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Abstract 

Purpose: Sepsis is a heterogeneous syndrome and identification of sub-phenotypes is essential. This study used 
trajectories of vital signs to develop and validate sub-phenotypes and investigated the interaction of sub-phenotypes 
with treatment using randomized controlled trial data.

Methods: All patients with suspected infection admitted to four academic hospitals in Emory Healthcare between 
2014–2017 (training cohort) and 2018–2019 (validation cohort) were included. Group-based trajectory modeling was 
applied to vital signs from the first 8 h of hospitalization to develop and validate vitals trajectory sub-phenotypes. The 
associations between sub-phenotypes and outcomes were evaluated in patients with sepsis. The interaction between 
sub-phenotype and treatment with balanced crystalloids versus saline was tested in a secondary analysis of SMART 
(Isotonic Solutions and Major Adverse Renal Events Trial).

Results: There were 12,473 patients with suspected infection in training and 8256 patients in validation cohorts, 
and 4 vitals trajectory sub-phenotypes were found. Group A (N = 3483, 28%) were hyperthermic, tachycardic, tachyp-
neic, and hypotensive. Group B (N = 1578, 13%) were hyperthermic, tachycardic, tachypneic (not as pronounced as 
Group A) and hypertensive. Groups C (N = 4044, 32%) and D (N = 3368, 27%) had lower temperatures, heart rates, and 
respiratory rates, with Group C normotensive and Group D hypotensive. In the 6,919 patients with sepsis, Groups A 
and B were younger while Groups C and D were older. Group A had the lowest prevalence of congestive heart failure, 
hypertension, diabetes mellitus, and chronic kidney disease, while Group B had the highest prevalence. Groups A and 
D had the highest vasopressor use (p < 0.001 for all analyses above). In logistic regression, 30-day mortality was signifi-
cantly higher in Groups A and D (p < 0.001 and p = 0.03, respectively). In the SMART trial, sub-phenotype significantly 
modified treatment effect (p = 0.03). Group D had significantly lower odds of mortality with balanced crystalloids 
compared to saline (odds ratio (OR) 0.39, 95% confidence interval (CI) 0.23–0.67, p < 0.001).

Conclusion: Sepsis sub-phenotypes based on vital sign trajectory were consistent across cohorts, had distinct out-
comes, and different responses to treatment with balanced crystalloids versus saline.
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Introduction

Sepsis is a heterogeneous syndrome characterized by a 
dysregulated host response to infection that results in 
270,000 deaths and $60 billion in hospital costs in the 
United States of America (USA) annually [1–3]. Dec-
ades of clinical trials have not identified therapies that 
consistently benefit patients with sepsis overall [4]. It 
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is hypothesized that these negative trials occur due to 
between-patient variability in response to treatment 
[5]. Thus, subtyping the heterogeneous syndrome of 
sepsis into distinct “physiological states of interest” 
may lead to precision therapies targeted toward treat-
able traits [6].

Prior studies have identified between two to six 
sepsis sub-phenotypes by applying unsupervised 
approaches, such as k-means and latent class analysis, 
to clinical and biomarker data from electronic health 
records and randomized control trials [7–11]. Most 
studies have identified sub-phenotypes using static 
measurements of biomarkers or vital signs. However, 
sepsis is a dynamic process with biological and physi-
ological responses that evolve over minutes to hours 
[12–14]. This “temporal instability” of sepsis suggests 
that static snapshots of labs and vitals may not identify 
sub-phenotypes that are consistent over time [15–19]. 
Using longitudinal data may more precisely identify 
sepsis sub-phenotypes that differ in clinical character-
istics, outcomes, and responses to treatment [20–24]. 
Additionally, routine bedside measurements such as 
vital signs may allow for increased feasibility in preci-
sion enrollment for clinical trials.

Most sub-phenotype models are developed using 
data from patients who present to the emergency 
department (ED) with established organ dysfunction 
and sepsis. However, this excludes informative data 
from infected patients who will go on to develop sepsis 
later in the hospitalization. To develop a sub-pheno-
type model for prospective implementation in the ED, 
the model would ideally be generalizable and applica-
ble to all patients presenting with infection, because 
at point of presentation it would be uncertain which 
patients will go on to meet formal sepsis criteria. This 
study was designed with prospective implementation 
in mind, and thus we chose to develop and validate the 
sepsis sub-phenotype model in all patients presenting 
with suspected infection, and subsequently evaluated 
the performance of the model specifically in patients 
with sepsis.

The objectives of this study were to: (1) develop and 
validate dynamic sub-phenotypes in patients with 
infection using longitudinal vital signs (temperature, 
heart rate, respiratory rate, and blood pressure) meas-
ured within the first 8  h of hospital presentation; (2) 
evaluate the clinical characteristics and outcomes of 
the vitals trajectory sub-phenotypes in patients with 
sepsis; (3) test whether sub-phenotype modifies the 
effect of treatment with balanced crystalloids versus 
saline on mortality in patients with sepsis using data 
from a randomized controlled trial (RCT) [25].

Methods
Study design
The first part of the study was a retrospective, observa-
tional study performed in the Emory Healthcare system 
to develop and validate vitals trajectory sub-phenotypes. 
The second part of the study was a secondary analysis of 
patient-level data from the Isotonic Solutions and Major 
Adverse Renal Events Trial (SMART) performed at Van-
derbilt University Medical Center. The retrospective, 
observational study was approved by the Emory Insti-
tutional Review Board (IRB) with waiver of informed 
consent, and the secondary analysis of de-identified data 
from the RCT was considered by the Emory IRB to be 
non-human subject research (STUDY00001815).

Study cohort
In the observational study, all adult patients admitted 
though the ED to four hospitals in the Emory Healthcare 
system between January 2014 and December 2019 were 
eligible for study inclusion. Patients with evidence of sus-
pected infection were identified in the electronic health 
record using a combination of antibiotic administration 
(oral or parenteral) and body fluid culture collection 
(blood, urine, or cerebrospinal fluid) [8], with the cohort 
further limited to patients who received antibiotics 
within 6 h of presentation. Patients who died or were dis-
charged in the first 8 h were excluded since study analyses 
used vital signs from the first 8 h of hospital presentation. 
Patients transferred to other hospitals were excluded for 
incomplete outcome information. Finally, patients with 
less than 3 complete sets of vital signs in the first 8 h were 
excluded, because development of the trajectory model 
requires multiple longitudinal measurements. The multi-
center cohorts of patients with suspected infection were 
partitioned into training and validation cohorts by year 
of admission, with admissions between 2014 and 2017 
partitioned to training and admissions between 2018 and 
2019 partitioned to validation. The temporally distinct 
validation cohort was designed to emulate prospective 

Take‑home message 

In a multi-center retrospective analysis of 20,729 hospitalized 
patients with suspected infection, four subphenotypes were iden-
tified following distinct trajectories of vital signs over the first 8 
hours of hospitalization. These vitals trajectory subphenotypes had 
distinct baseline clinical characteristics, lab abnormalities, organ 
dysfunction profiles, and outcomes. In a secondary analysis of a 
randomized control trial of balanced crystalloids versus saline, sub-
phenotype significantly modified the effect of intravenous fluid on 
mortality. The four sepsis subphenotypes based on universally avail-
able vital signs may have different responses to treatment and could 
inform precision enrollment for clinical trials.
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implementation of the sub-phenotype model across the 
four hospitals to test generalizability. Given the objective 
to emulate prospective implementation, where we would 
not have the knowledge of whether the patient will go 
on to meet formal sepsis criteria, we developed and vali-
dated the sub-phenotype model in all-comers presenting 
to the ED with suspected infection.

Measurement of vital signs
Oral temperature, heart rate, respiratory rate, systolic and 
diastolic blood pressure from the first 8  h of presenta-
tion to the hospital were included. Erroneous recordings 
of vital signs were identified and excluded as per prior 
publications [26]. The vitals data were split into eight 1-h 
blocks of time. For missing vital signs (i.e., no vital signs 
measured at a particular hour), no imputation process 
was employed because the group-based trajectory model 
(GBTM) algorithm outlined below handles missing data 
through likelihood estimation. If multiple measurements 
were available in a 1-h period, the mean measurement 
was used for analysis. All vital signs in the training and 
validation cohort were standardized to the mean and 
standard deviation of that vital sign in that cohort.

Group‑based trajectory model development 
and validation
The GBTM algorithm was applied to vitals data in the 
training cohort. GBTM is an application of finite mixture 
modeling and is used to identify groups of individuals 
following similar trajectories of variables over time [27, 
28]. The algorithm computes the underlying coefficients 
for the polynomial functions describing the trajecto-
ries of the vital signs over time for each of the groups. 
Prior to fitting the model, we used likelihood ratio test-
ing to determine the best-fit polynomial shape for each 
vital sign (i.e., linear vs. quadratic). Using GBTM, we 
pre-specified the selected polynomial shapes for each 
vital sign, and tested two, three, four, five, and six-group 
models. The resulting models with varying numbers 
of sub-phenotypes were compared using: (1) Bayesian 
Information Criteria (BIC)—a metric of how well the 
model fits the data, with penalization for increasing com-
plexity, and (2) Subgroup distribution—if one or more 
sub-phenotypes contained less than five percent of the 
cohort, the model was not eligible for selection. After 
the optimal model was selected, patients were assigned 
the sub-phenotype for which they had the highest prob-
ability of group membership. Model goodness-of-fit was 
assessed by ensuring the average posterior probability 
of group membership was ≥ 70% for all sub-phenotypes. 
The agreement between the full 8-h model and parsi-
monious models with 1 to 7  h of vitals data were eval-
uated to test whether fewer vital sign measurements 

were sufficient for classification. The full 8-h training 
model was then applied to the validation data: The sub-
phenotypes are defined by a set of five unique polyno-
mial functions describing each vital sign as a function 
of time from presentation to the hospital (i.e., Tempera-
ture = β0 + β1*Time + β2*Time2). As done in prior work, 
patients in the validation cohort were classified to the 
sub-phenotype trajectory that resulted in the lowest 
mean squared error [22, 23].

Model performance in patients with sepsis in training 
and validation cohorts
Patients with sepsis were identified from the overall 
cohort of infected patients using Sequential Organ Fail-
ure Assessment (SOFA) score ≥ 2 in the first 24  h of 
admission. Differences in demographics, comorbidities, 
and clinical characteristics between sub-phenotypes 
in patients with sepsis were compared using analysis of 
variance (ANOVA) or chi-squared tests, as appropriate. 
The sepsis sub-phenotypes were evaluated for association 
with the need for renal replacement therapy, mechanical 
ventilation, vasopressors, inotropes, and 30-day hospital 
mortality. The above analyses were repeated on (1) the 
overall cohort of patients with infection, (2) patients with 
suspicion of infection meeting ≥ 2 Systemic Inflamma-
tory Response Syndrome (SIRS) criteria in the first 24 h, 
and (3) patients with suspicion of infection and fewer 
than 3 sets of vital signs in the first 8 h.

Association of sub‑phenotypes with laboratory values
Laboratory values from the first 24  h of hospitaliza-
tion were compared between sub-phenotypes: white 
blood cell (WBC) count, absolute neutrophils, absolute 
lymphocytes, neutrophil-to-lymphocyte ratio, C-reac-
tive protein (CRP), erythrocyte sedimentation rate 
(ESR), hemoglobin, platelets, international normalized 
ratio (INR), serum creatinine, albumin, total bilirubin, 
B-Natriuretic Peptide (BNP), and lactic acid. If a patient 
had multiple measurements of a lab, the maximum value 
from the first 24 h of hospitalization was used (for hemo-
globin, platelets, and albumin, the minimum value was 
used). No imputation process was used for missing labs. 
Lab values were compared between sub-phenotypes 
using ANOVA. Given the pre-specified set of 14 lab tests, 
all tests of significance were corrected for multiple test-
ing using Bonferroni correction. We tested whether the 
addition of laboratory values to the GBTM model signifi-
cantly changed sub-phenotype assignments compared to 
the vitals-only model.

Association of sub‑phenotypes with mortality
The primary prognostic outcome was 30-day hospital 
mortality. Logistic regression was performed to evaluate 
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the association between sub-phenotypes and 30-day 
mortality adjusting for age, sex, race, and comorbidities 
(congestive heart failure, chronic pulmonary disease, dia-
betes mellitus, hypertension, chronic kidney disease, liver 
disease, and metastatic cancer). The most prevalent sub-
phenotype in the overall cohort served as the reference 
group.

Heterogeneity of treatment effect for intravenous fluids
The SMART trial was a cluster-randomized cluster-
crossover trial that compared balanced crystalloids ver-
sus saline in critically ill adults admitted to Vanderbilt 
University Medical Center [25]. In this secondary analy-
sis of the SMART trial, the vitals trajectory model was 
applied to vital signs from the first 8 h of hospitalization 
for study patients enrolled with a diagnosis of sepsis. 
We excluded patients transferred from other hospitals 
and those who were transferred to the intensive care 
unit (ICU) more than 72  h after hospital presentation. 
The vitals used for sub-phenotype classification were 
restricted to vitals measured prior to administration of 
study fluid (given that fluid itself could alter the trajec-
tory of vital signs). Vital signs were standardized to the 
mean and standard deviation of the original training data 
and the study patients were classified to the sub-pheno-
type trajectory that resulted in the lowest mean squared 
error [22, 23]. Clinical characteristics and outcomes were 
compared between the sub-phenotypes.

The primary outcome (30-day hospital mortality) in 
each sub-phenotype was compared between balanced 
crystalloid and saline treatment arms adjusting for pre-
specified baseline covariates [25, 29]. Heterogeneity of 
treatment effect (HTE) was tested in a model includ-
ing the baseline covariates, sub-phenotypes, treatment 
assignment, and interaction terms between the sub-phe-
notype and treatment assignment. P-values for HTE were 
calculated using likelihood ratio test between the nested 
model without interaction terms and full model with 
interaction terms. A simulation study was performed to 
test the feasibility of application of the vitals trajectory 
model in real-time precision enrollment in the SMART 
trial (Supplementary Methods).

Results
The retrospective cohort included 20,729 patients with 
suspected infection who received antibiotics within 
6 h of hospital presentation, with 12,473 patients in the 

training cohort (admitted between 2014 and 2017) and 
8256 patients in the validation cohort (admitted between 
2018 and 2019) (Supplementary Fig. 1). The 4-group tra-
jectory model had the highest BIC of the models with 
adequate subgroup distribution (Supplementary Table 1) 
and had an average posterior probability of group mem-
bership > 90% for all sub-phenotypes. The importance 
of individual vitals in the final trajectory model are pre-
sented (Supplementary Table 2).

Group A patients (N = 3483, 28%) were hyperthermic, 
tachycardic, and tachypneic and were relatively hypo-
tensive. Group B (N = 1578, 13%) were also hyperther-
mic, tachycardic and tachypneic, but not as pronounced 
as Group A, and were hypertensive. Group C (N = 4044, 
32%) and Group D (N = 3368, 27%) had lower tempera-
tures, heart rates, and respiratory rates, with Group C 
being normotensive and Group D being the most hypo-
tensive sub-phenotype. The trajectory shapes in the vali-
dation cohort were similar to the training cohort (Fig. 1). 
Baseline vital signs alone had 69.6% accuracy in predict-
ing sub-phenotype membership compared to the full 
8-h model, but each additional hour of vital signs signifi-
cantly increased accuracy (Supplementary Fig. 2).

In the training cohort, there were 6,919 patients meet-
ing criteria for sepsis (defined as SOFA ≥ 2 in the first 
24 h). Groups A and B were younger with a median age of 
58 years, while Groups C and D were older with a median 
age of 70 and 69  years, respectively (p < 0.001). Baseline 
prevalence of comorbidities were significantly differ-
ent between sub-phenotypes (p < 0.001): Group A had 
the lowest prevalence of congestive heart failure (26%), 
hypertension (59%), diabetes mellitus (31%), and chronic 
kidney disease (29%), but the highest prevalence of meta-
static cancer (10%). Group B had the highest prevalence 
of congestive heart failure (40%), hypertension (91%), 
and chronic kidney disease (57%). Admission to the ICU 
was higher in Groups A, B and D (39%, 33%, and 33%) 
than in Group C (22%) (p < 0.001). Requirement of renal 
replacement therapy during hospitalization was high-
est in Group B (p < 0.001). Vasopressor use was higher in 
Groups A and D, and inotrope use was highest in Group 
D (p < 0.001). 30-day hospital mortality was significantly 
different between sub-phenotypes (p = 0.02): 3.8% for 
Group A, 2.2% Group B, 2.4% Group C, and 3.7% Group 
D (Table 1).

Among the 2,759 patients with sepsis in the valida-
tion cohort, the relative distribution of demographics, 

Fig. 1 Group-based trajectory modeling of vital signs in the training and validation cohorts. Using group-based trajectory modeling, four vitals 
trajectory sub-phenotypes were identified in the training and validation cohorts. Group A patients (N = 3483, 28%) were hyperthermic, tachycardic, 
and tachypneic and had relatively lower systolic and diastolic blood pressure. Group B (N = 1578, 13%) were also hyperthermic, tachycardic and 
tachypneic, but not as pronounced as Group A, and were hypertensive. Group C (N = 4044, 32%) and Group D (N = 3368, 27%) had lower tempera-
tures, heart rates, and respiratory rates, with Group C normotensive and Group D being the most hypotensive sub-phenotype

(See figure on next page.)
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Fig. 1 (See legend on previous page.)
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comorbidities, and outcomes of the sub-phenotypes 
were similar to the training cohort (Table 1). In the vali-
dation cohort, admission to ICU was higher in Groups 
A, B, and D compared to Group C (p < 0.001); require-
ment of renal replacement therapy was highest in Group 
B (p < 0.001); vasopressor use was higher in Groups A 
and D (p < 0.001). Mortality for the sub-phenotypes was 
4.7% for Group A, 3.8% Group B, 2.3% Group C, and 
5.2% Group D (p = 0.04). The relative distribution of sub-
phenotype characteristics were also similar in the overall 
cohort of infected patients and across varying inclusion 
criteria (Supplementary Tables 3–5).

Association of sub‑phenotypes with laboratory values
Several laboratory markers were significantly different 
between the 4 sub-phenotypes in both training and vali-
dation cohorts. In the training cohort, Group A had the 
highest WBC count, neutrophil-to-lymphocyte ratio, 

and lactic acid levels (p < 0.001) (Fig. 2); Group B had the 
highest serum creatinine and BNP (p < 0.001); Groups A 
and D had lower albumin (p < 0.001); Group D had the 
lowest hemoglobin (p < 0.001). The relative distributions 
of laboratory values were similar in the validation cohort 
(Supplementary Fig. 3, Supplementary Tables 6 & 7). The 
addition of laboratory markers to clustering did not sig-
nificantly change sub-phenotype membership (Supple-
mentary Table 8).

Association of sub‑phenotypes with mortality
In logistic regression adjusting for age, demographics, 
and comorbidities, with Group C as the reference group, 
30-day mortality was significantly higher in Group A 
(Training cohort: odds ratio (OR) 1.96, 95% confidence 
interval (CI) 1.32–2.91, p < 0.001; Validation cohort: OR 
2.50, 95% CI 1.31–4.77, p = 0.005). Mortality was also sig-
nificantly higher in Group D (Training cohort: OR 1.54, 

Table 1 Comparison of clinical characteristics between sub‑phenotypes of patients with sepsis in the training and valida‑
tion cohorts

Presented are the comparison of demographics, comorbidities, and outcomes between sub-phenotypes A, B, C, and D in training and validation cohorts. Age is 
presented as median, and all other values are presented as percentages. Inotropes are defined as dobutamine and milrinone. Mortality represents 30-day hospital 
mortality. p values signify the results of comparisons between sub-phenotypes through chi-squared or ANOVA testing, as appropriate

CHF congestive heart failure, Pulmonary chronic pulmonary disease, DM diabetes mellitus, CKD chronic kidney disease, Liver chronic liver disease, Cancer metastatic 
cancer, ICU intensive care unit

Training cohort (2014–2017) Validation cohort (2018–2019)

A B C D p value A B C D p value

N (%) 2024 (29) 787 (11) 1847 (27) 2261 (33) 877 (32) 290 (11) 609 (22) 983 (36)

Characteristics
Age, years 58 58 70 69  < 0.001 62 61 71 70  < 0.001

Sex, male 50 57 56 51  < 0.001 51 59 55 50 0.03

Race  < 0.001  < 0.001

 Black 43 61 33 27 40 54 31 27

 White 50 34 60 67 51 39 62 66

 Other 7.2 4.8 6.9 6.6 9.7 6.6 7.4 7.1

 Hispanic 4.4 2.7 2.8 2.9 0.2 5.1 2.1 3.4 4.5 0.05

Comorbidities
 CHF 26 40 36 36  < 0.001 30 39 38 38 0.001

 Pulmonary 32 32 32 32 0.9 30 34 36 30 0.04

 Hypertension 59 91 81 69  < 0.001 58 87 83 67  < 0.001

 DM 31 42 42 36  < 0.001 33 48 39 35  < 0.001

 CKD 29 57 46 41  < 0.001 28 41 38 38  < 0.001

 Liver 16 14 14 18 0.001 15 9.7 13 15 0.1

 Cancer 10 4.4 4.5 7.1  < 0.001 12 7.6 6.1 9.3 0.001

Outcomes
 ICU 39 33 22 33  < 0.001 52 46 33 44  < 0.001

 Dialysis 8.8 30 13 11  < 0.001 7.6 16 13 12  < 0.001

 Ventilator 15 12 12 10  < 0.001 18 23 17 15 0.009

 Vasopressors 19 12 14 20  < 0.001 28 17 22 29  < 0.001

 Inotropes 3.4 1.1 2.8 4.5  < 0.001 4.8 1.7 2.3 4.5 0.01

 Mortality 3.8 2.2 2.4 3.7 0.02 4.7 3.8 2.3 5.2 0.04
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95% CI 1.05–2.24, p = 0.03; Validation cohort: OR 2.51, 
95% CI 1.35–4.68, p = 0.004) (Fig. 3).

Heterogeneity of treatment effect for intravenous fluids
Of the 1641 patients with sepsis in the SMART trial, 368 
were excluded for not having documented vital signs 
prior to fluid administration, 285 for transferring from 
other hospitals, and 154 for hospitalization longer than 
72 h prior to trial enrollment. Enrollment criteria for the 

SMART trial cohort are compared to the observational 
cohorts in Supplementary Table 9. The 834 study patients 
were classified into the 4 sub-phenotypes: Group A 
(N = 319, 38%), Group B (93, 11%), Group C (100, 12%), 
and Group D (322, 39%). Consistent with our primary 
results, Group A was the youngest, while Group D was 
the oldest (median 53 years vs 63 years, p < 0.001). Group 
A had the lowest prevalence of congestive heart failure, 
hypertension, and chronic kidney disease. Groups B and 

Fig. 2 Laboratory values compared between vitals trajectory sub-phenotypes in sepsis patients in the training cohort. Laboratory values (most 
abnormal values in the first 24 h of hospitalization) were compared between the vitals trajectory sub-phenotypes using ANOVA testing. All labora-
tory values presented were significantly different between sub-phenotypes after multiple testing correction either in the training or validation 
cohorts. Group A had the highest white blood cell count, neutrophil-to-lymphocyte ratio, and lactic acid levels (p < 0.001). Group B had the highest 
creatinine and BNP levels (p < 0.001). Group D had the lowest hemoglobin (p < 0.001). These relative distributions of labs were similar in the valida-
tion cohort. NLR neutrophil-to-lymphocyte ratio, INR international normalized ratio, BNP Brain natriuretic peptide
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D had high baseline prevalence of congestive heart fail-
ure and chronic kidney disease. 30-day hospital mortality 
was significantly different between the sub-phenotypes 
(p = 0.02): Group A (21%), Group B (14%), Group C 
(22%), and Group D (28%) (Supplementary Tables 10 and 
11).

In logistic regression, Group D had a significantly lower 
OR of 30-day mortality with balanced crystalloids com-
pared to saline (OR 0.39, 95% CI 0.23–0.67, p < 0.001) 
(Fig.  4). There was significant HTE between sub-phe-
notype and treatment assignment in predicting 30-day 
mortality (p = 0.03). In a sensitivity analysis limited to 
patients with a complete set of 3 vital signs before fluid 
administration (N = 335), there remained significant 
HTE (p = 0.04), with lower OR of mortality with balanced 
crystalloids in Group D (OR 0.35, 95% CI 0.15–0.79, 
p = 0.01).

Across 1000 simulation experiments of real-time clas-
sification of study patients, 607 experiments detected a 
significant enough mortality benefit from balanced crys-
talloids in Group D to warrant early stopping of the clini-
cal trial (mortality difference > 10% at a p value of < 0.05) 
(Supplementary Table 12).

Discussion
We present novel dynamic sub-phenotypes developed 
and validated using universally available vital signs from 
a broad cohort of patients presenting to the ED with 
suspected infection. The sub-phenotypes demonstrate 
strong generalizability in patients with sepsis in the train-
ing cohort and a temporally distinct validation cohort, 
and in critically ill patients with sepsis in an RCT cohort 
from a different institution. The sub-phenotypes have 
distinct baseline characteristics, lab abnormalities, and 
patterns of organ dysfunction. Finally, the sub-pheno-
types demonstrate significantly different responses to 
balanced crystalloids and saline, suggesting these sub-
phenotypes could play a role in the precision medicine 
approach to sepsis.

Whether a patient with infection will go on to develop 
organ dysfunction and sepsis is often uncertain at pres-
entation to the ED. The vitals trajectory sub-phenotypes 
were developed on a broad cohort of patients present-
ing with suspected infection so that the model could be 
applied to patients with or without established sepsis on 
presentation. Using this generalizable sub-phenotype 
model, we found robust results with similar distribution 
of sub-phenotype clinical characteristics and outcomes 
in patients with infection, patients with sepsis, patients 

Fig. 3 Odds ratio for 30-day hospital mortality compared between vitals trajectory sub-phenotypes in patients with sepsis. The vitals trajectory 
sub-phenotypes were evaluated for association with 30-day hospital mortality. Logistic regression was performed adjusting for age, sex, race, and 
comorbidities, with Group C as the reference group since this was the most prevalent sub-phenotype. 30-day mortality was significantly higher in 
Group A (Training cohort: OR 1.96, 95% CI 1.32–2.91, p < 0.001; Validation cohort: OR 2.50, 95% CI 1.31–4.77, p = 0.005). Mortality was also signifi-
cantly higher in Group D (Training cohort: OR 1.54, 95% CI 1.05–2.24, p = 0.03; Validation cohort: OR 2.51, 95% CI 1.35–4.68, p = 0.004)
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meeting SIRS criteria, patients with sparse vital signs 
data, and ICU patients with sepsis.

Prior studies on subtyping acute respiratory distress 
syndrome (ARDS) and sepsis have identified between 
two to six sub-phenotypes, with some studies using 
transcriptomic data and others using clinical data from 
electronic health records and RCTs [7, 30]. Calfee and 
colleagues identified two consistent ARDS sub-pheno-
types across multiple trials with differences in inflam-
matory biomarkers and responses to treatments [31]. In 
sepsis, there has been more variability in clinical sub-
phenotypes. Seymour et  al. identified four sub-pheno-
types using labs and vitals, but these sub-phenotypes 
did not have significant interaction with treatments in 
RCTs [8]. Shankar-Hari et al. identified two sub-pheno-
types in the VANISH trial and three sub-phenotypes in 
the LeoPARDS trial using clinical and biomarker data, 
with a consistent hyperinflammatory sub-phenotype 
associated with higher mortality, but without HTE [7]. 
Gardlund et  al. reported six sub-phenotypes of septic 
shock using the PROWESS Shock Study without treat-
ment effect differences between groups [11]. The lack 
of treatment differences in sepsis sub-phenotypes could 

be due to lack of statistical power, clinical trial design 
(explanatory rather than pragmatic), or true lack of 
HTE [7, 32]. The distinctive strengths of our clini-
cal sub-phenotypes are: (1) the use of routine bedside 
measurements, (2) the use of longitudinal measure-
ments, and (3) the identification of HTE to the type of 
intravenous fluid.

Sepsis is a dynamic process characterized by rapidly 
evolving physiological responses that may not be ade-
quately captured by static measurements [14, 33]. Com-
pared to traditional static clustering methods, GBTM 
has the advantage of modeling the dynamic evolution of 
physiology over time. Additionally, GBTM sub-pheno-
types are represented by clinically interpretable trajecto-
ries of clinical variables. When GBTM was applied to our 
cohort, we found that Group A were the hyperthermic, 
tachycardic, tachypneic, and hypotensive sub-phenotype. 
Group A had high lactate, WBC count, and neutrophil-
to-lymphocyte ratio. Group B were hyperthermic, tach-
ycardic, and tachypneic, but not to the extent of Group 
A. In addition, these patients were hypertensive and had 
high prevalence of baseline comorbidities including con-
gestive heart failure and chronic kidney disease. Groups 
C and D had lower temperatures, heart rates, and res-
piratory rates. Group C was normotensive while Group 
D was the most hypotensive sub-phenotype. Groups A 
and D had higher odds ratio of mortality in both train-
ing and validation cohorts compared to Group C (con-
sidered the reference group as it was the predominant 
sub-phenotype).

One of the most common interventions in sepsis is 
intravenous fluids. There is evidence that dynamic vital 
signs could guide fluid resuscitation strategies [34–36]. In 
the secondary analysis of the SMART trial, we found sig-
nificant heterogeneity in the treatment effect of balanced 
crystalloids versus saline across the sub-phenotypes. 
Group D (low temperature, heart rate and respiratory 
rate, and hypotensive) had the highest benefit from bal-
anced crystalloids compared to saline, with significantly 
lower 30-day hospital mortality. In future clinical trials, 
Group D may be the target sub-phenotype for precision 
enrollment comparing balanced crystalloids and saline. 
Development of this trajectory model required three sets 
of vital signs over the first 8 h. However, the model can be 
applied in real-time without the entire 8 h for sub-pheno-
type classification. The feasibility of real-time application 
was demonstrated through a simulation study, in which 
patients in the SMART trial were assigned to Group D if 
they met a pre-specified probability threshold. We found 
that a majority of the simulated trials resulted in early 
stopping due to detection of a clinically and statistically 
significant mortality benefit from balanced crystalloids 
for Group D.

Fig. 4 Heterogeneity of treatment effect to balanced crystalloids (BC) 
and saline. In this secondary analysis of the Isotonic Solutions and 
Major Adverse Renal Events Trial (SMART), Group D had a significantly 
lower OR of 30-day mortality with balanced crystalloid treatment 
compared to saline (OR 0.39, 95% CI 0.23–0.67, p < 0.001). The other 
sub-phenotypes were not significantly associated with mortality: 
Group A OR 0.75 (95% CI 0.40–1.39, p = 0.4); Group B OR 2.60 (95% CI 
0.54–12.53, p = 0.2); Group C OR 0.60 (95% CI 0.21–1.76, p = 0.4). Since 
the entire confidence interval for Group B could not be presented in 
the figure, the arrow signifies that the confidence interval extends 
beyond the axis. There was significant heterogeneity of treatment 
effect between sub-phenotypes and treatment assignment in pre-
dicting 30-day mortality (p = 0.03)
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The study has several limitations. First, the retrospec-
tive nature of the study limits causal inferences. Second, 
the secondary analysis of the RCT may be underpow-
ered to detect HTE. Third, the SALT-ED trial may serve 
as a complementary cohort to evaluate sub-phenotype 
modification of treatment effect in patients who were 
admitted to the wards instead of the ICU. Fourth, tem-
poral sub-phenotypes may be modified by treatments 
within the sub-phenotyping window. Fifth, laboratory 
markers were collected as clinically indicated, result-
ing in missing data. Sixth, measurement variability in 
respiratory rates may occur due to method of measure-
ment (bedside monitors versus visual measurements). 
Finally, these findings may not be generalizable to hos-
pital-acquired infections.

The vitals trajectory sub-phenotypes with distinct 
clinical characteristics and organ dysfunction profiles 
capture the dynamic complexity of sepsis. These sub-
phenotypes may respond differently to resuscitation 
and sepsis management strategies. Finally, the sub-
phenotypes could be used for precision enrollment of 
future clinical trials and may play a role in the transi-
tion from the one-size-fits-all approach to the precision 
medicine approach to sepsis management.
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