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Abstract

Background: Coronavirus disease 2019 (COVID-19) continues to strain intensive care units (ICUs),
particularly during seasonal surges and in conjunction with other respiratory infections. While clinical and
demographic mortality predictors are well-established, the impact of environmental conditions remains
less understood, especially at the individual level. We therefore analysed subgroups of 1CU patients based
on environmental conditions and evaluate differences in mortality risk.

Methods: In this retrospective, multi-centre cohort study, we analysed data from 1,166 adults admitted
with COVID-19 to three Birmingham (UK) ICUs between March 1, 2020, and February 28, 2021. Using
latent class analysis (LCA), we grouped patients by ambient temperature, relative humidity, and wind
speed preceding ICU admission. Associations between class membership and ICU mortality were
assessed using multivariable logistic regression, adjusting for age, sex, ethnicity, deprivation, BMI, frailty,
and ICNARC Physiology Score. Relative risk (RR) of mortality was compared across classes.

Results. Four latent classes were identified. Two showed significantly increased mortality risk: one with
high temperature and low humidity (RR=1.62, 95% ClI: 1.14-2.29) and another with low temperature and
moderate-to-high wind speed (RR=1.47, 95% ClI: 1.15-1.89), compared to the reference class.
Environmental and patient characteristics, particularly relative humidity, female sex, BMI, ICNARC score,
and frailty, demonstrated class-specific associations with mortality.

Conclusions: Environmental exposures prior to ICU admission contribute to mortality risk in critically il
COVID-19 patients. Incorporating these conditionsinto patient risk stratification could enhance clinical
decision-making, particularly during public health emergencies.

NOTE: This preprint reports new research that has not been certified by peer review and should not be used to guide clinical practice.
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Introduction

The Coronavirus disease 2019 (COVID-19) pandemic overwhelmed healthcare systems worldwide,
particularly intensive care units (ICUs) [1,2]. It has resulted in over 230,000 reported deathsin the United
Kingdom aone by June 2025 [3]. Now endemic, COVID-19 continues to drive seasonal surges that
burden ICUs; for example, spikesin ICU admissions during late 2023 were linked to the co-circulation of
COVID-19 and other respiratory infections [4-6].

Numerous studies have identified clinical, physiological [7-9], demographic, and socioeconomic factors,
such as age, ethnicity, and obesity, as predictors of COVID-19 mortality [10-12]. However, associations
between these factors and outcomes like hospitalisation or death have not always been consistent [13,14].

In parallel, an expanding body of research suggests that environmental factors, including temperature,
humidity, windspeed, and ultraviolet (UV) radiation, may influence both viral transmission dynamics and
host susceptibility [15-26]. Environmental factors have also been implicated in disease severity, with
some studies reporting associations with hospitalisation, ICU admission, and mortality at an aggregate
level rather than using individual patient data [27—35]. However, these findings are also inconsi stent.

Our objectives were therefore threefold: (1) to identify and characterise latent classes based on
environmental factors; (2) to investigate the association between class membership and mortality; and (3)
to assess whether environmental profiles offer additional explanatory value in understanding mortality
risk among ICU patients with COVID-19.

Methods
Study Design and Sample Size

This was a retrospective cohort study using data collected from ICU patients admitted to three hospitals
between March 1, 2020, and February 28, 2021, under the University Hospitals Birmingham (UHB)
National Health Service Foundation Trust: Birmingham Heartlands Hospital (BHH), Good Hope Hospital
(GHH), and the Queen Elizabeth Hospital Birmingham (QEH). Physicians diagnosed patients with
COVID-19, which was subsequently confirmed with Medical Wire & Equipment (MWE) ViroCult nasal
PCR tests.

In total, 1,180 patients were admitted to the ICU of these hospitals during this timeframe. Fourteen had
incomplete medical information and were excluded from final analyses. Thus, this cohort netted 1,166
usable observations: 116 from BHH, 63 from GHH, and 987 from QEH (Figure 1). All the observations
for the study were de-identified.

Data Collection

Data used in the study included both demographic and clinical factors. Demographic variables included
age, sex, and ethnicity. Clinical data was collected from Intensive Care National Audit & Research Centre
(ICNARC) by adata clerk and the UHB’ s prescribing information and communication system (PICS
System, Birmingham, England). These physiological variables included age, body mass index (BMI),
frailty score, and ICNARC Physiology score (ICNARC score). Date of admission, ICNARC scores, and
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mortality status (dead/survival) at hospital discharge were taken from the ICNARC registry. Age and BMI
were extracted from PICS.

The ICNARC scoreis an overall metric based on the weights in twelve physiological parameters during
the first 24 hours following admission to the ICU. It includes heart rate, blood pressure, temperature,
respiratory rate, oxygenation, arterial pH, serum creatinine, serum sodium, white blood cell count,
Glasgow Coma Score, urine, and serum urea. It ranges from 0O to 100, with a higher score corresponding
to increased severity[36].

The frailty scoreis a subjective estimate of an individual’s degree of frailty on ascale ranging from 1to 9
(>5isconsidered frail). It was derived through a brief interview with the patient or family on their
functional baseline and comorbidities conducted by the clerking doctor [37]. If there was no score
documented in the notes for the patient’ s index admission, the frailty score was allocated on review of the
noting.

The Index of Multiple Deprivation (IMD) measures socioeconomic status [38-45]. Patients’ postcode data,
extracted from ICNARC records, was matched to IMD deciles (1-10) using the Oxford Population Health
tool, with 1 representing the most deprived 10% of areas in England and 10 the |east deprived. An
indicator variable, “deprived,” was constructed to represent individuals in the lowest deciles (IMD < 2).

All environmental data during the study period were extracted from the VVisual Crossing database
(accessed on 15 June 2023). We selected three daily meteorological variables: temperature (°C), humidity
(%), and windspeed (km/h) based on their relevance in shaping environmental viral persistence and
potential effects on host susceptibility, as supported by prior literature. For each patient, environmental
data were matched to the date of ICU admission and their residential postcode. Estimates of the COVID-
19 incubation period, or the time between exposure to the virus and the onset of symptoms, range from 2
to 14 days [46,47]. To account for short-term fluctuations, the environmental variables were smoothed
using a seven-day backward moving average, counted from the date of ICU admission.

Blinding and Sample Size

The nature of the modelling and data handling meant that it was not possible to blind statisticians to
outcomes. The authors were blinded when assessing the frailty score, as was the ICNARC data clerk when
retrieving data. All patients admitted to the three ICUs from March 2020 to February 2021 were included
to avoid sampling bias.

Statistical Analysis

For this study, we used temperature, humidity, and windspeed as class-defining variables. To improve
Interpretability, these continuous variables were further discretised into sub-categories [48,49].
Temperature was stratified using 0°C as the reference point, in increments of 5°C. The final temperature
classification consists of three categories: cold (<5°C), mild (5-10°C), and warm (>10°C). Due to paucity
of extreme data points (temperatures below 0°C and above 15°C represented 0.09% and 4.2% of
observations, respectively), these observations were grouped into adjacent categories. This empirically
derived categorisation aligns with the thresholds in prior studies using similar cutoffs to capture nonlinear
temperature effects on health outcomes [50,51] and follows best practices for combining sparse categories
to enhance model stability [52].
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Humidity was also categorised into three groups: dry (<70%), moderate (70-90%), and humid (>90%),
based on data distribution and environmental health literature. Low humidity weakens innate immune
defence and enhances virus transmission by prolonging aerosol stability and infectivity [53,54].
Conversdly, high humidity may promote microbial growth indoors, contributing to respiratory
inflammation risk [55,56].

Similarly, the variable windspeed was categorised into three levels. gentle (<17 km/h), windy (17-23
km/h), and strong (>23 km/h). These classifications were based on data distribution and established
thresholds in environmental epidemiology. Studies suggest that lower wind speeds are linked to increased
viral aerosol stability and reduced dispersion, potentially enhancing transmission [57,58].

We then employed LCA to identify distinct environmental profiles. Seven sequential models were fitted,
ranging from one to seven classes. Modd fit was evaluated using Akaike Information Criterion (AIC),
Bayesian Information Criterion (BIC), consistent AIC (CAIC), and sample-size-adjusted BIC (SABIC)
[59,60]. The Vuong-Lo-Mendell-Rubin adjusted likelihood ratio test (VLMR-LRT) was applied to
compare models with k and k-1 classes, where a significant p-value indicates that the k-class model
outperforms the k-1-class model [60,61].

Classification reliability was assessed using entropy and average latent class posterior probability (ALCPP)
[62]. Entropy, ranging from O to 1, reflects class separation, with values >0.80 indicating reliable
classification [63]. Similarly, ALCPP values >0.80 per classindicate confident assignment of individuals
to their respective latent classes [60,64,65].

Multivariate logistic regression analyses were conducted separately within each latent class to evaluate
associations of the covariates (clinical variables and environmental factors) with mortality, and results
were reported as odds ratios (ORs). Relative risks (RRs) were calculated to compare mortality outcomes
across latent classes. Continuous variables were standardised for comparability. To evaluate the relative
contribution of covariates with differing units, we also calculated relative importance scores after
normalising the data within each class [66]. Higher scores indicate a greater influence of the variable in
defining class membership. All analyses were performed using R software (version 4.2.3).

Results

Data characteristics
Table 1 Descriptive statistics

In this cohort of 1,166 patients, 276 (23.7%) died during their ICU stay and 890 (76.3%) survived.
Mortality rates varied by hospital, with 36.2% at BHH (42/116), 28.6% at GHH (18/63), and 21.9% at
QEH (216/987). Descriptive statistics and variable definitions are presented in Table 1.

The cohort had a mean age of 57.3 (SD=13.2) years, with 384 (33%) female patients. 45% were White
and 34% were Asian. 57% of patients were from deprived areas, with amedian IMD of 2. Half of the
patients were overweight with a median BM|I of 29.39 and mean BMI of 30.93 (SD=6.76). The patients
also had amean frailty score of 2.76 (SD=0.87) and ICNARC score of 21.3 (SD=15.2).
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During the study period, patients were admitted to ICUs under weather conditions with an average
temperature of 6.9°C, relative humidity of 82.1%, and wind speed of 19.7 km/h. The median temperature
was 6.1°C, relative humidity was 86.3%, and wind speed was 19.5 knv/h.

Figure2 Weekly variationsin mortality outcomes and environmental variables

Figure 2 superimposes weekly counts of ICU survivals and deaths over the 52-week period with
background environmental data. Two peaksin mortality and survival were observed at weeks 4-6 and
weeks 44-47. Temperature increased gradually until week 24, then declined into winter weeks. Humidity
dropped sharply in the first seven weeks, fluctuated moderately until week 30, and remained high from
week 31 onward. Wind speed was stable until week 25, then exhibited moderate fluctuations particularly
in the later weeks.

Characteristics of LCA-defined patients

Figure 3. Modédl fit criteria across number of classes
Table2. Summary of latent class model evaluation

Model sdlection favoured the four-class solution, which had the lowest AIC, BIC, CAIC, and SABIC
values (Figure 2), indicating optimal fit. Fit indices improved with additional classes up to four, after
which they worsened. The VLMR-LRT supported this, with significant p-values (p<0.01) up to four
classes and a non-significant result (p=0.724) for the five-class model. Though not used for selection,
entropy was high (0.904), and ALCPP values exceeded 0.80 (lowest: 0.859), indicating strong
classification quality. Model diagnostics are summarized in Table 2.

Characteristics of environmental profiles

Figure 4. Environmental profiles across classes

The posterior probabilities, or likelihood of class membership based on environmental variables, were
calculated for each of the four latent classes and illustrated in Figure 4 and Supplemental material Table 1.

Class 1 (warm, dry, windy): Thiswas the smallest group with 87 patients (7% of the sample) defined by
warm temperatures (100% probability), dry conditions (100% probability), and predominantly windy
conditions (97% probability). Patients in this class experienced consistently warm, dry environments with
minimal wind speed variation. The high posterior probabilities across all environmental variables suggest
a highly homogeneous profile for Class 1.

Class 2 (mild temperature): This class, comprising 304 patients (26% of the sample), was characterised
by mild temperatures (100% probability), and varied patterns of humidity and wind speed. 59% of
patients experienced dry, 30% moderate, and 11% humid conditions. Wind speed was similarly
heterogeneous, with 47% experiencing windy conditions and 53% experiencing strong winds.

Class 3 (moderate humidity): Thiswas the largest class comprising 404 patients (39% of the sample)
and was defined by moderate humidity (100% probability). Temperature conditions varied across the class,

4
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with 27% of patients experiencing cold, 32% mild, and 41% warm temperatures. Wind speed was
similarly diverse: 56% experienced windy conditions, 29% strong wind, and 15% gentle breeze.

Class4 (cold, humid, gentle): Thisclass included 303 patients (28% of the sample) and was
characterised mainly by humid weather (100% probability), cold temperatures (84% probability), and a
gentle breeze (80% probability). A small proportion of individuals experienced mild temperatures (13%)
or windy conditions (20%), while warm temperatures (3%) and strong winds (0%) were negligible.

Time Trends in ICU Admissions
Figure 5. Weekly distribution of | CU admissions acr 0ss classes

Timetrendsin ICU admissions varied distinctly across environmental classes (Figure 5). Class 1 (warm,
dry, windy) exhibited a sharp peak in early spring (weeks 1-6), with minimal admissions thereafter,
spanning 11 weeks. Class 2 (mild temperature) showed a bimodal distribution over 18 weeks, with a
primary peak in late winter (weeks 6-10) and a secondary peak in early autumn (weeks 40-45). Class 3
(moderate humidity) had a broad, sustained distribution across 35 weeks, with admissions throughout the
latter half of the year (weeks 20-52), peaking at weeks 35-40 and 45-50. Conversely, Class 4 (cold, humid,
gentle) displayed a concentrated peak in late autumn and early winter (weeks 40-52), spanning 10 weeks.

Mean comparison of class characteristics

Table 3. Summary of patient characteristics and class comparisons

The comparison of demographic, socioeconomic, and clinical characteristics across the four latent classes
issummarised in Table 3. Differences in age, sex (female), ethnicity (White), and deprivation status were
not statistically significant based on Kruskal-Wallis and Pearson Chi-squared tests. Although the overall
distribution of ethnicity (White) was not significantly different (p=0.162), pairwise comparison between
Class 2 and Class 3 indicated a marginal difference (p=0.078).

Both frailty and ICNARC scores differed significantly across classes, with p-values of 0.007 and <0.001,
respectively. Several pairwise comparisons also revealed significant differences, indicating substantial
heterogeneity in clinical severity across the classes. While overall difference in BMI approached marginal
significance at the 10% level (p=0.089), the pairwise comparison between Class 1 and Class 4 was
statistically significant (p=0.03).

The standardised mean profiles across classes areillustrated in Figure 6. Minimal differences were
observed in demographic and socioeconomic variables (age, sex, ethnicity, and deprivation), with
standardised values remaining close to the overall sample mean. However, clinical variables, such as
frailty and ICNARC scores, showed increased variation, with Class 1 exhibiting elevated levels of clinical
severity. The most pronounced differences were in the environmental variables as they were used to
define the latent classes. Notably, Classes 1 and 4 presented nearly opposing profiles across the
environmental dimensions, while Classes 2 and 4 also showed contrasting patterns.
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Figure 6. Standar dised mean (Z-scor e) profiles of demographic, socioeconomic, clinical, and
environmental variables across classes

Association of covariates with mortality within classes

Logistic Regression Results

Table 4. Resultsfrom multivariate logistic regression
Figure 7. Oddsratiosfrom multivariate logistic regression by class

Results from the multivariate logistic regression are given in Table 4, with ORs by class shown in Figure
7. In Class 2, older age (OR=1.843, p<0.001) and higher ICNARC scores (OR=1.630, p<0.001) were
associated with increased mortality. In Class 3, mortality was linked to older age (OR=1.916, p<0.001),
higher frailty scores (OR=1.340, p=0.023), and higher ICNARC scores (OR=1.667, p<0.01), while higher
BMI (OR=0.711, p=0.028) and increased humidity (OR=0.520, p=0.033) were associated with lower
mortality. In Class 4, female sex was associated with reduced mortality (OR=0.400, p=0.018), while older
age, higher frailty scores, and higher ICNARC scores remained associated with increased mortality.

Relative Importance
Figure 8. Relative importance scor es of covariates across classes

There was substantial variation in the relative importance of variables across classes (Figure 8). Age
emerged as a consistently important variable across all classes, with the highest relative importance
observed in Class 3 (4.29). Similarly, the ICNARC score demonstrated high importance in Classes 2, 3,
and 4 (3.82, 4.31, and 3.68, respectively). The frailty score was also notablein Classes 3 and 4. In contrast,
variables such as windspeed and White ethnicity showed generally low importance across most classes,
however, being of White ethnicity had a marked influence in Class 3 (1.90). When analysed by class, each
latent subgroup exhibited a unique profile of dominant predictors. Class 1 was characterised by the
relatively higher importance of age and temperature; Class 2 was characterised by higher importance of
age and ICNARC score; Class 3 assigned higher importance to age, ICNARC score, frailty score, and
humidity but lowest importanceto living in adeprived area; and in Class 4, the frailty score, female sex,
and ICNARC score were the most influential covariates.

Relative Risk

Figure 9. Comparison of relativerisks across classes (reference: class 3)

To evaluate the clinical relevance of latent class membership, we estimated RR of mortality using Class 3
asthe reference. Class 3 was selected dueto its large sample size (n=452, 39% of the sample) and
moderate clinical severity and environmental conditions. Class 1 had the highest mortality risk (RR=1.62,
95% ClI: 1.14-2.29), followed by Class 2 (RR=1.47, 95% CI: 1.15=1.89). Class 4 showed the lowest
mortality risk with RR=0.93 (95% CI: 0.70-1.24).

Discussion
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This study isthe first to examine ICU patient profiles based on environmental factorsusing LCA. We
retrospectively analysed datafrom 1,166 patients with severe COVID-19 admitted to ICUs from three
hospitals. We investigated the heterogeneity in mortality by identifying subgroups, and more importantly,
examined the effects of demographic, clinical, and socioeconomic covariates on mortality within these
latent classes.

Our analysis revealed four distinct classes with distinct environmental profiles. Class 1 was characterised
by higher temperatures and markedly lower humidity, while Class 2 showed elevated windspeed and
reduced humidity. Class 3 covered the longest timespan and exhibited relatively balanced environmental
conditions. In contrast, Class 4 exhibited substantial deviations, with lower temperatures and higher
humidity levels. The demographic and socioeconomic suggest a relatively uniform distribution across
classes from the comparisons in Table 4, these covariates therefore did not appear to be discriminators
among the classes. These findings underscore the key role of environmental factors in distinguishing the
latent classes.

Multivariate logistic regression analyses revealed considerable heterogeneity in mortality risk factors
across the latent classes, as further supported by results from relative importance scoring and relative risk
analyses. Class 1 demonstrated no significant associations with any covariates, which may be attributed to
its small sample size.

Among the environmental covariates, higher relative humidity was significantly associated with reduced
mortality in Class 3, the largest classin which ICU admissions encompassed all four seasons (mean
relative humidity: 83.9%). Increased humidity may reduce the airborne persistence of respiratory droplets,
accelerate viral decay, and support mucosal barrier function, thereby mitigating respiratory infections
[16,67,68]. This association was supported by the relative importance scores, which identified humidity in
Class 3 as the most influential environmental factor. These findings are consistent with previous research
reporting an inverse relationship between humidity and COVID-19 mortality [31,69,70]. Of note, Romero
Starke et al. [71] observed a statistically significant reduction in mortality when relative humidity
exceeded athreshold of 71% which closely aligns with our findings, as the minimum recorded humidity
in Class 3 was 70.9%. Temperature and windspeed were not significantly associated with mortality and
consistently exhibited low relative importance scores. Thislack of effect may reflect the relatively mild
and stable weather conditions in the English Midlands; extreme variations in these variables wererarein
our data.

Examination of demographic variables indicated that age was the only covariate significantly associated
with mortality risk across Classes 2-4, with increased risk observed among older individuals, aligning
with previous research [72—76]. Being of white ethnicity showed only a weak association, with a
marginally significant decrease in mortality observed in Class 3. Living in adeprived area yielded no
significant associations in any class, which may be due to high baseline level of deprivation in the cohort,
with over half of both survivors and non-survivors originating from deprived areas.

Recent studies have found that female sex is significantly associated with reduced mortality risk [77-81].
Thisis posited to be due to sex-based differences in immune response, such as higher ACE2 receptor
expression and greater susceptibility and severity of infection in males, stronger immune responsesin
females, and the protective effects of oestrogen versus the pro-inflammatory effects of testosterone. In our
study, only Class 4, characterised by cold, humid conditions and gentle wind speed showed significantly
lower COVID-19 mortality among females, and this was primarily observed in January and February
2021.
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Clinical covariates demonstrated more consi stent associations with mortality risk. Higher ICNARC scores
were significantly associated with increased mortality in all classes except Class 1, reinforcing their
established utility in disease severity stratification [82]. Similarly, frailty scores were significant in Class 3
and Class 4, indicating the increased vulnerability of these subgroups [83]. Thisimportance of clinical
covariates was also highlighted by the relative importance score assignment: ICNARC and frailty scores
were the most influential covariates across the classes.

Numerous studies have identified a J- or U-shaped relationship between BMI and COVID-19 mortality,
where underweight (BM1<18.5) and severe (Class 111) obesity (BM1>40) categories are associated with
increased mortality risk compared to normal weight (BMI 19-25), overweight (BMI 25-30), and Class |
obesity (BMI 30-35) categories, likely due to impaired immune function and associated comorbidities
[84-91]. Interestingly, our findings supported this pattern only in Class 3 (moderate humidity), where
lower BMI was significantly associated with reduced mortality risk. In this class, the interquartile range of
BMI (26-34) fell within the overweight and Class | obesity range, suggesting potential physiologic effects
specific to this environmental profile.

Using Class 3 (moderate humidity) as the reference group, both Class 1 and Class 2 exhibited
significantly elevated RRs of mortality. Class 1 (warm, dry, windy) showed the highest RR of 1.62 (95%
Cl: 1.14-2.29); such environmental conditions are known to increase physiological strain through
mechanisms including dehydration, impaired thermoregulation, and respiratory burden [51,92]. Class 2
(mild temperature) also showed an elevated RR of 1.47 (95% CI: 1.15-1.89), which may be partially
explained by the significantly higher ICNARC score compared to Class 3.

To briefly summarise, although a substantial body of literature has examined the relationship between
environmental conditions and COVID-19 mortality, our study offers a novel, nuanced perspective by
exploring this association across distinct environmental profiles. By applying LCA, we captured seasonal
environmental trends to reveal the associations of temperature, humidity, and wind speed with mortality
risk. We found that the significance of environmental, demographic, socioeconomic, and clinical
covariates, namely relative humidity, female sex, BMI, ICNARC score, frailty score, and relative
humidity, emerged in a class-specific manner. These findings may have practical implications for critical
care management; ICUs may benefit from integrating environmental monitoring for more nuanced risk
stratification and effective resource allocation.

Strengths and Limitations

This retrospective, multicentre cohort study used data from the first 365 days of the COVID-19 pandemic
in the UK. Strengthsincluded a low rate of missing data, which enabled robust latent class identification
and analysis of heterogeneity. After class assignment, we applied multivariate logistic regression to
examine variable effects on mortality across the four classes. Importantly, we found that environmental
differences between classes were significantly associated with mortality risk.

Limitations include potential sampling bias. While the three hospitals represented the majority of ICU
beds in Birmingham and most patients remained in the same ICU, a small number were transferred,
possibly some of them with more severe illness, which may have skewed mortality outcomes.

The sample was predominantly male (67.1%), older (mean age=57.2), socioeconomically deprived
(median IMD=2), and had elevated BMI (mean=30.7); additionally, the over-representation of Asian
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(34.3%) and White British (45.1%) patients reflects local demographics, limiting generalisability to other
groups.

Another limitation could come from data collection. Frailty scores were assigned based on inpatient notes,
requiring subjective clinical judgment. Misclassification may have occurred due to incomplete
documentation of baseline function or comorbidities. During peak pandemic periods (April 2020 and
January 2021), staffing shortages, redeployment of unfamiliar staff, and ICU overcrowding may also have
negatively impacted patient prognosis.

Asclinical understanding of COVID-19 evolved rapidly over this period, novel therapeutics and emerging
trial results likely influenced outcomes over time. The UK vaccine rollout began in late December 2020
and by the end of February 2021, about 15% of patients admitted to the ICU aged 70 years or older were
offered their first dose of vaccination. However, we lacked vaccination and treatment data for ICU
patients. Future directions would include assessing how treatment and vaccination status and
environmental conditions are associated with mortality, but this was beyond the scope of our study.

Finally, as thiswas an observational study, causal inferences cannot be made, and residual confounding,
such as unmeasured comorbidities, cannot be entirely excluded. While the four-class model showed good
overall fit, Class 1 included fewer patients (n=87), which may limit the precision of findings for that
group. Nevertheless, the consistency in direction and significance across multiple models supports the
robustness of our results.

Conclusion

We identified four distinct subgroups defined by combinations of temperature, humidity, and windspeed,
each with unique environmental risk profiles. While clinical severity and physiological vulnerability
remain primary predictors of mortality, our findings suggest that environmental conditions may influence
outcomes in subgroup-specific ways. This highlights the need for more nuanced risk stratification models
in critical care that incorporate both patient-level and contextual factors.

Importantly, our results underscore the value of accounting for environmental variability in ICU mortality
risk assessment. Integrating real-time environmental datawith individual clinical profiles could enhance
personalised treatment planning and optimise resource allocation in critical care.
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Table 1. Descriptive statistics

Variables Description Mean | StdDev | Median | t-test/Chi-
squared test
Status Indicator variable of mortality: death=1, 0.24 0.43 0 <0.001
survival=0
Age Age of apatient in years 5725 | 1322 58.00 <0.001
Female An indicator variable: female=1, male=0 0.33 0.47 0 0.168
IMD Index of Multiple Deprivation: ranging from1to | 3.25 2.75 2.00 0.216
10, with 1 referring to the most deprived and 10
the least deprived areas
Deprived Living in deprived area: if IMD eguals1or 2 0.57 0.50 1.00 0.268
then deprived =1; else 0
BMI Body Mass Index: body mass divided by the 30.93 | 6.76 29.39 <0.001
square of the body height, in units of kg/m?
Frailty score An estimate of an individual’s degree of frailty 2.76 0.87 3.00 <0.001
on ascaleof 1 (very fit) to 9 (terminaly ill)
ICNARC score | A measure of severity of illness, with aninteger | 21.30 | 15.19 18.00 <0.001
score between 0 and 100 based on weightsin 12
physiological parameters during the first 24
hours following admission to the | CU; higher
score correlates to increased severity.
Temperature Average daily temperature in degrees Celsius (7- | 6.86 4.04 6.07 0.039
day moving average)
Humidity The amount of water vapour present inthe air 82.06 | 10.33 86.34 <0.001
compared the maximum amount possible for a
given temperature, expressed as a mean
percentage (7-day moving average)
Windspeed The two-minute average of wind speed in 19.74 | 3.74 1951 0.005
km/hour (7-day moving average)
White Indicator variable: White=1, O otherwise. 0.45 0.50 0 0.238
Asian Indicator variable, Asian=1, 0 otherwise. 0.34 0.48 0 0.960
Black Indicator variable, Black=1, O otherwise. 0.05 0.22 0 0.267
Mixed/others Indicator variable, mixed or other ethnicities=1, | 0.08 0.27 0 0.098
0 otherwise.
Unknown Indicator variable, unknown ethnicity=1, 0 0.07 0.25 0 0.089

otherwise.
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Table 2. Summary of latent class model evaluation

Model fit criteria Diagnostic criteria
Smallest ?:rlnai\sﬂ%t VLMR-
Classes AlIC BIC CAIC SABIC class . Entropy | ALCPP
size LRT
count
(%)
1 7455.019 | 7485.387 | 7487.387 7479.325 1166 100 - - -
2 6468.207 | 6544.004 | 6548.004 | 6531.882 321 28 0.928 0.976 <0.01
3 6345.493 | 6446.720 | 6452.720 6428.536 304 26 0.823 0.767 <0.01
4 6209.194 | 6345.850 | 6353.850 6321.604 87 7 0.904 0.859 <0.01
5 6218.727 | 6390.812 | 6400.812 6360.506 60 5 0.847 0.719 0.724
6 6211.942 | 6419.456 | 6431.456 6383.088 37 3 0.784 0.719 0.004
7 6224.904 | 6467.848 | 6481.848 6425.418 54 5 0.771 0.495 0.994

Notes:

The model became unstable with the 7-class model. Bold text indicates that the model met fit criteria. AIC = Akaike
information criterion; BIC = Bayesian information criterion; CAIC = consistent Akaike information criterion; SABIC =
sample-size adjusted BIC; ALCPP = average latent class posterior probability; VLMR-LRT = Vuong-Lo-Mendell-Rubin
adjusted likelihood ratio test.


https://doi.org/10.1101/2025.07.20.25331858
http://creativecommons.org/licenses/by-nc-nd/4.0/

Table 3. Summary of patient characteristics and class comparisons

Classl Class2 Class3 Clas4 Classlvs Classlvs Classlvs Class2vs Class2vs Class3vs  Kruskal
Mean Mean Mean Mean Class2 Class3 Class4 Class3 Class4 Class4 Wallis/Chi
-squared

Age 58563 56.914 56.752 57916 0.287 0.233 0.675 0.868 0.326 0.230 0??!38
Female 0.298 0.296 0.354 0.334 1.000 0.386 0.618 0.114 0.344 0.625 0.366
White 0.517 0.484 0.416 0.458 0.665 0.103 0.391 0.078" 0.579 0.273 0.162
Deprived 0.504 0.546 0.577 0.579 1.000 0.600 0.599 0.436 0.454 1.000 0.757
BMI 29.719 30819 30931 31357 0.156 0.107 0.034* 0.825 0.311 0.389 0.089"
Frailty score  2.724 2.641 2.796 2.824 0.672 0.045* 0.018* 0.016* 0.005** 0.566 0.007**
ICNARC 24695 22610 19.812 21.245 0.279 0.001** 0.070" 0.014* 0.246 0.187 <0.001***
score
Temperature 12494  7.055 8.232 3.256 <0.001***  <0.001*** <0.001*** <0.001*** <0.001*** <0.001***  <0.001***
Humidity 63587 74115 83931 92027 <0.001***  <0.001*** <0.001*** <0.001*** <0.001*** <0.001***  <0.001***
Windspeed 18.968 23311 20437 15.616 <0.001***  <0.001*** <0.001*** <0.001*** <0.001*** <0.001*** <0.001***
Samplesize 87 304 452 323

Notes: (1) ***,** * and " are used for significance levels of 0.001, 0.01, 0.05 and 0.1, respectively. (2) p-values were reported for class comparisons. The Kruskal-Wallis
test was used and the p-value reported for the continuous variables age, BMI, ICNARC score, temperature, windspeed, and humidity. For all other categorical variables,
Pearson’ s chi-sgquared test or Mann-Whitney U test was conducted, and the p-value was reported.
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Table 4. Results from multivariate logistic regression

Class 1 [N=87] Class 2 [N=304] Class 3 [N=452] Class 4 [N=323]

OR P-value | OR P-value | OR P-value | OR P-value
Intercept 0.073%(0.003-1.487) | 0096 | 0.353*(0.154-0.778) | 0011 | 0.253***(0.143-0437) | <0.001 | 3.080(0.074-128121) | 0.552
Age 1505(0.872-2.737) | 0.155 | 1.843***(1.320-2.628) | <0.001 | 1.916***(1.434-2603) | <0.001 | 1.522%(1.077-2.195) | 0.020
Female 1262(0.420-3686) | 0672 | 0.668(0.342-1276) | 0228 | 1285(0.727-2.258) | 0.394 | 0.400(0.180-0.833) | 0.018
White 1127(04063.118) | 0816 | 1132(0634-2014) | 0.674 |0579°(0.326-1.012) | 0058 | 1.103(0.580-2.091) 0.765
Deprived | 1.393(0520-3746) | 0504 | 1.412(0803-2514) | 0.235 | 0.926(0.535-1.608) | 0.785 | 0.864(0.457-1.646) 0.654
BMI 0853(0474-1473) | 0577 | 1.008(0.741-1.361) | 0.961 | 0.711*(0519-0954) | 0.028 | 1.191(0.864-1.641) 0.282
Frailty score | 0.903(0577-1.378) | 0638 | 1.036(0.755-1411) | 0.826 | 1.340%(1.044-1.733) | 0.023 | 1.610*(1170-2234) | 0.003
'SSONr:RC 0910(0535-1453) | 0.705 | 1.630*(1.221-2.235) | 0.00L | 1.667***(1.325-2117) | <0.001 | 1.183***(1.334-2.522) | <0.001
Temperature | 1.615(0.465-5.349) | 0428 | 1117(0535-2.322) | 0.766 | 1.000(0.764-1313) | 0999 | 0.863(0.439-1613) 0.654
Humidity | 0.628(0.080-4293) | 0641 | 1025(0.743-1411) | 0879 | 0520%(0.291-0929) | 0026 | 0.081(0.0006-10444) | 0.311
Windspeed | 0.933(0.260-3231) | 0920 | 0942(0594-1510) | 0.801 | 1.147(0.825-1596) | 0412 | 1.203(0.483-3.561) 0612

Note; *** ** * and ” are used for significance levels of 0.001, 0.01, 0.05 and 0.1, respectively.
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Figures

116 patients from Birmingham Heartland
Hospital (BHH)

1,000 patients from from Queen Elizabeth

64 patients f Good H Hospital (GHH
patients from Good Hope Hospital ( ) Hospital Birmingham (QEH)

h 4
1,180 ICU patients with PCR-confirmed
COVID-19 admitted to three hospitals between
01/03/2020 and 28/02/2021

14 patients were excluded due to
incomplete medical records.

1,166 patients included in the analysis.
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Figure 1. Study flow diagram
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Figure 4. Environmental profiles across classes
On the graph, the horizontal axis represents the probability (or relative weight) of each environmental level within a class, while the

vertical axis denotes the nine category levels: cold, mild, and warm (temperature); dry, moderate, and humid (humidity); and gentle, windy,
and strong (wind speed). The three environmental variables are differentiated by a colour scheme: temperature in blue, humidity in pink,

and wind speed in yellow. For example, Class 2 exhibited 100% probability of mild temperature, 59% likelihood of dry conditions, and 0%
probability of gentle wind.
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Figure 7. Oddsratiosfrom multivariate logistic regression by class

Odds ratios and 95% confidence intervals for covariates associated with mortality stratified by latent class. Each panel represents one class,

using a consistent colour scheme: Class 1 inred, Class 2 in green, Class 3 in blue, and Class 4 in purple.
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Figure 8. Relative impor tance scor es of covariates across classes
The x-axis represents the relative importance score for each variable, quantifying its contribution to the predictive model for each class.
The y-axis lists the covariates included in the analysis, and bars are colour-coded by latent class.
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