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Abstract 

Purpose: Using latent class analysis (LCA), we have consistently identified two distinct subphenotypes in four ran-

domized controlled trial cohorts of ARDS. One subphenotype has hyper-inflammatory characteristics and is associ-

ated with worse clinical outcomes. Further, within three negative clinical trials, we observed differential treatment 

response by subphenotype to randomly assigned interventions. The main purpose of this study was to identify ARDS 

subphenotypes in a contemporary NHLBI Network trial of infection-associated ARDS (SAILS) using LCA and to test for 

differential treatment response to rosuvastatin therapy in the subphenotypes.

Methods: LCA models were constructed using a combination of biomarker and clinical data at baseline in the SAILS 

study (n = 745). LCA modeling was then repeated using an expanded set of clinical class-defining variables. Subphe-

notypes were tested for differential treatment response to rosuvastatin.

Results: The two-class LCA model best fit the population. Forty percent of the patients were classified as the “hyper-

inflammatory” subphenotype. Including additional clinical variables in the LCA models did not identify new classes. 

Mortality at day 60 and day 90 was higher in the hyper-inflammatory subphenotype. No differences in outcome were 

observed between hyper-inflammatory patients randomized to rosuvastatin therapy versus placebo.

Conclusions: LCA using a two-subphenotype model best described the SAILS population. The subphenotypes have 

features consistent with those previously reported in four other cohorts. Addition of new class-defining variables in the 

LCA model did not yield additional subphenotypes. No treatment effect was observed with rosuvastatin. These findings 

further validate the presence of two subphenotypes and demonstrate their utility for patient stratification in ARDS.
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Introduction
Acute respiratory distress syndrome (ARDS) is 

defined as acute hypoxic respiratory failure  (PaO2/

FiO2 < 300  mmHg), bilateral chest infiltrates, and the 

absence of cardiac failure as the primary diagnosis. 

Despite 50  years of research, there are no successful 

disease-altering pharmacological interventions in the 

treatment of ARDS. Biological heterogeneity subsumed 

within this clinical syndrome is considered one of the 

main causes for failure of pharmacological interventions 

in randomized controlled trials (RCTs) [1].

http://crossmark.crossref.org/dialog/?doi=10.1007/s00134-018-5378-3&domain=pdf
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Data from preclinical studies and non-RCTs have been 

highly encouraging for inflammation-abrogating immu-

nomodulatory therapies in ARDS [2]. Among these, 

3-hydroxy-3-methylglutaryl coenzyme A reductase 

inhibitors (statins) had been shown to attenuate inflam-

mation in murine lung injury models [3]. Pretreatment 

with statins was also found to attenuate pulmonary 

inflammation in lipopolysaccharide-induced inflamma-

tion in healthy human volunteers, and prior statin ther-

apy was associated with a survival benefit in patients with 

community-acquired pneumonia [4, 5]. Two multicenter 

RCTs, hydroxymethylglutaryl-CoA reductase inhibition 

with simvastatin in acute lung injury to reduce pulmo-

nary dysfunction-2 study (HARP-2) [6] and rosuvastatin 

in sepsis-associated acute respiratory distress syndrome 

(SAILS) study [7], were recently conducted to test the 

hypothesis that statin treatment may be beneficial in 

treating ARDS. Both trials found no difference in clinical 

outcomes between patients treated with statin compared 

to placebo.

In prior studies, using latent class analysis (LCA) in 

four separate ARDS RCT populations, we have consist-

ently identified two subgroups, which we have named 

the “hypo-inflammatory subphenotype” and “hyper-

inflammatory subphenotype” [8–10]. �e subgroups are 

clinically and biologically distinct from one another and 

remain stable over the first 3  days of enrollment [11]. 

�e hyper-inflammatory subphenotype was associated 

with increased inflammatory biomarkers, a higher prev-

alence of shock, and worse clinical outcomes. Crucially, 

in the hyper-inflammatory subphenotype, we observed 

treatment responses to positive end-expiratory pressure 

(PEEP) and conservative fluid management that were sig-

nificantly different from the hypo-inflammatory class [9, 

12]. Most recently, in the HARP-2 study, we observed a 

survival benefit in the hyper-inflammatory subphenotype 

with simvastatin therapy [13].

In the presented study, we hypothesized that in SAILS, 

a more contemporaneous and sepsis-specific cohort of 

ARDS, two subphenotypes would once again be identi-

fied. In addition, we wanted to test whether using addi-

tional clinical data as class-defining variables in the LCA 

models would lead to identification of new latent classes. 

Further, in line with the findings of the HARP-2 LCA, we 

hypothesized that rosuvastatin therapy would preferen-

tially confer a survival benefit in patients with a hyper-

inflammatory subphenotype.

Part of these results have been previously reported in 

the form of an abstract [14].

Methods
Study design and population

�is study was a secondary analysis of the National Heart, 

Lung, and Blood Institute (NHLBI) ARDS Network ran-

domized controlled (SAILS) trial. �e original trial ran 

from March 18, 2010 to September 30, 2013 (n = 745). 

Aside from standard ARDS diagnostic criteria, patients 

were also required to have a known or suspected infec-

tion and one of the following: a white blood cell count 

> 12,000/mm3 or < 4000/mm3 or a differential count with 

> 10% band forms, or core temperature > 38 °C or < 36 °C. 

Patients were randomized to receive rosuvastatin (40 mg 

loading followed by 20 mg daily) or placebo. Primary out-

come for the trial was death before hospital discharge or 

60-day mortality. �ere were no differences in outcome 

between the treatment and placebo groups in the original 

study.

Findings of this study were compared to our previous 

LCA in the HARP-2 trial [13]. HARP-2 was a multicenter 

RCT conducted in the UK and Ireland comparing daily 

simvastatin 80 mg to placebo in 540 patients with ARDS 

[6]. Unlike SAILS, recruitment in HARP-2 was not lim-

ited to patients with sepsis. Both trials were conducted 

over a similar time period. Full protocol details of both 

trials can be found in the original studies [6, 7].

Statistical analysis

Latent class analysis (LCA)

For the purposes of this study, two separate latent class 

analyses were performed. First, as with our previous 

studies [9, 12], we used a combination of clinical and 

biomarker data at baseline (prior to randomization) 

(Table S1). Four models were built consisting of one, two, 

three, and four classes, respectively. Optimal number of 

classes was evaluated using a combination of Bayesian 

information criteria, Vuong–Lo–Mendell–Rubin like-

lihood-ratio test, entropy, and number of observations 

in each class. Detailed explanation of LCA and the pro-

cedure for optimal model selection can be found in the 

Electronic Supplementary Material. Once identified, each 

individual was assigned a class according to model-gen-

erated probabilities.

In comparison to previous NHLBI trials, the SAILS 

trial collected a more comprehensive list of variables. For 

the second LCA, in addition to the variables used in the 

first LCA, these new variables were used as class-defining 

variables. �e variables included presence of malignancy, 

recent immunosuppression (< 6  months), radiological 

lung injury score, smoking history, C-reactive protein, 

pre-morbid residence, and site of identified infection 

(Table  S1). Additionally, chronic diseases with a sam-

ple prevalence of at least 10% were also included in the 

second LCA. Less prevalent diseases were considered 
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unlikely to contribute to class definition and excluded 

from the models.

Predicting class assignment using three-variable model

In our previous work, a biomarker-based three-variable 

model was shown to have high accuracy in predicting 

subphenotypes [9, 12]. �e availability in the SAILS data-

set of C-reactive protein (CRP), a widely used marker of 

inflammation and mechanistically downstream of IL-6, 

was leveraged to test whether subphenotypes could be 

accurately classified using CRP-based logistic regres-

sion models. In line with our prior work, a three-variable 

model using CRP and two routinely measured clinical or 

laboratory variables that contributed most to defining 

subphenotypes was constructed. Next, the biomarker that 

contributed most to defining class was used alongside the 

two best clinical variables to construct a biomarker-based 

three-variable model. Receiver operator characteristics 

(ROC) and area under the curve (AUC) were calculated 

for the models and DeLong’s test was used to compare 

model performance. Finally, to test the external validity 

of the identified subphenotypes across populations, we 

used the three-variable (soluble tumor necrosis factor 

receptor-1, interleukin-8, and serum bicarbonate) parsi-

monious logistic regression model developed in our prior 

study [9] to assign subphenotype in the SAILS cohort and 

compared its accuracy with LCA-derived subphenotype 

assignment. Details of the procedure used for feature 

selection and logistic regression models can be found in 

the Electronic Supplementary Material.

Depending on distribution, data are presented either 

as mean (± standard deviation) or median (interquar-

tile range). Differences between groups were tested 

using Student t test or Mann–Whitney U test. Differ-

ences in proportions were tested using chi-squared 

test. We used logistic regression analysis with mortal-

ity at 60  days and 90  days as the outcome. Ventilator-

free days (VFD) was defined as the number of days the 

patient was alive and without ventilatory assistance to 

day 28. Death before day 28 was assigned no VFDs. 

Poisson regression was used to analyze the differential 

effect of rosuvastatin treatment versus placebo on 

VFDs across subphenotypes. Kaplan–Meier statistics 

were used to estimate 60-day survival with the popula-

tion first stratified by subphenotype followed by treat-

ment assignment. For this study, latent class models 

were fit using Mplus [15]. All other analyses were per-

formed using RStudio version 1.0.143 (http://www.

rstud io.com/).

Results
Identi�cation of optimal latent class model

Table 1 describes the fit statistics of the four LCA models 

generated. As anticipated, the Bayesian information cri-

teria (BIC) decreased sequentially with addition of a new 

class to the models. �e decrease in BIC was greatest, 

however, when moving from a one-class to a two-class 

model compared to models with more classes. Fit for the 

two-class model was a statistically significant improve-

ment compared to the one-class model (p < 0.0001). 

�ree and four class models did not provide a significant 

improvement in model fit. Entropy was highest in the 

two-class model (0.84), suggesting strong class separation 

(Table  1). On the basis of these findings, the two-class 

model was judged to be the best fit for the population.

In the two-class model, 448 (60%) of the patients were 

assigned to class 1 and 277 patients were assigned to 

class 2 (40%). �e median class assignment probability 

was 1.0 (IQR 0.98–1) for class 1 and 1.0 (IQR 0.96–1.0) 

for class 2. A class probability of greater than 0.9 was 

seen in 403 (86.1%) class 1 patients and 232 (83.8%) 

class 2 patients, indicating strong class differentiation 

of the model (Figs. S1A and S1B).

Characteristics and outcomes in ARDS subphenotypes

As in our previous studies, class 2 had characteristics 

in keeping with “hyper-inflammation”; this class will 

be referred to as the hyper-inflammatory subpheno-

type for the remainder of the manuscript. A greater 

proportion of the hyper-inflammatory patients had a 

primary diagnosis of non-pulmonary sepsis (26.8% vs 

Table 1 Model �t statistics for one- to four-class models using original set of class-de�ning variables (initial modeling)

p value represents the Vuong–Lo–Mendell–Rubin test which assesses if a model with n classes is a better �t than a model with n − 1 classes

Number of classes Bayesian information criteria Entropy Number of patients assigned to each class p value

1 2 3 4

1 60,431 745

2 59171.6 0.842 468 277 < 0.0001

3 58951.8 0.833 412 186 147 0.5122

4 58,833 0.788 236 200 176 133 0.3774

http://www.rstudio.com/
http://www.rstudio.com/
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15.2%, p < 0.0001) and were on vasopressors at base-

line (81.6% vs 38.7%, p < 0.0001) (Fig.  S2). On average, 

patients in the hyper-inflammatory subphenotype had 

lower systolic blood pressure (77 mmHg vs 87 mmHg, 

p < 0.0001), suggesting a greater proportion of these 

patients were in shock.

In comparison to the hypo-inflammatory subpheno-

type (class 1), the hyper-inflammatory subphenotype had 

significantly higher mean values for plasma IL-6, IL-8, 

sTNF-R1, ICAM-1, and PAI-1. Levels for protein C were 

significantly lower in the hyper-inflammatory subpheno-

type. LCA modeling seeks to identify subgroups that are 

heterogeneous to each other; therefore, most variables 

were significantly different between the two subpheno-

types (Table  2). Statistically, most standard laboratory 

variables were also significantly different between sub-

phenotypes; however, only differences in bilirubin and 

creatinine were clinically significant. Higher values were 

observed in the hyper-inflammatory subphenotype for 

both these variables. In keeping with our previous stud-

ies, respiratory variables were mostly similar between 

the two subphenotypes. �e relative contributions of the 

continuous variables in defining the subphenotypes are 

presented in Fig.  1. �e three-variable biomarker-based 

Table 2 Comparison of class-de�ning variables between subphenotypes

All unmarked p values represent t test

† Mann–Whitney U test

▲  Chi-squared test

Class-de�ning variables for initial LCA model Total population Hypo-in�ammatory (n = 468) Hyper-in�ammatory (n = 277) p value

Age (years) 54.1 (± 16.3) 54.2 (± 16.1) 55.2 (± 17.6) 0.106

Gender: female (%) 365 (49.0%) 238 (50.9%) 127 (45.8%) 0.187▲

Race: white (%) 590 (79.2%) 379 (81.0%) 211 (76.2%) 0.224▲

Body mass index (BMI) 30.7 (± 10.0) 29.6 (± 9.1) 30.5 (± 10.7) 0.832

ARDS risk factor: pneumonia 529 (71.0%) 357 (76.3%) 172 (62.3%) < 0.001▲

ARDS risk factor: sepsis 145 (19.5%) 71 (15.2%) 74 (26.8%)

ARDS risk factor: other 70 (9.5%) 40 (8.5%) 30 (10.9%)

Temperature (°C) 38.1 (± 1.0) 38.0 (± 0.9) 37.8 (± 1.0) 0.517

Heart rate (beats min−1) 118.4 (± 22.7) 114.4 (± 21.7) 124.0 (± 21.7) < 0.001

Systolic blood pressure (mmHg) 85.4 (± 15.62) 87.2 (± 15.7) 76.6 (± 12.3) < 0.001

Respiratory rate (breaths min−1) 32 (27–38) 33.5 (26–39.75) 35 (29–40) < 0.001†

Urine output (mL over previous 24 h) 1605 (± 1236) 1888 (± 1326) 1165 (± 967) < 0.001

Vasopressor use at baseline 406 (54.6%) 180 (38.7%) 226 (81.6%) < 0.001▲

PaO2/FiO2 ratio (mmHg) 139.3 (± 64.4) 140.2 (± 62.6) 137.0 (± 60.9) 0.437

PaCO2 (mmHg) 40.3 (± 10.8) 41.0 (± 10.3) 37.4 (± 10.9) < 0.001

Minute ventilation (L min−1) 10.8 (± 3.2) 10.7 (± 2.9) 12.1 (± 3.2) < 0.001

Tidal volume (mL) 413.5 (± 87.0) 414.7 (± 82.9) 411.3 (± 85.8) 0.659

Plateau pressure  (cmH2O) 24 (19–28) 23 (19–27) 24 (19–28) 0.111†

Peak end-expiratory pressure  (cmH2O) 10 (5–11) 10 (8–12) 10 (8–12) 0.298†

Hematocrit (%) 29.9 (± 6.14) 30.6 (± 5.6) 29.1 (± 6.3) < 0.001

White cell count  (103/µL) 15.7 (± 12.3) 14.7 (± 8.2) 19.4 (± 14.5) < 0.001

Platelets  (103/µL) 186.3 (± 124.6) 227.1 (± 140.8) 137.9 (± 126.7) < 0.001

Sodium (mmol/L) 137.8 (± 5.4) 137.5 (± 5.3) 136.7 (± 6.1) < 0.001

Glucose (mg/dL) 124.8 (± 48.8) 131.8 (± 60.1) 112.6 (± 49.8) < 0.001

Creatinine (mg/dL) 1.5 (± 1.2) 1.1 (± 0.73) 2.0 (± 1.16) < 0.001

Bicarbonate (mmol/L) 21.8 (± 5.52) 22.9 (± 4.7) 18.6 (± 4.8) < 0.001

Albumin (g/dL) 2.2 (± 0.64) 2.3 (± 0.6) 2.0 (± 0.6) < 0.001

Bilirubin (mg/dL) 0.8 (0.5–1.4) 0.8 (± 0.8) 2.0 (± 1.9) < 0.001

Interleukin-6 (pg/mL) 443.2 (173–1510) 281.7 (115.0–600.0) 1618.4 (517.2–3205.3) < 0.001†

Interleukin-8 (pg/mL) 53.3 (25.5–134.5) 34.2 (13.8–59.6) 161.6 (79.7–320.2) < 0.001†

Soluble tumor necrosis factor receptor-1 (pg/mL) 5347 (3084–8857) 3560 (2545–5624) 9685 (6558–16,125) < 0.001†

Intercellular adhesion molecule-1 (ng/mL) 357.7 (235.5–508.0) 307.9 (207.0–436.2) 450.9 (311.2–736.6) < 0.001†

Protein C (% control) 72.8 (51.5–101.1) 89.1 (65.1–115.6) 52.4 (36.0–71.2) < 0.001†

Plasminogen activator inhibitor-1 (ng/mL) 4.29 (2.18–8.98) 2.91 (1.65–5.43) 8.86 (4.2–16.8) < 0.001†
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regression model from our prior work demonstrated high 

accuracy in identifying LCA-derived subphenotypes in 

this cohort (AUC 0.95; Table  S2), suggesting that phe-

notype characteristics were similar to those identified 

previously.

Table  3 summarizes the differences in outcome 

between the two phenotypes. �e hyper-inflammatory 

subphenotype had a significantly higher 60-day mortal-

ity (36.5% vs 20.9%, p < 0.0001), higher 90-day mortality 

(37.6% vs 21.4%, p < 0.0001), and fewer ventilator-free 

days (15 days vs 23 days, p < 0.0001).

LCA models with extended class-de�ning variables

When an extended set of class-defining variables were 

used in the LCA models, the two-class model again best 

fit the population. In the extended two-class model, 

there were 462 patients in the hypo-inflammatory 

subphenotype (six fewer than initial model) and 283 

patients in the hyper-inflammatory subphenotype (six 

more than the initial model). Overall, in 98% of the 

patients the initial assignment of subphenotype remained 

unchanged with the addition of more clinical data 

(Table 4).

In the extended variable LCA, thorax (pneumonia or 

aspiration pneumonitis) as the site of infection was seen 

more frequently in the hypo-inflammatory subpheno-

type (85.8% vs 60.0%, p < 0.0001; Table 5), and the abdo-

men was the site of infection seen more frequently in 

the hyper-inflammatory subphenotype (15.2% vs 6.7%, 

p < 0.0001; Table  5). Diabetes mellitus was also signifi-

cantly more prevalent in the hyper-inflammatory sub-

phenotype (27.2% vs 20.3%, p = 0.0310), although the 

clinical significance of this difference remains uncertain 

(Table  5). C-reactive protein (CRP) was significantly 

Fig. 1 Standardized values for continuous class-predicting variables. The variables are sorted from left to right in descending order for the differ-

ence in values between the hyper-inflammatory and hypo-inflammatory subphenotype. Standardized values were calculated by assigning the 

mean of the variables as 0 and standard deviation as 1. BMI body mass index, SBP systolic blood pressure, ICAM-1 intercellular adhesion molecule-1, 

IL-6 interleukin 6, IL-8 interleukin 8, PAI-1 plasminogen activator inhibitor-1, PEEP positive end-expiratory pressure, sTNFr1 tumor necrosis factor 

receptor-1, VE minute ventilation, VT tidal volume, WBC white blood cell count

Table 3 Comparison of clinical outcomes according to subphenotypes

Ventilator-free days was assessed up to 28 days. Unmarked p values represent chi-squared test

IQR interquartile range

† Mann–Whitney U test

Outcome Hypo-in�ammatory (n = 468) Hyper-in�ammatory (n = 277) p value

60-day mortality, n (%) 98 (20.9%) 101 (36.5%) < 0.001

90-day mortality, n (%) 100 (21.4%) 104 (37.6%) < 0.001

Ventilator-free days, median (IQR) 23 (6–26) 15 (1–23) < 0.001†
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higher in the hyper-inflammatory compared to the hypo-

inflammatory subphenotype (23.6 mg/dL vs 20.5 mg/dL, 

p < 0.001).

Treatment e�ect in subphenotypes (extended variables 

LCA)

There was no evidence for a subphenotype-spe-

cific treatment benefit for rosuvastatin. Specifi-

cally, there were no significant differences observed 

between the 60-day survival curves when the popu-

lation was stratified by subphenotype and treatment 

(hypo-inflammatory p = 0.45, hyper-inflammatory 

p = 0.33; Fig.  2). In the hyper-inflammatory subphe-

notype, no significant differences in outcome were 

observed between rosuvastatin-treated and placebo 

groups in 60-day mortality, 90-day mortality, or ven-

tilator-free days to day 28. There were no significant 

treatment effects observed in the hypo-inflammatory 

subphenotype (Table  6). We also sought interactions 

between treatment response and subphenotypes. The 

analysis identified no significant interaction between 

subphenotypes and treatment allocation for either 

Table 4 Model �t statistics for one- to four-class models using extended set of class-de�ning variables

p value represents the Vuong–Lo–Mendell–Rubin test which assesses if a model with n classes is a better �t than a model with n − 1 classes

Number of classes Bayesian information criteria Entropy Number of patients assigned to each class p value

1 2 3 4

1 71748.9 745

2 70513.6 0.844 462 283 < 0.0001

3 70298.4 0.828 368 181 196 0.151

4 70181.5 0.807 230 175 168 172 0.084

Table 5 Comparison of additional class-de�ning variables between subphenotypes

Bold indicates p values < 0.05

All unmarked p values represent t test

*CRP was not used in the LCA model

▲ Chi-squared test

Additional class-de�ning variables 
for extended LCA model

Total population Hypo-in�ammatory (n = 468) Hyper-in�ammatory (n = 277) p value

Radiological opacity

 2 quadrant 127 (17.1%) 68 (14.6%) 59 (21.3%) 0.061▲

 3 quadrant 185 (24.9%) 121 (26.0%) 64 (23.15)

 4 quadrant 431 (58.0%) 277 (59.4%) 154 (55.6%)

Smoking status

 Never smoked 266 (41.6%) 168 (40.6%) 98 (43.4%) 0.721▲

 Current smoker 187 (29.2%) 121 (29.2%) 66 (29.2%)

 Former smoker 187 (29.2%) 125 (30.2%) 62 (27.4%)

Site of infection

 Thorax 591 (79.5%) 400 (85.8%) 191 (69.0%) < 0.001▲

 Abdomen 79 (10.6%) 31 (6.7%) 42 (15.2%)

 Other 73 (9.8%) 35 (7.5%) 44 (15.8%)

Pre-morbid residence

 Home 594 (79.8%) 380 (81.2%) 214 (77.5%) 0.229▲

 Other 150 (20.2%) 88 (18.8%) 62 (22.5%)

Known malignancy 89 (11.9%) 51 (10.9%) 38 (13.7%) 0.252▲

Known immunosuppression (previous 6 months) 118 (15.8%) 71 (15.2%) 47 (17.0%) 0.516▲

Known diabetes mellitus 170 (22.8%) 95 (20.3%) 75 (27.2%) 0.031▲

Known hypertension 356 (47.8%) 225 (48.1%) 131 (47.5%) 0.872▲

Known COPD 130 (17.5%) 87 (18.6%) 43 (15.6%) 0.296▲

C-reactive protein* 21.7 (± 11.8) 20.5 (± 11.5) 23.6 (± 12.3) 0.001
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90-day mortality (p = 0.95) or ventilator-free days 

(p = 0.70).

Di�erences between HARP-2 (simvastatin) and SAILS 

(rosuvastatin)

In contrast to HARP-2, we did not observe a subphe-

notype-specific treatment response in SAILS; there-

fore, post hoc, we sought to compare the patient 

populations studied in the two trials. The mean  PaO2/

FiO2 at enrollment was significantly higher in SAILS 

compared to HARP-2 (167 vs 127  mmHg; p < 0.0001). 

Despite being a trial that recruited only infection-

related ARDS, the proportion of patients that were 

vasopressor-dependent was also significantly lower 

in the SAILS trial (54% vs 66%, p < 0.0001), although 

high in both cohorts. Pneumonia was the primary risk 

factor for a higher percentage of patients in SAILS 

compared to HARP-2 (71% vs 58%, p < 0.0001).

CRP-based regression model showed moderate 

performance in predicting subphenotypes

Bicarbonate and creatinine were the two routinely 

measured clinical variables that contributed most to 

defining subphenotypes. �ese two variables in con-

junction with CRP were used to construct a logistic 

regression model to identify class. Univariate analysis 

showed that all three variables were predictors of sub-

phenotype (CRP p < 0.001, bicarbonate p < 0.0001, cre-

atinine p < 0.0001). �e three-variable regression model 

had a ROC AUC of 0.85. When the Youden index was 

used as the cutoff probability (0.41), the sensitivity of 

the model was 0.76 and specificity was 0.82 (Tables S3A 

and S3B). Soluble tumor necrosis factor recep-

tor-1 (sTNFR1) was the biomarker that contributed 

Table 6 Comparison of clinical outcomes in treatment and placebo groups according to subphenotypes

Ventilator-free days was assessed up to 28 days. p value represents chi-squared test

IQR interquartile range

Outcome Hypo-in�ammatory Hyper-in�ammatory p value

Placebo (n = 220) Rosuvastatin (n = 248) Placebo (n = 146) Rosuvastatin 
(n = 131)

60-day mortality, n (%) 42 (19.1%) 56 (22.6%) 49 (33.6%) 52 (39.7%) 0.877

90-day mortality, n (%) 44 (20.0%) 56 (22.6%) 52 (35.6%) 52 (39.7%) 0.953

Ventilator-free days, median (IQR) 24 (4–26) 23 (9.5–26) 16.5 (1–23) 13 (1–23) 0.697

Fig. 2 Kaplan–Meier survival curves to 60 days for patients in the SAILS trial; the population was stratified by ARDS subphenotype and treatment 

(rosuvastatin vs placebo). Comparison of curves using Cox proportional hazards modeling; p = 0.45 subphenotype 1 (hypo-inflammatory), p = 0.33 

subphenotype 2 (hyper-inflammatory)
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most to class definition. In comparison to the CRP-

based model, the ROC AUC for a model consisting of 

sTNFR1, bicarbonate, and creatinine was significantly 

higher (AUC 0.93, p < 0.0001).

Discussion
�is secondary analysis of the SAILS trial reports that 

using LCA, two distinct subphenotypes of ARDS best 

describe the population. As in our prior work, subphe-

notype 2 has hyper-inflammatory characteristics with 

increased mortality and fewer ventilator-free days. Find-

ings from this study expand our knowledge of ARDS 

subphenotypes by confirming the relevance of the 

hyper-inflammatory subphenotype in a more specific 

(infection-related) and contemporaneous ARDS cohort. 

In addition, these data demonstrate that expanding the 

number of clinical variables in the LCA models did not 

alter the number of classes in the population, further 

illustrating the stability of the two observed ARDS sub-

phenotypes. Unlike the LCA in the HARP-2 trial [13], no 

treatment effect with rosuvastatin was observed in either 

subphenotype in this study.

LCA modeling in the SAILS cohort revealed findings 

similar to our previous studies. In total, using the same 

procedure, we have now reported the two-class model 

optimally describing ARDS populations across four dif-

ferent NHLBI ARDS Network datasets, namely, ALVE-

OLI, ARMA, FACCT, and SAILS [9, 12]. Of these, SAILS 

is the most recent study. �e presented findings indicate 

that the two subphenotypes identified using LCA have 

contemporaneous relevance, despite changing demo-

graphics and practices in ARDS [16]. Moreover, the 

characteristics of the two subphenotypes have remained 

strikingly consistent across all datasets. Inclusion of sev-

eral new variables into the model failed to identify fur-

ther classes. Again, these findings strongly reinforce the 

validity of two subphenotypes in ARDS, as increasing 

the complexity of the model by incorporating additional 

class-defining covariates is known to increase LCA per-

formance [17]. �e high predictive accuracy of a previ-

ously derived regression-based classifier model in SAILS 

further substantiates the validity of these phenotypes in 

RCT cohorts of ARDS. Furthermore, replication of these 

findings in a fifth ARDS cohort from the UK and Ireland 

(HARP-2) albeit using a limited set of variables substanti-

ates the robustness and generalizability of the two sub-

phenotype model [13].

A distinctive feature of the current study consistent 

with our previously presented work in ARDS subpheno-

types [9, 12, 13] is that respiratory variables, including 

the  PaO2/FiO2 ratio (PF ratio), perform poorly at differ-

entiating class (Fig. 1). A recent study suggests that strati-

fication of patients by severity of ARDS using a cutoff of 

 PaO2/FiO2 ratio of 150 may lead to identification of more 

homogeneous patients in ARDS with differing anatomy 

and physiology, and would serve as a better threshold 

than the Berlin classification [18]. Interestingly, in SAILS, 

the incidence of patients with  PaO2/FiO2 < 150 was simi-

lar in both subphenotypes  (PaO2/FiO2 < 150  mmHg: 

hypo-inflammatory 60% vs hyper-inflammatory 64%, 

p = 0.35). �ese findings further support the hypothesis 

that the presented LCA-based stratification of ARDS 

cannot be identified using failure of oxygenation alone. 

In other words, despite being subgroups of ARDS, the 

classes are not representative of severity of respiratory 

failure. �ese findings, however, must be interpreted with 

caution, given that the respiratory variables used in LCA 

did not include measurements of pulmonary dead space 

nor a more quantitative measure of pulmonary edema on 

the chest radiograph, both of which have been shown to 

predict outcome in ARDS [19, 20].

Nevertheless, on the basis of the presented study, the 

prominence of biomarkers such as IL-6, IL-8, sTNFR1, 

and protein C as class-defining variables (Fig. 1) suggests 

that the differences in identified classes may be primar-

ily driven by underlying biology. �e hyper-inflammatory 

subphenotype is associated with exaggerated inflamma-

tion, and as would be anticipated, the subphenotype is 

associated with hyperbilirubinemia, higher creatinine, 

and lower platelets (Table 2). Two factors, however, sug-

gest that the subphenotypes capture information beyond 

mere severity of organ failure. First, organ failure scores, 

such as SOFA, are known to correlate poorly with pro-

inflammatory cytokines in patients with sepsis [21]. 

Second, although SOFA and APACHE scores are useful 

in prognostication, the differential treatment responses 

observed in subphenotypes in our previous work were 

not identified when measures of severity were used to 

stratify the same population [10, 13]. �ese findings sug-

gest that the LCA approach to identifying subgroups 

cannot be reproduced using conventional measures of 

disease severity.

Although the biomarker and clinical data suggest a 

strong biological association with inflammation and the 

identified classes, evidence for a direct causal pathway 

is lacking. Currently, in line with best practice [22], we 

have termed the classes “subphenotypes” because they 

represent subgroups within ARDS, itself a phenotypic 

entity. However, as the field develops, with further details 

emerging of the biological properties underlying the sub-

groups, it is likely that the nomenclature will change. 

In addition, should these subphenotypes be identifi-

able in critical illness syndromes beyond ARDS, then the 

nomenclature of the classes would also require revision 

to reflect their status as critical illness phenotypes. To 

that end, the lack of importance of respiratory variables 
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in the model coupled with SAILS being a sepsis-associ-

ated cohort of ARDS suggests that these subgroups may 

not be exclusive to ARDS; it is possible that these sub-

groups are also applicable to sepsis, where inflammation 

is central to the underlying pathophysiology.

Several groups have used peripheral leukocyte gene 

expression to identify subgroups in sepsis patients admit-

ted to the ICU [23–26]. Similar to the presented LCA 

subgroups, the subgroup identification in these studies 

is reliant on biological data. Direct comparison of sub-

groups we have identified using LCA with those identi-

fied in sepsis by transcriptomic analysis is not possible in 

the SAILS cohort because of the lack of corresponding 

transcriptomic data. Nonetheless, transcriptomic signa-

tures of subphenotypes in ARDS and LCA in sepsis are 

worthy of future study.

Why might we have observed a subphenotype-spe-

cific treatment response to simvastatin in a previous 

study (HARP-2) but no similar treatment response to 

rosuvastatin in this analysis? �ere are several potential 

explanations. First, SAILS was specific for patients with 

infection-related ARDS, while HARP-2 enrolled patients 

with a wider variety of ARDS risk factors. �is increases 

the possibility that subclasses identified in SAILS differ 

from those identified in the HARP-2 study. �is explana-

tion seems unlikely, however, considering the remarkable 

similarity in the clinical and biomarker profile between 

our current and previously identified “hyper-inflamma-

tory” class. Second, and perhaps the most likely expla-

nation, may be differences in the type of statins used in 

the two trials. Despite the absence of preclinical data, the 

investigators in the SAILS trial used rosuvastatin as the 

statin of choice. �is decision was based on the lower 

drug–drug interaction profile of rosuvastatin and an 

assumed class effect across statins in ARDS. Simvastatin, 

however, is the only statin with clinical data supporting a 

role in ARDS, although atorvastatin also has some sup-

portive preclinical data [3, 5, 27, 28]. Both are lipophilic 

molecules, whereas rosuvastatin is a hydrophilic mol-

ecule. Plasma protein expression of inflammatory bio-

markers (IL-6, CRP), cortisol, and von Willebrand factor 

in response to statin therapy are to known vary depend-

ing on whether the statin administered is hydrophilic or 

lipophilic [29–31]. Although rosuvastatin is known to 

have greater lipid-lowering potency than simvastatin [32], 

this may not confer greater anti-inflammatory activity. In 

a population-based study of sepsis, Lee and colleagues 

have recently shown reduced mortality at 30  days with 

prior use of simvastatin and atorvastatin but not rosuv-

astatin [33]. Extrapolating these data to SAILS, where the 

benefits of rosuvastin were tested in sepsis-associated 

ARDS, the assumption of class effect with all statins may 

not be valid. �e choice of a hydrophilic statin in SAILS 

may have contributed to the negative result in this study 

compared to the secondary analysis of HARP-2.

A third possible explanation may be that the severity 

of ARDS, as defined by the  PaO2/FiO2, was also differ-

ent between the two trials. In a prospective observational 

study, Mansur and colleagues found that the protection 

afforded by statin therapy in ARDS was only observed 

in those patients with severe ARDS [34]. In addition to 

lower ARDS severity, the SAILS trial also had a relatively 

low mortality rate amongst patients with severe ARDS at 

baseline (23.7%). Surprisingly, in the SAILS trial, 60-day 

mortality was highest in the mild ARDS population 

(44/145, 30.3%). If, as suggested, statin therapy is most 

effective in severe ARDS, the lower ARDS severity com-

bined with lower mortality in the severe ARDS popula-

tion may have contributed to the ineffectiveness of statin 

therapy in the SAILS trial and, consequently, within the 

hyper-inflammatory subphenotype.

SAILS provided an opportunity to assess the value of 

C-reactive protein (CRP) for subphenotype identification. 

CRP is a widely used acute-phase reactant that is associ-

ated with increased mortality in critically ill patients [35]. 

CRP is known to be under regulatory control of numer-

ous pro-inflammatory cytokines, with IL-6 being one of 

its chief regulators [36]. Given the importance of IL-6 as 

a class-defining variable (Fig. 1), we anticipated that CRP 

might be a useful variable to identify class. Despite the 

circular nature of the analysis, where the same data were 

used for model, and dependent variable generation, the 

CRP-based classifier models performed only modestly. In 

particular, compared to parsimonious models that incor-

porated biomarkers, the CRP-based model had inferior 

accuracy. It may be that, consistent with previous studies, 

absolute values of CRP are not reliable as indicators of 

severity of inflammation in ARDS or in critical illness [37, 

38]. �ese findings suggest that research biomarkers such 

as sTNFR1, IL-6, or IL-8 are likely to be essential impor-

tant components of accurate parsimonious classifier 

models that will need to be tested prospectively. �e per-

turbing influence of anthropometric factors such as age 

and BMI that have been observed with CRP but not with 

IL-6 and IL-8 may in part explain this observation [39]. 

In addition, the higher incidence of liver impairment in 

the hyper-inflammatory subphenotype may also lead to 

lower than expected CRP levels compromising its utility 

as a classifier [40].

�is study has several strengths. LCA was performed 

using a data-driven unbiased approach. Enhanced com-

plexity of class-defining variables in the LCA models 

adds to the robustness of the findings of two ARDS sub-

phenotypes. �e studied population of 745 patients was 

the most contemporaneous and comprehensive database 

in which we have applied LCA and represents a large 
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cohort of infection-related ARDS patients. �ese results 

along with our previous work underline the generalizabil-

ity of subphenotypes across varying ARDS populations.

�is study also has limitations. �e presented study 

is a secondary post hoc analysis of an RCT, limiting any 

observations to inferential or associative. Prospective 

studies are needed before we can apply ARDS subphe-

notypes in clinical practice or clinical trials. �e com-

plexity of LCA models renders them impractical and 

inaccessible as clinical tools. Parsimonious models that 

identify subphenotypes using a limited set of variables 

are required to improve their clinical feasibility. Another 

rate-limiting step in identifying subphenotypes at the 

bedside is the inability to measure biomarkers rapidly, 

in real time, and in a cost-effective manner. Technology 

that supports such measurements may be essential for 

subphenotype identification in the clinical setting. Con-

structing models that only utilize readily available clinical 

data may be useful and accelerate identification of sub-

phenotypes in clinical practice and require further inves-

tigation. Finally, LCA subphenotypes have so far been 

limited to RCTs. A recent study, using alternative meth-

ods to identify subgroup in ARDS, suggests that a hyper-

inflammatory subphenotype also exists in observational 

cohorts [41]. Further studies are needed to confirm these 

findings using LCA.

Conclusion
�is analysis confirms the existence of two discrete sub-

phenotypes in a contemporary and specific subset of 

ARDS population. No treatment effect was observed 

with rosuvastatin therapy within subphenotypes. We 

postulate that this observation was due to RCT design 

factors and specifically the choice of statin, rather than 

features of the subphenotypes per se. �e consistency of 

our findings in this analysis and previous studies support 

future investigations that can elucidate the underlying 

differences in biology, physiology, and pathology between 

subphenotypes. Promisingly, introduction of technol-

ogy that permits bedside identification of subphenotypes 

may lead to an era of subphenotype-based and biology-

specific clinical trials, which in turn could significantly 

impact patient outcomes.
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