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Abstract: Introduction:Acute respiratory failure (ARF) is a critical complication of heat-related illness (HRI). This study aimed to
identify predictors of HRI-induced ARF in patients presenting to the emergency department (ED). Methods: Patients
aged 20 years and above diagnosed with HRI (ICD-9-CM code 992 or ICD-10 code T67) who visited the EDs of the three
hospitals in Tainan, Taiwan between January 2010 and October 2021, were included. Demographic characteristics, co-
morbidities, and laboratory data were collected. Logistic regression models using the backward elimination method
were constructed to identify the independent predictors of HRI-induced ARF. Results: 820 patients with the mean age
of 50.0 ± 18.4 years were studied (80.0% male). 29 (3.5%) cases experienced ARF. Patients with ARF were less likely to
walk on arrival compared to those without it (27.6% vs. 61.8%, p < 0.001). Additionally, they had higher prevalence of
Glasgow Coma Scale (GCS) scores ≤ 8 (p = 0.003), respiratory rate > 20 breaths/min (p < 0.001), body temperature ≥ 40°C
(p < 0.001), hypertension (p = 0.001), cerebrovascular disease (p = 0.001), and chronic obstructive pulmonary disease (p
= 0.042). The multivariable logistic regression revealed that body temperature ≥ 40 °C on arrival (odds ratio (OR): 7.76;
95% confidence interval (CI): 3.14–19.15), an initial respiratory rate > 20 breaths/min (OR: 8.19; 95% CI: 3.48–19.24), and
history of hypertension (OR: 3.38; 95% CI: 1.52–7.52) were predictors of HRI-induced ARF. Conclusion: Elevated body
temperature, respiratory rate, and a history of hypertension were key predictors of ARF in HRI patients, aiding in patient
stratification for emergency care.
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1. Introduction

Heat-related illness (HRI) is an emergency condition that

poses a major public health concern, particularly in the con-

text of global warming (1). HRI occurs due to impaired ther-

moregulation resulting from the body’s inability to dissipate

heat effectively (2). The severity of HRI ranges from mild con-

ditions such as heat rash, cramps, and fatigue, to moderate

∗Corresponding Author: How-Ran Guo; Department of Environmental and
Occupational Health, College of Medicine, National Cheng Kung Univer-
sity, 138 Sheng-Li Road, Tainan, 70428, Taiwan. Phone: +886-6-235-3535
ext. 5802, Fax: +886-6-275-2484, Email: hrguo@mail.ncku.edu.tw, ORCID:
https://orcid.org/0000-0003-3343-3446.

conditions such as heat exhaustion, and to severe conditions

such as heat stroke (3). Treatment of HRI typically involves

supportive care, rapid cooling interventions, and rehydration

via oral or intravenous fluids (2, 4). While most patients pre-

senting with mild to moderate HRI can be treated and dis-

charged from the emergency department (ED), patients with

severe HRI, the elderly, or those with comorbidities may re-

quire additional intervention or admission (4).

Heat stroke, the most severe condition of HRI, manifests

with a core body temperature ≥ 40°C, is often accompa-

nied by central nervous system (CNS) dysfunction, present-

ing as delirium, convulsions, or coma (4, 5). In addition to

elevated core body temperature, the patients typically ex-

hibit other vital sign abnormalities including sinus tachy-
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cardia, tachypnea, and hypotension (6). Complications of

heat stroke may include acute respiratory distress syndrome

(ARDS), disseminated intravascular coagulation (DIC), acute

kidney injury, hepatic injury, rhabdomyolysis, and seizures

(6). Acute respiratory failure (ARF) stands out as a critical

and life-threatening complication among these conditions,

which calls for the need of patient stratification (7).

Despite the pressing need for mitigating ARF in HRI patients,

research specifically targeting its predictors remains limited.

Previous studies have predominantly concentrated on pre-

dicting outcomes such as mortality (8-10), admission rates

(11, 12), or neurological complications (13). A few studies

have reported that lower Glasgow Coma Scale (GCS) scores

and decreased standard base excess levels upon admission

were associated with a higher risk of ARF among patients

with heat stroke. However, these studies evaluated ARF as a

secondary outcome among multiple complications and did

not focus on early clinical predictors in an HRI population

in general (13, 14). Therefore, this study aimed to fill the re-

search gap by comprehensively identifying and analyzing the

predictors associated with ARF in patients with HRI present-

ing to the ED.

2. Methods

2.1. Study design and setting

We conducted a multicenter cross-sectional study involving

patients who presented to the EDs between January 2010 and

October 2021. Data were retrieved from electronic medical

records of three hospitals: Chi Mei Medical Center, Chi Mei

Liouying Hospital, and Chi Mei Chiali Hospital, which com-

prised the largest healthcare system in Tainan, Taiwan. The

primary outcome was HRI-induced ARF, and was defined by

either: (1) ICD-9-CM codes 518.81, 518.84, or ICD-10 code

J96 in the diagnoses, or (2) the use of a non-rebreathing mask,

bi-level positive airway pressure, or endotracheal intubation.

Accordingly, patients were classified into two groups, namely

with and without ARF, and independent predictors of HRI-

induced ARF were evaluated using multivariate regression

analysis.

This study was carried out according to the ethical princi-

ples of the Declaration of Helsinki and approved by the Insti-

tutional Review Board of Chi Mei Medical Center (approval

code: 11210-007). The Board waived the need for informed

consent from participants because the dataset consists of de-

identified data. This waiver does not affect the rights and

welfare of the participants.

2.2. Participants

All patients aged 20 years and above, who received a final di-

agnosis of HRI, identified by the ICD-9-CM code 992 or ICD-

10 code T67 were included. Patients who were transferred to

other hospitals were excluded.

2.3. Data gathering

We collected demographic characteristics, comorbidities, vi-

tal signs on arrival, and laboratory data from electronic med-

ical records to identify potential predictors. Demographic

characteristics included age and sex. We stratified age into

two groups: < 65 years and ≥ 65 years by the definition of

the elderly. Comorbidities included hypertension (ICD-9-

CM: 401–405 or ICD-10: I10–I16), diabetes (ICD-9-CM: 250

or ICD-10: E08–E13), coronary artery disease (CAD, ICD-

9-CM: 410–414 or ICD-10: I20–I25), congestive heart fail-

ure (CHF, ICD-9-CM: 428.0 or ICD-10: I50), cerebrovascu-

lar disease (ICD-9-CM: 430–438 or ICD-10: I60–I69), chronic

obstructive pulmonary disease (COPD, ICD-9-CM: 490–496

or ICD-10: J44), liver disease (ICD-9-CM: 570–576 or ICD-

10: K70–K77, K80–K83), chronic kidney disease (CKD, ICD-

9-CM: 585 or ICD-10: N18), malignancy (ICD-9-CM: 140-

208 or ICD-10: C00-C69), and mental disorder (ICD-9-CM:

290–319 or ICD-10: F01–F99). We also collected the patient’s

body mass index (BMI) and stratified it into two groups: <24

and ≥24 Kg/m2 according to the definition of overweight set

by the Taiwanese government. As for the condition on ar-

rival, studied variables included walking on arrival (yes/no),

GCS score, blood pressure (including systolic blood pres-

sure [SBP] and diastolic blood pressure [DBP]), heart rate

(HR), respiratory rate (RR), body temperature (BT), and pulse

oximetry (SpO2). The values of vital signs were further strati-

fied into two groups based on previous studies or definitions

of clinical abnormalities such as hypotension, tachycardia,

and tachypnea (15, 16). Laboratory data included all blood

chemistry, except for variables with more than 70% missing

data, such as base excess level. For included variables, we

imputed missing data with the mean of each variable based

on the outcome. For instance, if a patient experienced ARF

and had missing SBP at the initial assessment, the mean for

the group with ARF was assigned to this patient. An excep-

tion was made for BMI, which was imputed based not only

on the outcome but also on the patient’s sex.

Continuous variables were transformed into categorical vari-

ables, including white blood cell (WBC) count, hemoglobin,

platelet count, sodium (Na), potassium (K), blood urea nitro-

gen (BUN), random glucose, alanine aminotransferase (ALT),

creatine kinase total (CK-Total), and myoglobin. The cut-off

points for each variable were determined based on previous

studies (17, 18) or the normal range defined by the laboratory.

2.4. Statistical analysis

Demographic and clinical characteristics were analyzed as

frequencies and percentages for categorical variables. We

evaluated differences between the two groups (with and

without ARF) using either the Pearson chi-square test or

Fisher’s exact test. Logistic regression analyses were per-

formed to investigate the independent factors. Initially, uni-

variate analysis was performed. Subsequently, multivariable

analysis was carried out, which included variables with a p-

value < 0.15 in the univariate analysis. Then, a model was
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constructed using the backward elimination method (with a

p-value set at 0.15) to identify independent factors and evalu-

ate their effects. This threshold was commonly used to avoid

prematurely excluding variables that may become significant

when included in a multivariable model. Our approach was

consistent with established practices in logistic regression

modeling in the literature (19, 20). The odds ratio (OR) for

each variable and its corresponding 95% confidence inter-

val (CI) were calculated. Correlation coefficients between

variables included in the multivariable analysis were also ex-

amined. Model performance was evaluated using the Hos-

mer–Lemeshow goodness-of-fit test, with a p-value > 0.05 in-

dicating acceptable fit. For sensitivity analysis, we applied

multiple imputations to handle missing data and compared

the results to those from the primary analysis using mean

imputation. We carried out all analyses using the Statisti-

cal Analysis Software Version 9.3 (SAS Inc., Raleigh, NC, USA)

and Statistical Product and Service Solutions Version 17.0

(SPSS Inc., Chicago, IL, USA) at the significance level of 0.05

(two-tailed).

3. Results

3.1. Baseline characteristics of the study popu-
lation

820 patients with the mean age of 50.0 ± 18.4 (range:

20.3–96.3) years were included (80.0% male). During the ED

visit, 29 (3.5%) patients experienced ARF. Table 1 compares

the baseline characteristics between cases with and without

HRI-induced ARF. Patients with ARF were less likely to walk

on arrival compared to those without it (27.6% vs. 61.8%,

p < 0.001). Additionally, they had higher prevalence of GCS

scores ≤ 8 (p = 0.003), RR > 20 breaths/min (p < 0.001), BT

≥ 40°C (p < 0.001), hypertension (p = 0.001), cerebrovascular

disease (p = 0.001), and COPD (p = 0.042). No significant dif-

ferences were observed in laboratory data between patients

with and without ARF.

3.2. Independent predictors of HRI-induced ARF

Table 2 shows the results of multivariable logistic regression

analysis. Based on this analysis, two independent predictors

were identified: RR > 20 breaths/min (OR = 8.19; 95% CI:

3.48–19.24) and hypertension (OR = 3.38; 95% CI: 1.52–7.52)

(Model 1). When only these two independent variables were

included (Model 2), RR > 20 breaths/min was associated with

an OR of 10.96 (95% CI: 4.99–24.06) and hypertension was

associated with an OR of 3.67 (95% CI: 1.66–8.14). The ex-

amination of correlation coefficient revealed a good corre-

lation between RR > 20 breaths/min and BT ≥ 40°C (corre-

lation coefficient = 0.734). Accordingly, we constructed an-

other model in which RR > 20 breaths/min was replaced by

BT ≥ 40°C (Model 3) and found that BT ≥ 40°C was also an in-

dependent predictor of ARF in HRI patients. All three logistic

regression models demonstrated good calibration according

to the Hosmer–Lemeshow goodness-of-fit test. The p-values

were 0.847 for Model 1, 0.515 for Model 2, and 0.449 for Model

3, indicating acceptable fit of all the models. To better illus-

trate the model development process and the identification

of key predictors, a summary flowchart was provided (Figure

1).

When employing multiple imputations instead of single im-

putation for missing data, the results of multivariable analy-

sis and subsequent model refinement remained consistent.

4. Discussion

This multicenter study encompassed patients with all types

of HRI in the EDs and examined various variables, including

baseline characteristics, vital signs, comorbidities, and labo-

ratory data, to identify potential predictors of ARF. As a result,

BT ≥ 40°C and RR > 20 breaths/min on arrival, as well as a

history of hypertension were identified as independent pre-

dictive factors for ARF.

Alveolar ventilation, a product of RR and tidal volume, is

typically meticulously regulated by central and peripheral

chemoreceptors along with lung receptors. It is influenced by

both the arterial partial pressure of oxygen (PaO2) and the ar-

terial partial pressure of carbon dioxide (PaCO2), with PaCO2

being the primary driver. The body responds to hypoxemia

and hypercapnia by increasing both tidal volume and res-

piratory rate, making RR a useful metric for detecting these

conditions (21). Exposure to heat stress prompts an elevation

in body core temperature, leading to increased ventilation

regardless of metabolic factors. This increased ventilation

results in a decrease in arterial CO2 pressure (hypocapnia)

(22). If unchecked, this condition may progress to ARDS due

to hyperventilation and pulmonary vasodilation and hyper-

permeability through hyperpnea and the effects of cytokines

(23). Previous studies have shown that an abnormal RR was a

predictor of potentially serious clinical events, such as car-

diac arrest, admission to an intensive care unit (ICU), and

respiratory failure (21, 24). Nevertheless, RR has not been

identified as an independent predictor of ARF in HRI patients

in the EDs in previous studies.

In this study, a BT of 40°C or higher upon arrival was not

only indicative of ARF in HRI patients but also strongly asso-

ciated with tachypnea. Enzyme denaturation initiates once

the BT reaches 40°C at the cellular level; at 41°C, decreases

in mitochondrial function disrupt oxidative phosphorylation

(the process of intracellular energy production), leading to

organ dysfunction (23). Clinically, heat stroke typically man-

ifests with a core temperature elevated to at least 40°C and

the presence of CNS dysfunction (5). Heat stroke can poten-

tially culminate in multi-organ failure, including respiratory

failure. Both experimental and clinical evidence elucidated

BT≥40°C as a crucial factor in predicting ARF in HRI patients.

Previous studies have indicated that some underlying ill-

nesses contribute to the risk of HRI. While many comorbidi-

ties were evaluated in this study, only a history of hyper-

tension was identified as an independent predictor for ARF

in HRI patients. Studies have also shown that individuals
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with hypertension faced greater challenges in adapting to ex-

treme environmental conditions and were at an elevated risk

of heat-related complications compared to those with nor-

mal blood pressure. This susceptibility may be attributed to

increased peripheral vascular resistance and associated cir-

culatory changes, including vascular smooth muscle hyper-

trophy, reduced blood vessel density, and decreased barore-

flex sensitivity in hypertensive individuals. These alterations

can disrupt blood flow regulation to the skin, consequently

impacting core temperature control. During exercise in hot

conditions, hypertensive individuals often exhibit height-

ened blood pressure responses and may experience greater

thermal strain than those with normal blood pressure (25).

However, the clinical implications of pulmonary responses

during heat exposure in people with hypertension remain

unclear. Further studies are warranted to elucidate this mat-

ter.

Some predictors have been identified, and various assess-

ment tools have been developed, in previous studies to pre-

dict clinical outcomes in patients with HRI, primarily fo-

cusing on mortality, hospitalization, or neurological seque-

lae (8-12). However, research specifically targeting predic-

tors of ARF remains limited. One study assessing the asso-

ciation between standard base excess levels upon admission

and outcomes in heat stroke patients found that, along with

in-hospital mortality, standard base excess level was signifi-

cantly linked to ARF, as well as admission to the ICU, acute

kidney failure, sepsis, and coagulation impairment (14). Al-

though base excess level was initially included in this study, it

was later excluded due to more than 70% of missing data, in-

dicating that it is not routinely checked in HRI patients in the

ED. However, metabolic acidosis in heat stroke with low stan-

dard base excess levels may prompt an increase in RR, which

was identified as an independent predictor for ARF in this

study. Another study on heat stroke patients demonstrated

that the initial GCS score was an independent prognostic

factor for ARF, as well as neurological sequelae at discharge

and ICU admission (13). Despite the association between

lung injury and brain damage in heat stroke, the GCS score

on arrival was not an independent predictor of ARF in HRI

patients after adjustment for other factors in this study, al-

though it appeared to be associated with ARF in the univari-

ate analysis. Several reasons might account for this dispar-

ity. Firstly, patient population in this study differed from that

of the previous study, as we included all types of HRI rather

than solely focusing on heat stroke, in which CNS dysfunc-

tion is typically evident. Secondly, the low prevalence (3.7%)

of low GCS scores (GCS ≤ 8) in our study population may de-

crease the statistical power. Nonetheless, the low prevalence

also indicates that it cannot be applied to most cases in clin-

ical practice. Furthermore, the multifactorial nature of HRI

suggests that while neurological impairment assessed by the

GCS score is essential, other factors such as underlying ill-

nesses or altered vital signs may contribute more to respira-

tory failure. Notably, our multivariable analysis included RR

and hypertension, which differed from the variables used in

the previous study.

The strength of this study lied in its specific focus on ARF

in HRI, different from most studies, in which it was consid-

ered a secondary outcome. By encompassing all types of HRI,

rather than focusing on specific types, this study offered clin-

icians valuable insights, considering HRI as a continuum of

conditions when differentiation can be challenging initially.

Moreover, this study comprehensively examined various as-

pects of HRI, including demographic characteristics, comor-

bidities, vital signs, and laboratory data, and thus provides a

holistic understanding of predictors for ARF.

5. Limitations

Several limitations warranted consideration in this study.

First, the retrospective design limited the variables available

for analysis and might introduce information bias. Never-

theless, the key predictors identified—RR > 20 breaths/min,

BT ≥ 40°C, and a history of hypertension—were routinely

recorded and objectively measured, which reduced the like-

lihood of systematic misclassification. Additionally, the con-

sistency of these predictors across three logistic regression

models and in sensitivity analyses using multiple imputa-

tions supported the robustness of the associations. Any

misclassification, particularly of the outcome variable, was

likely to be non-differential, which would bias results toward

the null rather than generate spurious associations. Sec-

ond, the primary analysis employed mean imputation for

missing data, which might underestimate the variance and

could introduce bias if the assumption of data being missing

completely at random was violated. To mitigate this limita-

tion, we conducted a sensitivity analysis using multiple im-

putations, a method that preserved data variability, reduced

bias, and yielded more valid statistical inferences by generat-

ing multiple plausible values for missing data based on ob-

served patterns. The consistent identification of key predic-

tors across both imputation methods supported the reliabil-

ity of our conclusions. Third, some variables were excluded

due to a large proportion of missing data, such as DIC profiles

and base excess levels, limiting our ability to evaluate their

effects in this study. Fourth, despite adjusting for various de-

mographic and clinical factors, residual confounding from

unmeasured variables or unexplored interactions may per-

sist. Finally, while utilizing multicenter data has enhanced

the generalizability of study results, this study was conducted

within a specific healthcare system in Taiwan, potentially re-

stricting the applicability of findings to other populations or

healthcare settings.

6. Conclusions

Based on the findings, RR > 20 breaths/min, BT ≥ 40°C, and

a history of hypertension were among the independent pre-

dictors of HRI-induced ARF. These findings provided a prac-

tical reference for emergency physicians to identify high-risk
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patients early. Incorporating these readily available predic-

tors into ED triage protocols may enhance early recognition

and prompt initiation of critical care, potentially improving

patient outcomes.
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Table 1: Comparing the baseline characteristics of the study population between cases with and without heat-related illness-induced acute

respiratory failure

Variable Overall (n=820) Acute respiratory failure P value
No (n=791) Yes (n=29)

Age (years)
≥ 65 190 (23.2) 181 (22.9) 9 (31.0) 0.307
Sex
Male 656 (80.0) 633 (80.0) 23 (79.3) 0.925
BMI (Kg/m2)
≥ 24 633 (77.2) 613(77.5) 20 (69.0) 0.282
Triage vital signs
Walking on arrival 497 (60.6) 489 (61.8) 8 (27.6) <0.001
GCS ≤ 8 30 (3.7) 25 (3.2) 5 (17.2) 0.003
SBP < 90 (mmHg) 57 (7.0) 53 (6.7) 4 (13.8) 0.136
DBP < 60 (mmHg) 80 (9.8) 76 (9.6) 4 (13.8) 0.517
HR > 100 (/min) 340(41.5) 326(41.2) 14 (48.3) 0.448
RR > 20 (/min) 114 (13.9) 97 (12.3) 17 (58.6) <0.001
BT ≥ 40 (°C) 41 (5.0) 33 (4.2) 8 (27.6) <0.001
SpO2 < 95 (%) 83 (10.1) 78 (9.9) 5 (17.2) 0.204
Comorbidities
Hypertension 173 (21.1) 160 (20.2) 13 (44.8) 0.001
Diabetes mellitus 114 (13.9) 111 (14.0) 3 (10.3) 0.786
Coronary artery disease 56 (6.8) 52 (6.6) 4 (13.8) 0.129
Congestive heart failure 16 (2.0) 16 (2.0) 0 (0.0) > 0.95
Cerebrovascular disease 64 (7.8) 57 (7.2) 7 (24.1) 0.001
COPD 56 (6.8) 51 (6.4) 5 (17.2) 0.042
Liver disease 85 (10.4) 83 (10.5) 2 (6.9) 0.759
Chronic kidney disease 31 (3.8) 30 (3.8) 1 (3.4) > 0.95
Malignancy 27 (3.3) 25 (3.2) 2 (6.9) 0.247
Mental disorder 127 (15.5) 119 (15.0) 8 (27.6) 0.067
Laboratory data
WBC ≥ 12 (103/uL) 248 (30.2) 239 (30.2) 9 (31.0) 0.925
Hemoglobin < 12 (g/L) 66 (8.0) 63 (8.0) 3 (10.3) 0.502
Platelet < 150 (103/uL) 61 (7.4) 58 (7.3) 3 (10.3) 0.470
Na < 135 (mEq/L) 180 (22.0) 170 (21.5) 10 (34.5) 0.097
K < 3.5 (mEq/L) 203 (24.8) 195 (24.7) 8 (27.6) 0.719
Glucose (random) > 200 (mg/dL) 94 (11.5) 90 (11.4) 4 (13.8) 0.565
BUN > 20 (mg/dL) 214 (26.1) 203 (25.7) 11 (37.9) 0.140
Creatinine > 1.3 (mg/dL) 507 (61.8) 488 (61.7) 19 (65.5) 0.677
ALT > 40 (U/L) 223(27.2) 216 (27.3) 7 (24.1) 0.706
CK-Total > 1000 (U/L) 108 (13.2) 104 (13.1) 4 (13.8) 0.785
Myoglobin > 1000 (ng/mL) 501 (61.1) 482 (60.9) 19 (65.5) 0.619
Data are presented as number (%). BMI: body mass index; GCS: Glasgow Coma Scale; SBP: systolic blood pressure;
DBP: diastolic blood pressure; HR: Heart rate; RR: Respiratory rate, BT: body temperature; SpO2: pulse oximetry;
COPD: chronic obstructive pulmonary disease; WBC: white blood cell; Na: sodium; K: potassium; BUN: blood urine nitrogen;
ALT: alanine aminotransferase; CK-Total: creatine kinase total.
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Table 2: Independent predictors of acute respiratory failure in patients with heat-related illness based on logistic regression analysis

Variables 95% confidence interval P value
Crude model (selecting variables with p<0.15)
Waking on arrival 0.24 (0.10–0.54) 0.001
Glasgow Coma Scale ≤ 8 6.38 (2.25–18.11) <0.001
Respiratory rate > 20 (/minute) 10.14 (4.70–21.87) <0.001
Body temperature ≥ 40 (°C) 8.75 (3.61–21.22) <0.001
Hypertension 3.20 (1.51–6.80) 0.002
Cerebrovascular disease 4.10 (1.68–10.00) 0.002
Coronary artery disease 2.27 (0.76–6.78) 0.140
Chronic obstructive pulmonary disease 3.02 (1.11–8.25) 0.031
Mental disorder 2.15 (0.93–4.97) 0.073
Na < 135 (mEq/L) 1.92 (0.88–4.21) 0.102
Blood urine nitrogen > 20 (mg/dL) 1.77 (0.82–3.81) 0.144
Model 1 (backward elimination method)
Waking on arrival 0.49 (0.20–1.24) 0.132
Respiratory rate > 20 (/minute) 8.19 (3.48–19.24) <0.001
Hypertension 3.38 (1.52–7.52) 0.003
Model 2 (adjusted for respiratory rate and hypertension)
Respiratory rate > 20 (/minute) 10.96 (4.99–24.06) <0.001
Hypertension 3.67 (1.66–8.14) 0.001
Model 3 (adjusted for body temperature and hypertension)
Body temperature ≥ 40 (°C) 7.76 (3.14–19.15) <0.001
Hypertension 2.84 (1.31–6.16) 0.008
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Figure 1: Flowchart summarizing the modeling strategy and key findings. Three logistic regression models were constructed to evaluate pre-

dictors of acute respiratory failure among patients with heat-related illness (HRI). Final predictors identified across the models included RR >

20 breaths/min, history of hypertension, and BT ≥ 40°C. RR: respiratory rate; BT: body temperature.
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