, and ultimately death [6]. Advanced age and ischemic heart
disease were important contributors for mortality in COVID-19 apart from laboratory
parameters like absolute lymphocyte count, elevated Lactate Dehydrogenase and D-dimer
levels [7]. Whereas some of the risk factors for mortality in influenza pneumonia resembled
the prognostic indicators of COVID -19 like blood urea, absolute lymphocyte count and
presence of cardiovascular disease, important differences also exist due to their unique
pathophysiologies [8]. A brief overview of various studies aimed at deducing risk factors for
survival across various levels of health system was already provided in our previous work on
first wave of COVID-19 [1]. In this regard, we ventured to analyse determinants of survival
from another tertiary care centre for COVID-19 in South India, using patient data collected
retrospectively from medical records at admission, to generate a risk score, using easily eli-
citable clinical signs and simple laboratory parameters, readily available at a primary screen-
ing care facility. This stratified approach with appropriate referral to level of medical care
based on their risk of mortality would prove extremely beneficial in future waves or pan-
demics, safeguarding the interests of patients while considerably reducing the health system
burden, delivering the best medical care to the neediest.
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Methods
Study design and setting

Retrospective case record review of patients with confirmed COVID-19 by real-time reverse
transcription-polymerase chain reaction tests (obtained from either nasal or oropharyngeal
swabs), admitted to a designated public sector COVID-19 tertiary care hospital between April
1, 2021 and July 31, 2021 were included in this analysis; the period roughly coinciding with the
ascending slope of the second wave of COVID-19 in South India. Case records with near com-
plete data were mined into a concise case record form, from August 18, 2022 until October 10,
2022, by five experienced clinicians, (GN, SA, SKC, RA and PST) after obtaining appropriate
approvals. The de-identified data was further entered into an excel work sheet and checked for
accuracy and completeness by two statisticians (CP, TM). Only the hospital admission number
in the case record form formed the link. An independent statistician (AB) finally analysed the
totally de-identified data. The case record forms were stored under lock and key by the Princi-
pal investigator (GN). Therapy and oxygen supplementation were as per prevailing national
guidelines [9]. The study was approved by the Institutional Ethics committees, which accorded
waiver from individual consenting due to the retrospective nature of the record review.

Patient outcome categorisation

Patients were broadly categorised into two groups- viz ‘survivors’ (documented evidence of
discharge with a normal oxygen saturation in room air at discharge) and ‘non-survivors’ (doc-
umented death during hospitalization).

Variables considered for prediction

Demographic details describing age, gender, days to admission from the onset of symptoms
and pre-existing comorbidities (self-reported) in the case sheets, along with vital signs first
recorded upon admission, comprising of peripheral Oxygen saturation (Sa0O,), pulse rate, and
blood Pressure were transcribed into an excel sheet. Laboratory reports included plasma sugar
(random), complete blood count focusing on neutrophil-lymphocyte ratio (NLR), serum elec-
trolytes, liver, and renal function tests and inflammatory biomarkers wherever available. Base-
line investigations of clinical relevance were also stratified based on clinical expertise and
analysed both as categorical and continuous variables in order to deduce the risk scores.

Statistical analysis

Statistical methods applied. Between ‘survivors’ and ‘non-survivors’, the relative distri-
bution of all available clinically important and laboratory related relevant baseline variables
were explored in the univariate analysis taking a 10% significance level. The chi-square test
was used for proportions and Mann-Whitney U test for continuous variables based on their
distribution, to explore the possibility of attribution of these factors to COVID-19 related mor-
tality. Kaplan-Meier survival curves were constructed to provide a bird’s eye view of the influ-
ence of each parameter on survival in COVID-19 disease. The backward stepwise
multivariable logistic regression was used to find out the significant factors influencing mortal-
ity due to COVID-19 post-adjustment and those significant in the adjusted analysis were uti-
lised to create the prediction model. Statistical analyses were performed using R software
version 4.0.4 (R Core Team 2021 and IBM-SPSS Statistics applicable to Windows (IBM Corp.
Released 2017, Version 25.0. Armonk, NY).

Construction of the model and the risk score for the second wave. The receiver operat-
ing characteristic (ROC) curves of those significant parameters in the multivariable logistic
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regression were superimposed on the inflammatory biomarkers like C-reactive protein (CRP),
peak dimerized plasmin fragment D (D-dimer) and ferritin to understand their relative accu-
racy in prediction. The Hosmer-Lemeshow test was done to establish the ‘goodness of fit’ of
the model while the area under the receiver operating characteristic curve (AUROC), display-
ing the predictive capability, was ascertained using the receiver operator characteristics. The
model was validated by fitting it into 2000 dataset generated using the bootstrap method [10].
Those parameters remaining significant in at least 70% of the bootstrap data, were selected for
formulating the risk score which was calculated by multiplying the regression coefficient by
ten and rounding off to the nearest integer [11]. The AUROC value was again estimated for
evaluating the capacity of the risk score to predict mortality. The previous risk score acro-
nymed ‘OUR-ARDS’ was also validated in this current dataset to compare its usefulness and
relevance with respect to the second wave.

Results
Study population characteristics

Among de-identified case records of 617 COVID-19 confirmed patients, hospitalised during
the peak of the COVID-19 second wave, there were 325 survivors and 292 non-survivors.

The COVID-19 second wave had a slight male predilection (358/617 [58.0%]). Fatalities in
the age group above 50 years were comparatively more than the younger age group (217/380
[57.1%] vs 75/237 [31.6%], p<0.001). The median days from onset of symptoms to admission
in hospitals, was four days in each of the groups.

Symptomatology, vital parameters and pre-existing comorbidities in the cohort.

Table 1 describes the relative distribution of the various parameters among survivors and non-
survivors including self-reported comorbidities.

Among patients with saturation below <90 (on room air), 248/344 [72%] of them suc-
cumbed to the disease. On the other end of the spectrum, those who maintained an oxygen sat-
uration >94 in room air, mortality was limited to (8/170 [4.7%]). There was at least one
comorbidity self-reported by patients (347/617 [56.2%]), frequency being diabetes—(249/617
[40%]), hypertension—(176/617 [28.5%]) and coronary artery disease (40/617 [6.5%]). There
were three cases of stroke, two with coexistent cardiovascular disease and one having mucor-
mycosis with possible spread to the brain, presenting as both orbital swelling and stroke.

The details on severity, medication used, oxygen supplementation and complications that
arose during hospitalisation are provided in S2 Table.

Laboratory parameters and their accuracy with respect to biomarkers. NLR>3, SaO,
<94%, Urea >40 mg/dL, presence of coronary artery disease, age >50 years, hypertension,
kidney disease and random blood sugar >200, were the clinically relevant parameters that
emerged significant and further explored through the multivariable logistic regression to
deduce the risk scores (Table 2).

In the second wave of COVID-19, the only comorbidity that retained significance post
adjustment was self-reported coronary artery disease. The median levels of biomarkers, viz. D-
dimer, CRP and ferritin in the blood, were strikingly higher among non-survivors than in those
who survived (Table 1). Even though biomarkers were available only in a subset of patients,
their AUC values were robust that compelled us to incorporate it in the ROC curves, to provide
an illustrative comparison of the relative positions of the biomarkers with respect to the parame-
ters that emerged significant post adjustment in predicting mortality in our study (Fig 2).

The D-dimer values at different levels of oxygen saturation in the cohort, along with their
corresponding median NLR values are provided to show their interplay and influence on
inflammation induced mortality (Fig 3).
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Table 1. Univariate analysis of baseline characteristics of hospitalised patients categorised into survivors and non-survivors**,

Variable Total (N = 617) Survivors (N = 325) Non-Survivors OR (95% CI) P-value
n (%) (N =292)
n (%) n (%)
Demographics
Age (Years)” 55 (42, 65) 50 (39, 60) 60 (48.25, 69) 1.04 (1.03, 1.05) <0.001
Age (Years) ‘ 50 and above 380 (61.59) 163 (50.15) 217 (74.32) 2.88(2.04,4.04) <0.001
Gender (Male) 358 (58.02) 189 (58.15) 169 (57.88) 0.99 (0.72, 1.36) 0.944
Vital Signs
Pulse Rate (beats per min)* 94 (86, 108) 90 (84, 102) 100 (88, 110) 1.03 (1.02, 1.04) <0.001
Pulse rate ‘ >100 218(36.5) 83(26.27) 135(47.87) 2.58 (1.83, 3.63) <0.001
Sa0, at Admission (%)* 89 (80, 95) 95 (90, 97) 80 (70, 88) 0.85 (0.83, 0.88) <0.001
Sa0, Level < 90% 344 (56.86) 96 (30) 248 (87.02) 52.31(24.76, 110.52) <0.001
90-94% 91 (15.04) 62 (19.38) 29 (10.18) 9.47 (4.11, 21.84)
> 95% 170 (28.1) 162 (50.63) 8(2.81) -
Symptomatology**
Symptoms 587 (95.14) 303 (93.23) 284 (97.26) 2.58 (1.13,5.88) 0.02
Fever 396 (64.18) 194 (59.69) 202 (69.18) 1.52 (1.09, 2.11) 0.014
Fatigue 40 (6.49) 23(7.1) 17 (5.82) 0.81 (0.42, 1.55) 0.521
Cough 402 (65.15) 208 (64) 194 (66.44) 1.11 (0.8, 1.55) 0.526
Sore Throat 30 (4.86) 24 (7.38) 6 (2.05) 0.26 (0.11, 0.65) 0.002
Head ache 33 (5.35) 22 (6.77) 11 (3.77) 0.54 (0.26, 1.13) 0.098
Breathlessness 418 (67.75) 168 (51.69) 250 (85.62) 5.56 (3.76, 8.24) <0.001
Chest Pain 10 (1.62) 8(2.46) 2 (0.68) 0.27 (0.06, 1.3) 0.112
Vomiting 21(3.4) 18 (5.54) 3(1.03) 0.18 (0.05, 0.61) 0.002
Myalgia 101 (16.37) 60 (18.46) 41 (14.04) 0.72 (0.47, 1.11) 0.138
Abdominal Pain 5(0.81) 2(0.62) 3(1.03) 1.68 (0.28, 10.1) 0.569
Altered Sensorium 13 (2.11) 1(0.31) 12 (4.11) 13.89 (1.79, 107.46) 0.001
Anosmia 21(3.4) 16 (4.92) 5(1.71) 0.34 (0.12, 0.93) 0.028
Diarrhoea 32(5.19) 22 (6.77) 10 (3.42) 0.49 (0.23, 1.05) 0.061
Co-morbid Conditions
Co-morbidities 347 (56.61) 153 (47.52) 194 (66.67) 2.21 (1.59, 3.07) <0.001
Diabetes Mellitus 249 (40.36) 109 (33.54) 140 (47.95) 1.83 (1.32, 2.53) <0.001
Hypertension 176 (28.53) 69 (21.23) 107 (36.64) 2.15 (1.5, 3.07) <0.001
Cardiovascular Disease 40 (6.48) 8(2.46) 32 (10.96) 4.88(2.21,10.77) <0.001
Kidney Disease 17 (2.76) 4(1.23) 13 (4.45) 3.74 (1.21,11.6) 0.015
Others? 49 (7.99) 12 (3.73) 37 (12.71) 3.76 (1.92,7.37) <0.001
Laboratory Investigations expressed as median with interquartile range
RBS (mg/dL) 175 (113, 279.75) 142 (100.5, 232) 200 (137, 300) 1.003 (1.001, 1.004) <0.001
RBS ‘ >200 236 (42.22) 102 (35.29) 134 (49.63) 1.81 (1.29, 2.54) 0.001
Urea™ (mg/dL)# 37 (24,57) 27 (20, 38) 52 (36.25,73.5) 1.06 (1.04, 1.07) <0.001
Urea ‘ >40 255 (43.89) 64 (21.26) 191 (68.21) 7.95 (5.47,11.55) <0.001
Creatinine (mg/dL) 1(0.8,1.2) 0.9 (0.8, 1.1) 1.1 (0.9, 1.45) 1.25 (1.06, 1.47) <0.001
NLR* 5.33(2.76, 11.54) 3.178 (1.72, 5.25) 11.25 (6.65, 23.42) 1.3 (1.23, 1.37) <0.001
NLR ‘ 3> 392 (72.46) 156 (53.42) 236 (94.78) 15.83 (8.65, 28.95) <0.001
Albumin* (g/dL) 3.4(3.1,3.7) 3.5(3.3,3.9) 3.2(3,3.5) 0.23 (0.15, 0.35) <0.001
Albumin \ <3 67 (13.11) 14 (5.22) 53 (21.81) 5.06 (2.73,9.39) <0.001
CRP* (mg/dL) 60 (18,91) 22 (5.325, 63.925) 84.3 (54, 98) 1.01 (1.006, 1.014) <0.001
CRP ‘ >20 296 (73.63) 95 (50.53) 201 (93.93) 15.14 (8.06, 28.41) <0.001
(Continued)
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Table 1. (Continued)

Variable Total (N = 617) Survivors (N = 325) Non-Survivors OR (95% CI) P-value
n (%) (N =292)
n (%) n (%)
LDH* (IU/L) 647(431,1037) 481(373-646) 1005(777-1900) 1.003(1.002-1.004) <0.001
LDH >500 57(24.8%) 93(40.4%) 17.015 (7.33- 39.52) <0.0001
FERRITIN* (ng/mL) 597 (238, 1152.5) 289 (121, 592.5) 955 (488.5, 1486) 1.002 (1.002, 1.003) <0.001
D-dimer* (ng/mL) 1060 (338.3, 3682.6) 346 (200.35, 768.25) 2554.2 (1060, 6170) 1.001 (1.001, 1.001) <0.001
D-dimer >750 31(15.35) 1(0.78) 30 (40.54) 86.59 (11.47, 653.83) <0.001

N-total number of participants, n, number; %, percentage; mg, milligram; dL, deciliter; RBS, random blood sugar; NLR, neutrophil Lymphocyte Ratio; g, gram; CRP, c-
reactive protein; LDH-Lactate dehydrogenase; D-dimer-D protein dimer of fibrin degradation product; IU, International units; L, Litre; <, lesser than; >, greater than;
ng, nanograms; ml, milliliter

#—median (Interquartile range)

*- data available N-number of values available from the sample and included in the analysis: albumin-511, Urea-581, NLR-541, CRP-402, Ferritin-318, D-dimer-407,
LDH-230

**Data are presented as number (percentage) of patients unless otherwise indicated.

y- Detailed distribution of other comorbidities are provided in S1 Table.

https://doi.org/10.1371/journal.pone.0312993.t001

Model creation and the ‘OUR-ARCad’ risk score generation. The Hosmer-Lemeshow
test (x° = 8.43, p = 0.393) established the goodness of fit of the model with a concordance
index (AUC) of 0.89 [95% CI, 0.86-0.92] that indicated an adequate discriminating power,
excluding overfitting bias in the model. The sign of the regression coefficient was also found to
be consistent across the bootstrap samples. The regression coefficient-based scoring system,
the ‘OUR-ARCad’ score was derived from the sum of the individual scores assigned to each of
the variables significant in the multivariable logistic regression model enlisted in Table 2. We
elucidated that the sum of the risk scores with a cut-off of 50 and above served as the critical
value for predicting mortality with a sensitivity of 90% and specificity of 75% and requires
immediate escalation to tertiary care to avert fatality. The different ROC values (sensitivity and
specificity) corresponding to the sum of the individual scores that constituted the net risk
score for survival is listed in (S3 Table). The AUROC of the OUR-ARDs (1°" wave risk score)
validated in second wave dataset) and current OUR-ARCad score respectively were similar
(0.88 vs 0.89) by serendipity (S1 Fig).

Table 2. Multivariable logistic regression fitted to predict the factors affecting mortality among covid-19 infected patients admitted to hospital.

Variables Multivariable Logistic regression Coefficients’ sign | Coefficients’ significance in bootstrap samples (%) Risk score
in bootstrap
samples
b (SE) OR (95% CI) p value + (%) - (%)
NLR (>3) 2.27 (0.42) 9.66 (4.22,22.1) <0.001 100.0 0.00 100.00 23
Sa0, (<94%) 2.25(0.35) 9.44 (4.73, 18.87) <0.001 100.0 0.00 100.00 23
Urea (>40) 145 (0.26) | 4.26 (2.54,7.14) <0.001 100.0 0.00 100.00 15
CAD (Yes) 1.51 (0.67) 4.54 (1.23, 16.75) 0.023 100.0 0.00 74.53 15
Age (>50 years) 0.77 (0.27) 2.15 (1.26, 3.66) 0.005 99.95 0.05 88.34 8
Pulse Rate (>100) 0.76 (0.27) 2.15 (1.27, 3.64) 0.004 100.0 0.00 87.57 8

NLR, neutrophil lymphocyte ratio; SaO,, peripheral oxygen saturation; CAD—cardiovascular or coronary artery disease (self-reported); SE-standard error; OR-Odds

ratio; %—percentage; CI-Confidence interval; +—plus’—- minus; <—lesser than. The parameters significant in the risk score formulation is included as Fig 1.

https://doi.org/10.1371/journal.pone.0312993.t1002
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Fig 1. Kaplan-Meier analysis of the parameters significantly attributing to risk of mortality in the univariate
analysis. Kaplan-Meier mean survival estimates for the time to mortality censored at 50 days. The numbers given
below denote the number of individuals who were alive at that particular time point in days, with and without the risk
factor that is being evaluated. Significance was computed using the log-rank test. SaO, —Peripheral oxygen saturation,
%—percentage, <—lesser than, mg/dL-milligram per decilitre, NLR-Neutrophil Lymphocyte Ratio, p-p value.

https://doi.org/10.1371/journal.pone.0312993.g001

Discussion

In the rampaging second wave of COVID-19 pandemic predominated by the delta variant, the
‘OUR-ARCad’ risk score, built on simple parameters, easily obtainable even at a primary care
centre (AUC of 0.89), was able to efficiently identify patients in need of early escalation to ter-
tiary care, adequately differentiating them from those who could be safely managed at a pri-
mary health care or at home. This innovative strategy to quantify risk at an earlier period
possessed the dual advantage of not only ensuring individual patient safety but importantly
averting a huge strain on the health system, through evidence-based triaging [12]. This
approach also reassures a patient to avert or avoid the stress of unnecessary admission, without
any medical need. A cut-off value of the ‘OUR-ARCad’ score of 50 or more, achieved a sensi-
tivity of 90% and a specificity of 75%, in predicting mortality and should alert the physician to
escalate the patient’s management to a tertiary care centre. We intentionally omitted the
CT-SS score as the computed tomogram manifestations in the lungs were highly dependent on
the stage of COVID-19 illness and misled the physician on severity [13]. We further recom-
mend repeated measurements of the risk score every 3-5 days or alternatively estimate bio-
markers if the scores fall in the border zone of 38-49 (S3 Table), in which case an increasing
NLR provides a useful clue, as a harbinger of deterioration [14]. NLR and SaO, played a hege-
monic role in COVID-19 survival. It is not surprising that the predominant symptom in the
second wave among non-survivors was breathlessness. The hyper-inflammatory state reflected
by the higher NLR, led to larger reductions in surface area of the respiratory membrane,
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Fig 2. Illustrated depiction of ROC curves of important parameters used in score formulation along with
biomarkers. The relative positions in the ROC curve also provide the precision of parameters, compared to
biomarkers, in predicting mortality. ROC Curve—Receiver Operating Characteristic Curve, D-dimer-D protein dimer
of Fibrin degradation product, CRP- C-Reactive Protein, SaO,—Peripheral Oxygen Saturation, NLR—Neutrophil
Lymphocyte Ratio, %—percentage.

https://doi.org/10.1371/journal.pone.0312993.9002

resulting in a profound fall in SaO,, as observed among non-survivors compared to survivors
in our study (Table 1). Monitoring NLR, hence, serves as a close guide for predicting survival
even while using steroids for prognostication in COVID-19 patients, unless complicated by
inter-current infections [14].

The WHO guidelines 2020 and the ICMR national guidelines 2021 clearly emphasizes the
need for maintaining a SaO, of at least 94% [9,15]. SaO, directly delivered the death penalty if
saturation dipped below 90%, with the mortality doubling for every 5% drop in saturation
thereafter [16]. The corresponding NLR value also proportionately increased in such cases
[16,17]. The Liu et al. study demonstrated the disparity in SaO, between survivors and non-
survivors, with nearly 75% of patients who succumbed, had a SaO, of <94% compared to 11%
in those who survived, echoing our findings. Low oxygen saturation had the second highest
Odds Ratio (OR) for mortality (5.80 [95% CI, 3.55-9.48]; P<0.001) after age [18]. The study
conducted by Munoz et al. among the elderly showed that a peripheral oxygen saturation
<92% had an OR of (5.85 [95% CI, 2.89-11.84]; P<0.001), independently predicting death
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Fig 3. Decreasing oxygen saturation with corresponding levels of NLR and D-dimer for understanding the
interplay of inflammation. The rising slope of NLR precedes the rise in D-dimer above 1000 ng/mL and
corresponding reduction in SaO,, making it a perfect surrogate for inflammatory biomarkers to dictate the prophecy
of COVID-19 prognosis. The cut-off of SaO, above 94% as stated in the WHO and national guidelines is ascertained in
our cohort when the D-dimer levels are well below 500 ng/mL (negative for in situ thrombosis). NLR-Neutrophil
Lymphocyte Ratio, SaO, —Peripheral oxygen saturation, D-dimer-D protein dimer of Fibrin degradation product, ng/
mL-nanogram per millilitre, <—lesser than, >—greater than.

https://doi.org/10.1371/journal.pone.0312993.9003

[19]. Strangely, in our study, eight patients died despite maintaining an oxygen saturation of
above 94. Further probing into their data showed that seven of the eight had diabetes, with
four of them having a very high NLR >5 and D-dimer levels >2000 ng/mL signifying wide-
spread inflammation though they could maintain their oxygen saturation.

Age above 50 years was another prominent predictor of survival, with proportion of youn-
ger patients succumbing to COVID-19 being (75/292 [26%]) and (60/259 [23%)]) in the second
and first wave respectively [1]. But studies globally have revealed a mixed scenario. While the
second wave in Spain showed a higher median age, the study by Zirpe et al. however found no
difference in the age groups, paralleling our findings [20,21].

An intact functioning kidney maintaining normal levels of blood urea is often a prerequisite
for survival in COVID-19 [22]. The median value of blood urea doubled among those who
succumbed compared to those who survived in our study (52 vs 27 mg/dL, p<0.001). Elevated
urea levels facilitated transformation and splitting of the pentameric CRP to its active mono-
meric counterpart augmenting inflammation and tissue destruction, which in turn reduced
the extracellular volume. This vicious cycle wound end fatally, unless broken by anti-inflam-
matory therapy and cautious fluid replacement [23]. Mudatsir et al. proposed that direct
involvement of renal cells by the virus rather than due to pre-existing renal disease to be the
cause [24]. We hypothesize that elevated Urea levels in the background of poor renal reserve as
in chronic kidney disease would prove detrimental. Renal impairment not only delayed the
clearance of cytokines, but elevated levels of von Willebrand factor (vWF), adding to both
exaggerated inflammatory response and pro-coagulable state; further exacerbated by added
vasodynamic insults incited by pre-existing diabetes or hypertension [25-27].

Self-reported coronary artery disease (CAD) was the only comorbidity significantly associ-
ated with mortality in our cohort when NLR and Urea were taken into the model. Cardiovas-
cular disease whether recent or pre-existing did significantly contribute to fatality in patients,
with accompanying high NLR worsening the prognosis [14,23,27]. We hypothesize that the
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intense inflammation with steep increase in NLR, overshadowed the influence of other comor-
bidities like diabetes emerging statistically significant as an individual predictor of mortality.
King et al. in their retrospective cohort of 13,000 COVID-19 patients, whose data were also
collected at or around the time of admission, as in our study, demonstrated that vascular and
coronary insufficiency were the sole comorbidities significantly influencing mortality, after
adjustment for inflammatory parameters, akin to our findings [28]. That the spike protein,
cleaved by plasmin, was abundant among CAD patients, could be one plausible reason for the
increased severity and vulnerability of CAD patients to COVID-19 [29]. As diabetes indirectly
influenced NLR, its direct effect would have been overshadowed by NLR in the adjusted analy-
sis [30]. On the contrary, those studies which did not take NLR into the adjusted regression
model had comorbidities as an independent determinant of prognosis [31]. With the other fac-
tors constituting the risk score remaining the same, the only factor that differed between the
previous and current risk score was the comorbidity component alone [1]. Hence, the two risk
scores inevitably had similar prediction potential; except that the OUR-ARCad score was more
conservative with lesser admissions (S1 Fig). This was also supported by the findings of Kerai
et al. that did not single out a specific comorbidity to influence survival greatly nor was differ-
ently distributed between the two waves [32]. Increase in pulse rate had been a consistent fea-
ture of severity in COVID-19 especially in the absence of fever and independently determined
survival. The study by Abdel Ghaffar et al. showed an OR of (1.65 [95% CI, 1.22-2.23];
P<0.001), when the pulse rate exceeded 100 beats /min in alignment with our study [33].

We chose the most predatory Delta wave so that score derived from such a wave, would be
optimistically useful in future pandemics as it could easily cover the variants of lesser severity
and virulence, with more beds to spare in hospitals. The study by Kundavaram et al. had
shown similar determinants of mortality, largely attributable to the delta variant that was pre-
vailing at that time [34]. It was also noteworthy to find that those countries which had the sec-
ond wave caused by the alpha or beta variant [as in Iran and Germany], instead of the delta
variant, had similar or in fact improved outcomes in the second wave compared to the first
wave of COVID-19 pandemic [35,36]. This approach paves the way for future exploration in
other viral pandemics so that similar risk scores could be developed that would be useful for
timely triaging but conserving resources and reducing health system burden at the same time.
The main strength of the study is the formulation of a simple deducible risk score at admission,
assessable at a peripheral health centre. The two scores were similar though data originated
from two different tertiary care hospitals, in two different waves and probably strains. ‘Silent
Hypoxia’ was also not ignored by this model. To get to the predictors, we used only data from
documented survivors (discharged without oxygen supplementation maintaining their SaO,)
and documented hospital deaths. Clinical records confirming a transfer or readmission from
another hospital to this tertiary care facility was a pre-specified exclusion. The predictors of
COVID-19 mortality could also play a vital role in allied respiratory viral illness or future
COVID-19 pandemics with suitable modifications of the risk score, where neutrophils and
NLR play a major role in inflammation and tissue destruction [37-41]. The main limitation of
the study is that it is primarily unicentric, catering to an adult population only. The selection
of cases precludes calculation of case fatality rates. Variations in geographical location and
strain of the virus should be considered while interpreting the results. With the second wave
creating a mayhem, missing data were the rule and selection bias was possible as the analysed
cohort came from the group that were fortunate to gain entry into the hospital, representing a
population that were sicker and more moribund. There is a possibility to have left out patients
who were asymptomatic or had minimal symptoms due to triaging. There could be patients
who would have died even before reaching the hospital. But optimistically, we assume that
their attributes may not be significantly different in clinical or lab parameters from those who
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had been admitted and included and analysed in the study. D-dimer and CRP estimation
should not be ignored where facilities exist. Some of the comorbidities were poorly represented
in our cohort like stroke, malignancy, chronic renal disease, and airway disease. Hence, their
potential role could not be assessed independently with accuracy. A more comprehensive risk
score is possible with addition of D-dimer and CRP in future, but our intent was to triage at
the time of entry into the hospital, where the inflammatory biomarkers may not be available at
the primary health care facility. However, the parameters have been able to act as effective sur-
rogates as shown in Fig 2. The illustrative comparison is precisely provided for this reason.

Conclusions

The OUR-ARCad risk score, derived from easily obtainable parameters at a primary health
care centre, offers a reliable triaging strategy to simplify COVID -19 patient care for future
waves by ensuring admission for those who needed it while safely retaining the others in a pri-
mary health centre, allaying anxiety and effectively improving treatment outcomes in both the
groups with the least burden on the health system.
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