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Abstract

Rationale: Sepsis is a leading cause of death and disability whose
heterogeneity is often cited as a key impediment to translational
progress.

Objectives: To test the hypothesis that there are consequential
and significant differences in sepsis outcomes that result from
differences in a patient’s clinical course leading up to sepsis
hospitalization.

Methods: We conducted an observational cohort study of U.S.
Health and Retirement Study (HRS) participants in Medicare
(1998–2012) and U.S. Department of Veterans Affairs beneficiaries
(2009). Using latent profile analysis, we identified patient subtypes
based on trajectory of presepsis healthcare facility use. Subtypes were
identified in the derivation cohort (1,512 sepsis hospitalizations
among earlier HRS participants), then validated them in two
additional cohorts (1,992 sepsis hospitalizations among later HRS
participants; 32,525 sepsis hospitalizations among U.S. Department
of Veterans Affairs beneficiaries). We measured the association

between presepsis path and 90-day mortality using chi-square
tests and multivariable logistic regression.

Results: We identified three subtypes: low use of inpatient
healthcare facilities, comprising 84% of the derivation cohort; rising
use, 12%; and high use, 4%. The shape and distribution of presepsis
trajectories were similar in all three cohorts. In the derivation cohort,
90-daymortality differed by presepsis trajectory as follows: 38% (low
use), 63% (rising use), and 48% (high use) (P, 0.001). This
association persisted in the validation cohorts (P, 0.001 for each).
The rising use class remained an independent predictor of mortality
after adjustment for potential confounders, including detailed
physiologic data.

Conclusions: In national cohorts of patients with sepsis, we have
shown that several distinct paths into sepsis exist. These paths,
identified by trajectories of presepsis healthcare use, are predictive of
90-day mortality.
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The understanding of the pathobiology of
sepsis has advanced (1); yet, sepsis remains
among the most lethal, costly, and morbid
reasons for acute hospitalization in the

United States (2–5). Increasingly
sophisticated understanding of the
molecular mechanisms and epidemiology of
sepsis has not translated into successful

clinical trials, and sepsis mortality remains
unacceptably high (1). Increasingly, experts
have argued that this lack of translational
progress may be due to the heterogeneity of
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sepsis (1, 6), although there is no consensus
regarding which factors are most important
to that heterogeneity.

We hypothesized that relevant
heterogeneity in sepsis might be made
more visible by considering an acute
episode of sepsis within the context of the
patient’s presepsis clinical trajectory. This
approach contrasts with many current
searches for heterogeneity, which have
emphasized differences in inflammatory
phenotypes measured during the acute
episode. Our hypothesis is motivated in
part by two contrasting clinical stories of
sepsis—the archetypes of 1) the otherwise
healthy patient who is struck down by
an acute infection and 2) the frail and
chronically ill patient who develops sepsis
while residing in a nursing home. No
population-based data are available to
distinguish the relative frequencies of such
diverse patients.

We sought to test the hypothesis that
there are consequential and significant
differences in acute sepsis outcomes that
result from differences in a patient’s clinical
course leading up to sepsis hospitalization.
Furthermore, we hypothesized that a small
number of empirically derived and
reproducible subtypes of sepsis could be
identified on the basis of different paths
leading up to sepsis. In order to test these
hypotheses, we first identified archetypical
paths into sepsis, as defined by distinct
patterns of healthcare facility use leading up
to sepsis hospitalization. We then validated
these presepsis paths in two additional
cohorts and tested the association between
patients’ presepsis paths and 90-day
outcomes. We previously reported some of
these results in a minisymposium at the
American Thoracic Society International
Conference (7).

Methods

Study Cohorts
We studied three cohorts of patients
hospitalized with sepsis. The derivation
cohort comprised participants in the U.S.
Health and Retirement Study (HRS) (8) in
fee-for-service Medicare and hospitalized
with sepsis during 1998–2005. A similar
cohort was used in prior studies, as
described in Appendix E1 in the online
supplement. HRS is also described further in
Appendix E1. The first validation cohort
comprised HRS participants in fee-for-

service Medicare hospitalized in 2006–2012.
The second cohort, an external validation
cohort, comprised U.S. Department of
Veterans Affairs (VA) beneficiaries
hospitalized with sepsis at any VA hospital
in 2009. Sepsis hospitalizations were
identified in administrative data using
modified Angus criteria, as described in
Appendix E1 (9, 10).

Healthcare Use Before Sepsis
The goal of our analysis was to identify
subgroups of patients with sepsis based
on their path into sepsis, as measured by
trajectory of inpatient healthcare use in
the year before hospitalization. To do this,
we first determined each patient’s daily
inpatient healthcare facility use for the year
before sepsis hospitalization using claims
for acute hospitalizations, long-term acute
care hospitalizations, and nursing facility
stays, as described in Appendix E1.

Covariates
We abstracted patient characteristics (e.g.,
age, sex, date of death) and hospitalization
characteristics (e.g., length of stay, intensive
care unit use, and mechanical ventilation)
from HRS surveys, Medicare data, and/or
national VA datasets. We ascertained
comorbid conditions from a 1-year look-
back in inpatient and outpatient claims data
(11, 12). For HRS cohorts, we abstracted
presepsis disability (count of limitations
of activities and instrumental activities of
daily living [13]) and household wealth
(described in Appendix E1) from the
HRS survey immediately before sepsis
hospitalization. For the VA cohort, we
calculated illness severity upon hospital
presentation (predicted 90-d mortality)
using a composite score similar to Acute
Physiology and Chronic Health Evaluation
IV (14), as in prior analyses (15, 16) and as
described further in Appendix E1.

Identifying Subgroups of Patients with
Different Paths into Sepsis
Subgroups of patients with sepsis, defined by
their trajectory of presepsis healthcare
facility use, were identified using latent
profile analysis (LPA) (17). LPA is a type of
probabilistic cluster analysis that identifies
subgroups (also known as latent profiles or
classes) of patients on the basis of their
characteristics. The optimal solution
identifies a parsimonious number of
subgroups in which differences between
patients in the same group are minimized

and differences between groups are
maximized (17). Conceptually, this analysis
was used to find the optimal number
and shape of presepsis healthcare use
trajectories that best fit the data, without
consideration of any outcome measure. LPA
allows for nonlinear trajectories, and
unlike conventional growth curve models
using multilevel random-effects models, it
does not assume a functional form for the
trajectories (17).

LPA was implemented using measures
of average healthcare use over 12 time
periods, as described in Appendix E1. In the
derivation cohort, we fitted models with 1 to
15 trajectories. We determined the optimal
number of trajectories by considering
both model fit, as measured by Bayesian
information criterion, and clinical
interpretability of the model (i.e., whether
each trajectory appeared to be represent a
distinct path into sepsis). After selecting
the optimal number of trajectories in the
derivation cohort, we then applied the
same model to each of the validation
cohorts to estimate the predicted trajectories
in each of the validation samples. The
models determined the optimal shape of
the trajectories and the optimal assignment
of patients to classes separately for each
cohort.

We assessed for differences in patient
characteristics and outcome (90-d mortality)
between subgroups using one-way analysis
of variance, the Kruskal-Wallis rank test, and
chi-square tests. We also abstracted charts
for two patients from each class in the VA
derivation cohort, and we present these as
vignettes.

Association of Path into Sepsis with
Clinical Outcomes
To measure the association of presepsis
path with 90-day mortality, we first
compared mortality by class assignment.
Next, we measured the association using
multivariable logistic regression, adjusting
for important patient characteristics. In
the multivariable models, trajectory class
assignment was entered as a categorical
variable, and patients were assigned to
a single class on the basis of greatest
probability. For the HRS cohorts, we
adjusted for age, race, sex, presepsis
functional limitations, and chronic disease
burden (weighted Elixhauser score [11, 12]).
For the VA cohort, we adjusted for age, race,
sex, and acute illness severity. We calculated
the adjusted mortality by trajectory class
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from the multivariable model using the
effects command in the effects package in R.
(This is equivalent to Stata’s margins
command, with the “atmeans” option.)
To visually display differences in outcomes
by path into sepsis, we graphed patients’
daily locations over 90 days from sepsis
admission, similar to prior analyses (18, 19),
as described in Appendix E1.

Sensitivity Analyses
We performed several sensitivity analyses.
First, we evaluated alternative time bins
(e.g., weekly) for measuring healthcare
facility use. Second, we limited the HRS
cohorts to one randomly selected sepsis
hospitalization per patient. Third, in the
multivariable regression model, we excluded
patients without complete information and
alternatively imputed missing data using
multiple imputation.

Data management and analysis were
performed using SAS version 9.2 (SAS
Institute), Stata MP version 14 (StataCorp),
and R version 3.4.3 (R Foundation for
Statistical Computing) software. The
University of Michigan and Ann Arbor VA
institutional review boards approved this
study. HRS participants provided informed
consent at enrollment and again for
Medicare linkage.

Results

There were 1,512 sepsis hospitalizations in
the derivation cohort, 1,992 in the first
validation cohort, and 32,525 in the second
validation cohort (Table 1). The cohorts
were older (median ages, 79, 79, and 69 yr,
respectively) with significant comorbidity
burden (median Elixhauser score, 7–16).
Median hospital length of stay was 7 days;
35–49% of patients used intensive care; and
16–27% were mechanically ventilated. The
90-day mortality was 27–41% by cohort.
Patients had spent a median of 4–7 days in
an inpatient healthcare facility in the prior
year.

In the derivation cohort, a three-class
model best characterized trajectories of
presepsis healthcare use (Figure 1). Class 1
(“low use”) had little inpatient healthcare
use, with half (n = 610) spending 0 days in
an inpatient healthcare facility. Class 2
(“rising use”) had increased healthcare
facility use in the months immediately
preceding sepsis hospitalization, with the
median patient spending 55 days spent in a
healthcare facility. Class 3 (“high use”) had
marked use of inpatient healthcare facilities
over the year, with the median patient
spending 118.5 days in a healthcare facility.

Importantly, none of these three trajectories
resembled the overall mean trajectory
(Figures 1 and E2).

Of 1,512 patients in the derivation
cohort, 1,276 (84%) were assigned to the
low-use class, 174 (12%) to the rising-use
class, and 62 (4%) to the high-use class.
Patients were classified easily, with 99%
mean probability of class assignment. Only
15 (0.1%) patients were assigned with less
than 95% certainty (Table 2).

A two-class model that dichotomized
patients into those with some versus little/no
inpatient healthcare facility use (Figure E3)
was also considered. The two-class model fit
substantially better than a one-class model
but was outperformed by the three-class
model (Figure E4). A four-class model split
the rising-use class into a very small
additional class with an even later and
steeper rise in healthcare use (Figure E5).
However, the clinical significance of this
additional class was questionable, and it
yielded minimal additional improvement in
model fit (Figure E4). Thus, the three-class
model was selected. In sensitivity analyses,
when healthcare facility use was examined
by week, findings were unchanged (Figures
E6 and E7).

When the three-class model was then
applied to validation cohorts, the findings

Table 1. Derivation and validation cohort demographics

Characteristic Derivation Cohort
(1998–2005) (n = 1,512)

Validation Cohort 1
(2006–2012) (n = 1,992)

Validation Cohort 2
(2009) (n = 32,525)

Age at admission, yr
Median 79 79 69
Interquartile range 71–85 72–86 61–80

Male sex, n (%) 700 (46) 860 (43) 31,536 (97)
Race, n (%)
White 1,134 (75) 1,531 (77) 23,414 (72)
Black 319 (21) 369 (19) 5,924 (18)
Other 59 (4) 89 (5) 449 (1)
Unknown 0 (0) 3 (0) 2,738 (8)

Elixhauser comorbidity index
Median 15 16 7
Interquartile range 9–21 9–23 3–13

Functional limitations
Median 1 1 —
Interquartile range 0–4 0–4 —

Inpatient facility use during prior year, d
Median 5 4 7
Interquartile range 0–26 0–26 0–22

Length of hospitalization, d
Median 8 6 7
Interquartile range 4–14 4–11 4–15

Used intensive care, n (%) 736 (49) 692 (35) 13,795 (42)
Used mechanical ventilation, n (%) 413 (27) 327 (16) 5,917 (18)
In-hospital mortality, n (%) 348 (23) 322 (16) 4,496 (14)
90-d mortality, n (%) 621 (41) 667 (34) 8,787 (27)
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were robust. Specifically, the shape of
presepsis trajectories and the distribution of
trajectory classes were similar across the
three cohorts (Figure 1, Table E1), which is
not guaranteed if the model estimated in the
derivation sample does not fit the data in the
validation samples. We present illustrative
patient vignettes by class assignment in
Table 2.

None of the models identified a class
with persistent use. In a post hoc analysis, we
looked for patients with inpatient healthcare
facility use during each of the 12 time
periods leading up to sepsis hospitalization,
but we found that these patients were
exceedingly rare (n = 44 in derivation cohort
[2.9%]), presumably because most patients
either die or recover after sustained time in a
healthcare facility.

Patient characteristics differed by
subtype (Table 3). Although the overall
study population consisted of older patients
with chronic comorbidity, the low-use class
was relatively healthier before developing
sepsis. These patients had fewer medical
comorbidities and fewer functional
limitations before sepsis. The high-use
class appeared chronically ill, with high
comorbidity burden (median Elixhauser
score, 24) and presepsis disability (median
functional limitations, 5). The rising-use
class patients were the oldest, but they had
less comorbidity and less functional disability
than the high-use class patients. These
patterns were similar across all three cohorts
(Tables E2 and E3). The proportion of use
that was due to skilled nursing facilities or
long-term acute care hospitals also differed
by trajectory class; as total use increased, the
proportion due to skilled nursing facilities or
long-term acute care hospitals also increased
(Table E4). There were no differences in
either intensive care unit or mechanical
ventilation use between classes.

In unadjusted analysis, class assignment
was strongly associated with 90-day mortality.
In the derivation cohort, 90-day mortality was
63% for the rising-use class versus 48% for the
high-use class and 38% for low-use class (P,
0.001) (Table 3). Mortality was lower in the
derivation cohorts, consistent with other
studies showing declining sepsis mortality
over time (15, 20). However, the differences in
mortality by class assignment persisted and
followed the same pattern, with the rising-use
class having worst survival and the low use class
having the best survival (Tables E2 and E3).

In adjusted analyses that accounted
for important confounders such as age,
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Figure 1. Trajectory classes and frequencies for the derivation and validation cohorts. The black
dashed line shows the mean inpatient days per week for the entire cohort. Mean use over time for the
low-use, rising-use, and high-use classes are shown in red, blue, and green, respectively, for (A) the
derivation cohort, (B) validation cohort 1, and (C ) validation cohort 2. Vertical lines depict the 95%
confidence intervals.
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comorbidity burden, functional limitations
(in HRS cohorts), and an acute illness
severity measure (in the VA cohort), the
rising-use class remained independently
predictive of 90-day mortality (Table E5).
Adjusted odds of 90-day mortality were 1.3-
to 2.2-fold higher in the rising-use class than
in the low-use class. This translated to an
adjusted mortality of 58% for the rising-use
class versus 39% for the low-use class in the
derivation cohort, 44% versus 31% in the
first validation cohort and 27% versus 23%
in the second validation cohort (Table E6).

Visual examination of 90-day
outcomes by class assignment (Figure 2)
revealed distinct patterns of mortality
and healthcare facility use, which were
consistent across cohorts. Patients in
the rising-use class experienced greater
mortality in the first 30 days, with a high
burden of healthcare facility use.

Discussion

Using multiple national cohorts of more
than 35,000 hospitalized patients, we have
shown that several distinct paths into
sepsis exist. Moreover, these paths are

broadly conserved across different study
populations, including earlier and later HRS
participants cared for under fee-for-service
Medicare as well as a national cohort of
VA beneficiaries cared for in that public
integrated system. Specifically, both the
distribution and the shape of presepsis paths
were robust across the three cohorts.
Importantly, none of the paths into sepsis
resembled the mean trajectory, indicating
that the mean trajectory is a poor proxy for
any individual patient’s experience.

Across all three cohorts, paths into
sepsis were strongly associated with 90-day
mortality. A presepsis path characterized
by increasing healthcare facility use in
the weeks to months preceding sepsis
hospitalization was independently associated
with an increased risk for 90-day mortality.
The association persisted even after adjusting
for potential confounders, such as a
multivariable illness severity score that is
itself strongly predictive of mortality. Our
findings indicate that a patient’s presepsis
path provides additional information about
90-day mortality above and beyond current
mortality prediction models. Although
the high-use class spent significantly more
days in a healthcare facility, the rising-use

class had the greatest 90-day mortality,
underscoring the importance of trajectory
(and not merely magnitude) of recent
healthcare use.

Our findings are consistent with
the long-standing recognition among
clinicians and researchers that sepsis is a
heterogeneous disease, as well as that the
context in which sepsis occurs has
important implications for disease severity,
progression, and outcome (1). Prior attempts
to incorporate patients’ longitudinal clinical
history, however, have identified hundreds of
distinct trajectories of comorbidity before
sepsis (21), limiting the potential for
translation into clinical practice.

Recent attempts to identify meaningful
subtypes of patients with sepsis have focused
on gene expression soon after arrival to the
hospital (22–24). The goal has been to
identify pathobiological derangements on
which to base delivery of therapies targeted
at these aberrant processes (6). This
approach, however, has met with limited
success thus far. Patients may have many
pathobiological derangements during sepsis,
not all of which are important. Moreover,
patients’ physiology changes rapidly.
The ability to distinguish the primary

Table 2. Two illustrative vignettes for each presepsis trajectory class

Low use
An 80-yr-oldmanwith congestive heart failure, COPD, stage III CKD, and no hospitalizations in the preceding year presented to the emergency
department with fevers, altered mental status, acute-on-chronic renal failure, and respiratory distress. He was intubated in the
emergency department, started on mechanical ventilation, and admitted to the hospital with diagnoses of sepsis and respiratory failure.

A 60-yr-old man with poorly controlled type 2 diabetes presented with acute nausea, vomiting, abdominal pain, and confusion. He was
diagnosed with acute cholecystitis and admitted to the hospital with a diagnosis of severe sepsis. In the prior year, he had been hospitalized
for 3 d after a syncopal episode about 6 mo before sepsis hospitalization.

Rising use
A 75-yr-old man with coronary artery disease and ischemic cardiomyopathy was hospitalized for 1 wk with a heart failure exacerbation
after several months of progressive lower extremity edema and weight gain. Three weeks later, he was rehospitalized with another
heart failure exacerbation, this time with new atrial fibrillation with rapid ventricular response. After 2 wk, he was discharged to a
nursing facility for rehabilitation owing to progressive deconditioning over the course of his hospitalizations. Two weeks later, he was
transferred from the nursing facility back to the emergency department with acute confusion, hypotension, fever, and abdominal pain, at
which point he was admitted to the hospital for presumed sepsis.

A 75-yr-old man with type 2 diabetes and diabetic neuropathy was hospitalized for a nonhealing diabetic foot ulcer and ultimately underwent a
below-the-knee amputation. After 2 wk, he was discharged to a nursing facility for rehabilitation. One week later, he was transferred back to
the hospital with fevers and somnolence, at which point he was diagnosed with severe sepsis secondary to healthcare-associated
pneumonia.

High use
An 85-yr-old man with congestive heart failure and osteoarthritis underwent a total knee replacement surgery for knee osteoarthritis, followed
by 2 months in a nursing facility for rehabilitation. Two months after discharge from rehabilitation, he presented to the emergency
department with dysuria, leukocytosis, and acute renal failure, and he was admitted to the hospital with a diagnosis of urosepsis.

A 50-yr-old-man with end-stage cirrhosis had frequent hospitalizations for hepatic encephalopathy. After one hospitalization for
decompensated cirrhosis and hepatic encephalopathy, he was discharged to a nursing facility for physical therapy and medical
optimization. After spending 3 mo in the nursing facility, he was discharged to home. One month later, he had a short hospitalization for
another bout of hepatic encephalopathy. Two and one-half months later, he presented to the emergency department with nausea, vomiting,
fevers, and abdominal pain, at which point he was diagnosed with acute cholecystitis and severe sepsis.

Definition of abbreviations: CKD = chronic kidney disease; COPD = chronic obstructive pulmonary disease.
Vignettes were abstracted by chart review. Patient age was rounded to the nearest 5-year category to preserve patient anonymity.
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mechanisms driving sepsis progression from
secondary derangements, which may merely
be markers of disease severity, or transient
disruptions, is limited (25). This challenge,
among others, has limited the role of
precision medicine in sepsis diagnosis and
management (26).

We hypothesize that a patient’s path
into sepsis may not merely be predictive of
90-day mortality, as we have demonstrated,
but may also reflect underlying differences
in the pathobiology of sepsis. Host defense
against sepsis involves two strategies:
immunity (decreasing pathogen load) and
“disease tolerance” (limiting the negative
impact of infection on tissue structure and
function through mechanisms other than

reducing pathogen load) (27). The disease
tolerance strategy relies on stress responses,
which trigger metabolic adaptations that
limit tissue damage (28). It is possible
that patients with rapidly declining health
(e.g., rising-use patients who spend an
increasing amount of time in healthcare
facilities in the weeks leading up to sepsis)
may develop impaired immunity and/or
impaired disease tolerance, which result
in worse outcomes independent of age,
comorbidity burden, and illness upon
initial presentation. In addition, recent
high use may result in microbiome
disruption, transiently increasing patients’
vulnerability to sepsis (29, 30). Future
studies are needed to test whether presepsis

path is indeed associated with differences
in pathobiology.

The presepsis paths identified in this
study may have several applications. First,
trajectory classes could be used immediately
for risk adjustment, because hospitals caring
for a higher proportion of high-use or
rising-use patients would be expected to
have worse outcomes. Second, the trajectory
classes could be used for prognostic
enrichment to identify patients at higher
risk of 90-day mortality for inclusion in (or
exclusion from) clinical trials. Third, the
trajectory classes could be assessed further
in translational studies to understand
whether host response in sepsis differs based
on presepsis trajectory, which broadly
characterizes the context in which sepsis
occurred.

Our findings should be interpreted in
the setting of several limitations. First,
sepsis hospitalizations were identified by
International Classification of Diseases,
Ninth Revision, Clinical Modification
(ICD-9-CM) codes, which may misclassify
patients in both directions (31). There is no
ideal method for identifying sepsis (31).
We used the approach described by Angus
and colleagues (9) rather than explicit
ICD-9-CM codes for sepsis because our
study included patients hospitalized over a
span of 15 years, before the advent of
explicit sepsis codes. Second, there are
many methods by which to identify
trajectory subclasses (e.g., growth mixture
modeling, group-based trajectory
modeling). Alternative modeling
approaches, as well as alternative
specifications of the healthcare facility use
data (e.g., binning by month or by quarter),
may have yielded slightly different results.
Furthermore, because presepsis paths were
defined on the basis of inpatient healthcare
facility use alone, over 80% of each cohort
was assigned to the low-use class.
Including additional information, such as
outpatient healthcare use or pharmacy
data, may in the future facilitate the
identification of additional subclasses.
Finally, patient comorbidities were
determined from claims data, which may
incompletely capture comorbidities,
particularly in the VA healthcare system.

Conclusions
Using multiple national cohorts of more
than 35,000 hospitalized patients, we have
shown that several distinct paths into
sepsis exist. These paths, which can be

Table 3. Cohort characteristics by class assignment in the derivation cohort

Characteristics Low Use
(n = 1,276)

Rising Use
(n = 174)

High Use
(n = 62)

P
Value

Age, yr 0.02
Median 78 82 80
Interquartile range 71–88 72–88 82–84

Male sex, n (%) 600 (47) 76 (44) 24 (39) 0.34
Race, n (%) 0.02
White 964 (76) 129 (74) 41 (66)
Black 256 (20) 44 (25) 19 (31)
Other 56 (4) 1 (1) 2 (3)

Household wealth 0.013
Quartile 4 (most assets) 188 (14.7) 18 (10.3) 3 (4.8)
Quartile 3 224 (17.6) 23 (13.2) 7 (11.3)
Quartile 2 275 (21.6) 39 (22.4) 12 (19.4)
Quartile 1 389 (30.5) 61 (35.1) 26 (42.0)
Net negative or zero assets 163 (12.8) 33 (19.0) 14 (22.6)

Elixhauser comorbidity index ,0.001
Median 14 19 24
Interquartile range 8–20 14–25 19–29

Functional limitations ,0.001
Median 1 2 5
Interquartile range 0–4 0–6 1–8

Total inpatient facility use during prior year, d NA
Median 3 55 118.5
Interquartile range 0–12 34–89 81.5–149

Hospital use during prior year, d NA
Median 2 23 37.5
Interquartile range 0–10 13–40 19–58

SNF use during prior year, d NA
Median 0 22.5 92
Interquartile range 0–0 6–49 40–99

LTAC use during prior year, d NA
Median 0 0 0
Interquartile range 0–0 0–0 0–34

Length of hospitalization, d 0.05
Median 8 8 11
Interquartile range 4–14 4–15 6–19

Used intensive care, n (%) 623 (49) 86 (49) 27 (44) 0.70
Used mechanical ventilation, n (%) 349 (27) 47 (27) 17 (27) 0.995
In-hospital mortality, n (%) 277 (21.7) 56 (32.2) 15 (24.2) 0.01
90-d mortality, n (%) 481 (38) 110 (63) 30 (48) ,0.001

Definition of abbreviations: LTAC = long-term acute care hospital; NA = not applicable; SNF = skilled
nursing facility.
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identified from healthcare facility use
before sepsis hospitalization, are predictive
of 90-day mortality. Future studies are
needed to determine whether these
distinct paths into sepsis are also

associated with differences in pathobiology
of sepsis. n
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Figure 2. Ninety-day outcomes by path into sepsis. Each panel depicts the proportion of patients who are at home (blue), in an inpatient healthcare facility
(red), and dead (black) during the 90 days after hospital admission for sepsis. The cohorts are presented by row: The derivation cohort is the top row; the first
validation cohort is the middle row; and the second validation cohort is the bottom row. Patients assigned to the low-use class are presented in the left
column; patients assigned to rising use are presented in the middle column; and patients assigned to high use are assigned to the right column.
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