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Abstract
Background: Clinical and biologic phenotypes of sepsis are proposed in human studies, yet it is unknown whether
prognostic or drug response phenotypes are present in animal models of sepsis. Using a biotelemetry-enhanced,
murine cecal ligation and puncture (CLP) model, we determined phenotypes of polymicrobial sepsis prior to
physiologic deterioration, and the association between phenotypes and outcome in a randomized trial of prompt
or delayed antibiotics and fluids.
Methods: We performed a secondary analysis of male C57BL/6J mice in two observational cohorts and two
randomized, laboratory animal experimental trials. In cohort 1, mice (n = 118) underwent biotelemetry-enhanced
CLP, and we applied latent class mixed models to determine optimal number of phenotypes using clinical data
collected between injury and physiologic deterioration. In cohort 2 (N = 73 mice), inflammatory cytokines measured
at 24 h after deterioration were explored by phenotype. In a subset of 46 mice enrolled in two trials from cohort 1,
we tested the association of phenotypes with the response to immediate (0 h) vs. delayed (2 to 4 h) antibiotics or
fluids initiated after physiologic deterioration.
Results: Latent class mixture modeling derived a two-class model in cohort 1. Class 2 (N = 97) demonstrated a
shorter time to deterioration (mean SD 7.3 (0.9) vs. 9.7 (3.2) h, p < 0.001) and lower heart rate at 7 h after injury
(mean (SD) 564 (55) vs. 626 (35) beats per minute, p < 0.001). Overall mortality was similar between phenotypes
(p = 0.75). In cohort 2 used for biomarker measurement, class 2 mice had greater plasma concentrations of IL6 and
IL10 at 24 h after CLP (p = 0.05). In pilot randomized trials, the effects of sepsis treatment (immediate vs. delayed
antibiotics) differed by phenotype (p = 0.03), with immediate treatment associated with greater survival in class 2
mice only. Similar differential treatment effect by class was observed in the trial of immediate vs. delayed fluids (p =
0.02).
Conclusions: We identified two sepsis phenotypes in a murine cecal ligation and puncture model, one of which is
characterized by faster deterioration and more severe inflammation. Response to treatment in a randomized trial of
immediate versus delayed antibiotics and fluids differed on the basis of phenotype.
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Background
Not all septic patients present the same [1], and there is
profound variability in the signs and symptoms of overwhelming infection. A “one size fits all” approach to
treatment, as recommended by international clinical
practice guidelines and state and national healthcare policy, ignores this heterogeneity across patients [2]. Even
recent clinical trials in sepsis are agnostic to the variable
host immune response, offending pathogens, and patterns of organ dysfunction hidden inside trial populations [3, 4]. As studies of novel sepsis therapeutics
continue to be neutral, future gains may come from clinical trials that enrich for groups of sepsis patients that
share clinical or biologic characteristics, termed phenotypes, and explore for differences in treatment effects by
phenotype [5, 6].
To support this agenda in precision treatment, recent
adult and pediatric human cohort studies propose biologic and clinical phenotypes of sepsis that are both
prognostic of outcome and predictive of treatment response [7–11]. Yet, there is no animal model of sepsis
phenotypes on which to test candidate therapeutics or
explore for underlying mechanisms. Prior examples in
murine models have used a supervised, biomarkerstratified approach, where treatment effects are explored
across groups stratified by baseline values of a candidate
biomarker (e.g., IL-6) [12]. Others have explored therapies across groups stratified by heart rate, a predictor of
mortality in murine sepsis models [13]. Finally, sepsis severity scoring systems have been developed, but these
are subjective and the validity as platforms for the testing of new agents remains to be determined [14].
Latent class mixture modeling is an approach to find
the best fitting, optimal number of subclasses in longitudinal data, independent of the relationship with outcome. Latent class-based methods are applied in patients
with acute respiratory distress syndrome (ARDS) to
identify subphenotypes that are predictive of response to
fluid management strategies [15]. We sought to
capitalize on a recent murine randomized trial of
prompt vs. delayed antibiotics and fluids enhanced by
biotelemetry monitoring [16, 17] and use latent class
methods to (i) identify murine sepsis phenotypes prior
to overt, physiologic deterioration, (ii) explore their biologic profiles, and (iii) test their association with response to treatment. We hypothesized these data would
provide “proof-of-concept” that drug-response phenotypes exist in a commonly used preclinical model of
sepsis.
Methods
All experiments were approved by the University of
Pittsburgh Institutional Animal Care and Use
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Committee (PRO13021581) in accordance with guidelines established by the National Institutes of Health.
Study design

The primary objective of this study was to determine the
feasibility of identifying distinct murine sepsis phenotypes using clinical data from biotelemetry-enhanced
cecal ligation and puncture (CLP) prior to physiologic
deterioration. This period was chosen to mimic the clinical patient course, physiology, and treatment responses
found during the early phases of sepsis. We described
clinical outcomes of phenotypes, biomarkers of the host
response, and tested the association of phenotypes with
differential treatment effects in randomized trial of immediate versus delayed antibiotics and fluids.
Experimental animals

Male C57BL/6 mice (Jackson Laboratories, Bar Harbor,
ME) aged 8 to 12 weeks (mass 25–30 g) were used for all
experiments. Mice were housed in specific pathogen-free
rooms under 12-h light/12-h dark conditions with an
ambient temperature of 23 °C ± 1 °C. Mice were allowed
to acclimate to their new surroundings for 1 week prior
to any experimentation. Animals were given ad libitum
access to water and LabDiet Prolab Isopro RMH 3000
diet pellets (LabDiet, St. Louis, MO). To account for circadian variation, we initiated experiments in the morning between 0700 and 1000.
Cecal ligation and puncture with biotelemetry monitor
implantation

A 1-cm ligation, 21-gauge double puncture model of
cecal ligation and puncture (CLP) under anesthesia was
performed as previously described [16]. At the time of
CLP, an HD-X11 wireless biotelemetry device (Data Sciences International, St. Paul, MN) capable of continuously measuring heart rate, core temperature, and
activity was implanted into the peritoneal cavity in accordance with manufacturer’s instructions. At the conclusion of the procedure, all mice received a
subcutaneous injection of warmed 0.9% normal saline
(30 mL/kg) to compensate for intraoperative fluid losses
and recreate the hyperdynamic state associated with
early sepsis [18]. Analgesia was achieved with buprenorphine (0.1 mg/kg SQ Q6H-Q12H) for 7 days after CLP,
as needed. After surgery, each animal was placed in an
individual cage on a heating pad until full emergence
from anesthesia (animal upright, mobile, foraging activity). The cage was then removed from the heating pad,
and biotelemetry monitoring commenced, capturing
data each minute. Data collection and analysis was performed using Ponemah 5.20 (Data Sciences International, St. Paul, MN). For animals in non-survival
biomarker experiments, euthanasia was carried out at
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the specified time point with blood obtained from cardiac puncture.
Clinical data for murine phenotypes in cohorts 1 and 2

We previously developed and validated criteria that define acute physiologic deterioration after cecal ligation
and puncture (CLP): (1) 10% decline of heart rate from
its peak value and (2) a scaled 10% drop in core
temperature calculated as 10% × (peak core temperature
− 25 °C) [16]. After CLP, each animal was continuously
monitored for changes in heart rate and temperature,
and the moment of acute physiologic deterioration was
documented. Data for phenotype derivation included
only physiologic measurement prior to deterioration.
Three clinical variables were included in derivation
models for phenotypes: (1) hourly measurements of
heart rate (beats per minute), (ii) hourly measurement of
temperature (degrees Celsius), and (3) the total time
(min) from CLP to acute physiologic deterioration.
Inflammatory cytokine assays in cohort 2

In a separate cohort of mice prepared under same conditions for biomarker sampling (N = 73), heparinized blood
was drawn at 24 h after CLP. Blood was centrifuged at
2000g for 15 min, and the plasma was frozen at − 80 °C
for future analysis. Plasma concentrations of IL-6, IL-10,
and TNF-α were analyzed by ELISA (R&D Systems,
Minneapolis, MN).
Randomized trials of antibiotics and fluids

After physiologic deterioration threshold was met, a subset of 46 mice in cohort 1 were enrolled in two parallel
randomized trials. These data are previously reported
[16]. The first trial randomized 26 mice to receive antibiotics at two different time points: (i) 13 mice immediately at deterioration vs. (ii) 13 mice either 2 or 4 h later
(combined as a single arm in this analysis). The second
trial randomized 20 mice to receive fluids alone at two
time points: (i) 10 mice immediately at deterioration vs.
(ii) 10 mice either 2 or 4 h later (combined as a single
arm in this analysis). In the previous report of the trial,
we observed no significant survival benefit among mice
receiving antibiotics immediately at either 2 or 4 h. For
this reason and the small sample size, mice treated at
the 2 and 4 h timepoints were combined into a single
“delayed” group. The experiment continued until the
death of the animal or 7 days.
Antibiotic treatment was a single intraperitoneal (IP)
dose (25 mg/kg) of imipenem/cilastatin administered in
a small volume of sterile 0.9% saline (0.15 mL) to
minimize lavage of the peritoneal cavity or any potential
contribution to additional fluid resuscitation. Fluid resuscitation consisted of 30 mL/kg 0.9% normal saline,
injected subcutaneously.
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Statistical analysis

We determined murine phenotypes using clinical data
prior to physiologic deterioration with latent class mixture
models. We used three class-defining variables: (1) hourly
measurements of heart rate (beats per minute), (2) hourly
measurement of temperature (degrees Celsius), and (3)
the total time (min) from CLP to acute physiologic deterioration. Latent class mixture models address issues that
arise when longitudinal data is too complex for a linear
mixed model framework. These models extend linear
mixed models in two key ways: (i) several longitudinal
outcomes may be collected and (ii) non-observed heterogeneity may exist in the population. We used a linear
transformation to link the latent process to the scale of
the observed longitudinal variables. We optimized the
number of classes using three criteria: (i) Bayesian Information Criterion (BIC), (ii) clinical significance, and (iii)
class size. We prioritized the lowest BIC, followed by clinical significance and adequate class size.
We compared clinical and biomarker characteristics
between phenotypes using ANOVA, specifically to test
for a difference in mean heart rate and temperature at 5
and 7 h after CLP and inflammatory cytokines at 24 h.
We compared the time to death and time to deterioration from CLP (in min). The Bonferroni correction was
used to adjust for multiple comparisons.
To determine if there was a differential treatment effect between phenotypes, we used Kaplan Meier curves,
created separately for mice randomized to treatment at
immediate vs. delayed time point. We compared survival
using the Wilcoxon test with the Bonferroni correction
to adjust for multiple comparisons. We tested for class
by treatment time point interaction using Cox proportional hazards models. The proportional hazards assumption was checked with a log-log survival plot.
Gray’s model was used as a comparison analysis when
the proportional hazards assumption was violated.
All tests were two-sided with α = 0.05. Statistical analysis was conducted using Stata 14 (StataCorp, College
Station, TX, USA), R version 3.2.3 package LCMM and
SAS 9.3 (SAS Institute, Cary, NC, USA).

Results
Clinical features of cohorts

The median time from CLP to physiologic deterioration
was a 452 min [IQR 412, 496 min] in cohort 1 and a median 446 min [IQR 411, 489 min] in cohort 2 for biomarker measurement. The median time to death was
3124 min [IQR 1724, 4059 min] in cohort 1.
Latent class mixture modeling: determination of the
number of phenotypes

In cohort 1, latent class mixture models suggested a
two-class (k = 2) model best balanced optimal fit, clinical
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significance, and class size. Specifically, the Bayesian information criterion was lowest in k = 3 (11,356) and k =
4 (11,348) compared to k = 2 (11372), suggesting more
model complexity provided better optimal fit. However,
the k = 3 and k = 4 models produced classes with two
mice, respectively. Although the decrease in BIC would
favor the inclusion of additional classes, we retained a
two-class model due to the small number of subjects
and lack of clinical significance in more complex models.
We refer to final model members as class 1 (N = 21,
17%) and class 2 (N = 97, 82%). The latent class probability of class membership in class 1 was > 0.8 in 86% of
mice compared to 91% of members in class 2. These
probabilities suggest moderate to strong likelihood of
class assignment.
Clinical and biologic characteristics of each phenotype in
cohort 1

As shown in Table 1, class 2 was defined by a shorter
mean time to meeting physiologic deterioration compared to class 1 (7.3 (SD 0.9) h vs. 9.7 (SD 3.2) h, p <
0.01). To illustrate the behavior of latent class clinical
characteristics, Fig. 1 demonstrates the trajectory of
mean heart rate and temperature prior to deterioration.
For both variables, on average, class 2 mice had a lower
heart rate and temperature compared to class 1. For example, at 7 h after CLP, the mean heart rate was 564
beats per min (SD 55) in class 2 compared to 626 (SD
35) beats per minute for class 1 (p < 0.01). We observed
no difference in overall time to survival among mice in
class 2 vs. class 1 (Table 1, Fig. 2, log rank p = 0.75).
In cohort 2 for biomarker measurement (N = 73), we
derived similar phenotypes using latent class mixture
models (Table 2). We found 64 mice in class 1 (88%)
and 9 mice in class 2 (12%). As shown in Fig. 3, the biomarkers of host response measured at 24 h were greater
among class 2 mice. For example, both IL6 (mean (SD):
72,646 (76,547) vs. 35,359 (50,103), p = 0.055) and IL10
(mean (SD) 10,588 (14,299) vs. 4418 (7499), p = 0.046)
were greater in class 2 than in class 1.

Treatment effects in two randomized trials

In trial 1, the 8 mice randomized to receive immediate
antibiotics compared to 16 mice who received delayed
antibiotics (≥ 2 h) had significantly different survival
(Wilcoxon p = 0.04 for overall comparison of arms, Cox
p value for interaction = 0.03, Gray’s p value = 0.76,
Fig. 4). In class 2, mice randomized to receive early antibiotics had a longer survival compared to mice randomized to receive delayed antibiotics (Wilcoxon p = 0.02
across arms). In class 1, mice randomized to receive
early antibiotics had no difference in survival compared
to those who received delayed antibiotics (Wilcoxon p =
1.0 across arms). A similar analysis among 20 mice randomized to receive immediate vs. delayed fluids reached
statistical significance for treatment by class interaction
(Fig. 5, Cox p value for interaction = 0.02).
Sensitivity analyses

First, we derived optimal class number after excluding
the time to deterioration variable. When using only
heart rate and temperature as class-defining characteristics, we confirmed statistically that k = 2 was an optimal
class number. The BIC was lowest for k = 2 (BIC = 11,
394) compared to k = 3 (BIC = 11,398) or k = 4 (BIC = 11,
401). Second, to determine the advantage of understanding predictive phenotypes from unsupervised models
prior to deterioration compared to a different measure
of trajectory, we stratified mice by above or below median time to deterioration (min) (Additional file 1: Figure
S1). We found that comparing treatments across mice
above (N = 29) to those below the median time to deterioration (N = 27) had no evidence of statistical interaction
for early antibiotics or fluids (Additional file 1: Figure
S2, Cox p = 0.9). In this example, the benefit of immediate antibiotics was similar in both groups.

Discussion
In this biotelemetry-enhanced murine model of polymicrobial sepsis, we demonstrate the feasibility of deriving
clinical sepsis phenotypes prior to overt physiologic

Table 1 Comparison of key clinical characteristics across phenotypes (N = 118)
p valueb

Characteristic

All mice

Class 1

Class 2

No.

118

21

97

Time to deterioration [h]: mean (SD)

7.7 (1.8)

9.7 (3.2)

7.3 (0.9)

Heart rate 5 h after CLP [bpm]: mean (SD)

590 (79)

592 (108)

589 (71)

0.87

Temperature 5 h after CLP [°C]: mean (SD)

32.3 (1.7)

32.7 (1.4)

32.2 (1.7)

0.17

Heart rate 7 h after CLP [bpm]: mean (SD)

580 (58)

626 (35)

564 (55)

< 0.001

Temperature 7 h after CLP [°C]: mean (SD)

32.1 (1.7)

33.5 (1.3)

31.6 (1.6)

< 0.001

Time to deatha [h]: mean (SD)

52.5 (26.3)

51.6 (20.3)

52.7 (27.6)

0.88

Abbreviations: No. number, h hours, SD standard deviation, CLP cecal ligation and puncture, bpm beats per minute
a
Time to death available in 17 mice in class 1 and 73 mice in class 2
b
p value compares class 1 to class 2 using ANOVA

< 0.001
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Fig. 1 Comparison of trajectory clinical characteristics after CLP for class 1 (N = 21, red) vs. class 2 (N = 97, blue). a Heart rate (bpm) and b
temperature (°C)

deterioration. The evidence suggests there are two phenotypes with different trajectory of clinical characteristics and time to deterioration. Most importantly,
phenotypes were predictive of response to immediate
versus delayed antibiotic and fluid treatment in small
randomized trials. These data suggest that clinical sepsis
phenotypes may be present in a commonly used animal
model of sepsis and serve as a platform to explore

Fig. 2 Kaplan Meier curve showing similar survival comparing class 1
(N = 21, red) to class 2 (N = 97, blue) mice after CLP

heterogeneity of treatment effects for current and novel
therapeutics.
There are several possible explanations for the observed heterogenous response. First, previous studies report differential microbial clearance in CLP models of
sepsis [18]. Second, photoperiod-dependent or gut
microbiome variability in murine sepsis response are reported, but yet to be explored in our models [19]. Finally, variability in technique may result in heterogenous
response [20].
Prior work attempted to measure severity among mice
with polymicrobial sepsis after CLP, but did not explore
data for unsupervised clustering models. The murine
sepsis score (MSS) is comprised of seven behavioral and
physical characteristics that identify phenotypes representative of progressive stages in the evolution of the
septic response [5]. It was developed, in part, to mimic
sophisticated scoring systems in human critical illness,
such as the Sequential Organ Failure Assessment
(SOFA) scores [21]. Using a dose-response cecal slurry
model to derive the score, authors report a high discriminatory power for survival, organ injury, and cytokine
concentrations and excellent inter-rater reliability [14].
A similar score has been developed for Klebsiella pneumoniae pneumonia: the mouse clinical assessment for
sepsis (M-CASS) [22]. However, resolution remains
modestly subjective and dependent on the frequency of
mouse scoring, which can introduce bias from handling.
It is unknown how these scores correlate with underlying biology or treatment effects in randomized trials of
sepsis treatment.
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Table 2 Comparison of key clinical characteristics across phenotypes in subset of mice for biomarker measurement (N = 73)
p valueb

Characteristic

All mice

Class 1

Class 2

No.

73

64

9

Time to deterioration [h]: mean (SD)

7.5 (1.2)

7.7 (1.0)

5.6 (0.9)

Heart rate 5 h after CLP [bpm]: mean (SD)

574 (59)

586 (46)

461 (46)

< 0.001

Temperature 5 h after CLP [°C]: mean (SD)

31.7 (1.5)

32.0 (1.3)

29.3 (1.2)

< 0.001

< 0.001

Heart rate 7 h after CLPa [bpm]: mean (SD)

566 (45)

568 (42)

438 (−)

0.003

Temperature 7 h after CLPa [°C]: mean (SD)

31.7 (1.1)

31.7 (1.0)

29 (−)

< 0.001

Abbreviations: No. number, SD standard deviation, CLP cecal ligation and puncture, bpm beats per minute
a
Only 1 mouse with clinical data available at 7 h after CLP
b
p value compares class 1 to class 2 using analysis of variance (ANOVA)

Inflammatory cytokines may also stratify sepsis in
murine models. For example, IL6 measured 6 h postCLP and dichotomized at a threshold of 2000 pg/mL, effectively classified animals as non-survivors vs. survivors:
90% vs. 30% mortality [23]. Many other prognostic biomarkers are reported after CLP, including TNF-α, KC,
MIP-2, IL-1 receptor antagonist, TNF soluble receptor I,
and TNF soluble receptor II [12]. And when mice were
stratified according to IL6 and survival, experimental
therapies such as dexamethasone could be individualized
to alter outcome. However, many limitations are present
including (i) challenges in blood sampling in small animal models, (ii) timeliness of assay read-outs to inform
potential emergency treatments, and (iii) measurement
at a single time point after deterioration. These limitations are overcome in the current study by using a clinical phenotyping strategy that incorporates automated
biotelemetry, prior to a potential randomization moment
early in deterioration, and with short computational
time.
A related question is whether or not clinical murine
phenotypes have face validity? The class 1 mice were
more “fit” insofar that they appeared more tolerant to,
or rather, better able to compensate for, the sepsis of

CLP. Specifically, these mice exhibited more moderate
vital sign changes, delayed clinical deterioration, and less
inflammation. In contrast, the predictive class 2 deteriorated quickly, had greater inflammation, and significantly
greater perturbation in vital sign parameters. The human
correlate to these features are readily identified in multiple human cohort studies, where a subset of septic patients rapidly progress to shock and display unremitting
inflammation found on serial cytokine measurements [6,
24]. On the other hand, there are different subsets of patients with seemingly greater tolerance to sepsis, either
due to the host immunity to the offending pathogen, the
primary organ affected, or underlying characteristics like
age and comorbidity. Although reassuring, these comparisons are inherently challenged as murine studies
control the onset of sepsis episode, whereas the start of
the sepsis episode in humans is variable and typically
unknown.
Recent studies in human sepsis also identify a hyperinflammatory subset, similar to our murine class 2 [6]. In
ARDS, for which sepsis is the primary risk factor, more
than 1 in 3 patients are proposed as members of a
hyperinflammatory phenotype using latent class modeling [15, 25]. This group had lower systolic blood

Fig. 3 Comparison of inflammatory cytokines measured at 24 h after CLP for mice in class 1 (N = 64, red) and class 2 (N = 9, blue). a TNF, b IL-6,
and c IL-10. *corresponds to p = 0.055 for IL-6 and p = 0.046 for IL-10
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Fig. 4 a Survival for class 1 mice (N = 6, red) and b class 2 mice (N = 20, blue) randomized to immediate (solid) vs. delayed (dashed) antibiotic
treatment after CLP. p value for interaction = 0.03

pressure, greater acidosis, and higher inflammatory cytokines measured at the time of enrollment in the NHLBI
ARDS Network’s randomized controlled trials. In complementary work, intensive care unit patients with sepsis
were grouped into phenotypes using genome-wide blood
gene expression profiles and consensus clustering. These
data proposed four endotypes of sepsis with differential
survival, including two endotypes (MARS2 and MARS4)
with expression of genes involving pro-inflammatory

and innate immune function [9]. Taken together, there
is significant heterogeneity in human sepsis which may
correlate with the preliminary patterns seen in these
murine experiments.
When sepsis phenotypes were determined prior to enrollment in murine randomized trials, we found heterogeneity of treatment effect for broad-spectrum antibiotic
therapy and fluids administered at the time of clinical
deterioration. Only mice in class 2, which were the less

Fig. 5 a Survival for class 1 mice (N = 6, red) and b class 2 mice (N = 14, blue) randomized to immediate (solid) vs. delayed (dashed) fluids after
CLP. p value for interaction = 0.02
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fit, hyperinflammatory group, was there a significantly
different survival with immediate vs. delayed therapy.
Prior work in large human cohorts has suggested a similar interaction between illness acuity and prompt antibiotic therapy. For example, Liu et al. report that for
there was no significant association between delay of
antibiotic therapy for more than 3 h compared to before
3 h among a subset of patients with sepsis but no organ
dysfunction [26]. Yet, the association was not only
present, but strongest, among the sickest patients with
septic shock. Similar findings were present in a statewide
cohort study of more than 50,000 sepsis patients, yet the
statistical test of interaction was not significant [27]. In
the future, both human and animal studies should be
motivated to explore for treatment by subgroup interactions, where groups are both those with clinically apparent (e.g., shock, gender, community vs. nosocomial
infection) and “hidden” phenotypes.
The heterogeneity in response to fluid therapy by class
is also not surprising given the conflicting findings in
human studies of fluid resuscitation in sepsis. A randomized trial in sub-Saharan Africa found greater mortality among septic patients who were aggressively
treated with protocol-guided intravenous fluid vs. usual
care [28], similar to the finding in the Fluid Expansion
as Supportive Therapy (FEAST) trial among children
with impaired perfusion [29]. Large cohort studies demonstrate no association between the timing of completing the initial fluid bolus in sepsis and in-patient
mortality [7]. The class by fluid treatment effect in these
murine data may suggest that like antibiotic therapy,
more attention is needed to precisely tailor fluid administration to specific phenotypes of sepsis.
There are several imitations to this analysis. First, the
data derive from a small sample of male mice, which
may be underpowered in both the tests of interaction in
the randomized trials, proportional hazards assumptions
in Cox models, and biomarker analyses. Second, latent
class mixture models converged using hourly measurements of heart rate and temperature, but more complex
repeated measures of entropy or variation could refine
phenotype derivation. Notably, class number was similar
in sensitivity analyses with reduced model variables.
Third, we recognize that the time to antibiotic treatment
effects may be subject to the choice of treatment. We
utilized single dose imipenem due to its broad antimicrobial activity and standardized use in CLP models,
although data suggest alternatives [30]. This drug may
or may not be feasible in human trials, nor its effects
generalizable from mice to humans. Fourth, we are also
currently limited by the sex, age, and strain of mice used.
Different variations on these parameters may lead to different phenotype derivations and subsequent treatment
effects. Fifth, the mortality in our model was high; thus,
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findings may not be generalizable to a lower acuity septic cohort. Sixth, we analyzed survival data linked to
time of CLP; however, alternative anchor times could
have been chosen. Finally, the results presented are a
proof of concept for risk-based or cluster-based classes
in murine sepsis. It is plausible the classes represent two
distinct groups with variable biology; however, only two
parameters were used in the models. Future studies that
use multi-parameter distributions to explore whether
groups are partitions along a single distribution or distinct clusters are a future direction for murine studies
[31].

Conclusions
In conclusion, we identified two phenotypes before clinical deterioration in murine sepsis due to CLP, one of
which is characterized by faster deterioration and more
severe inflammation. Response to treatment in a randomized trial of immediate versus delayed antibiotics
and fluids differed on the basis of phenotype.
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