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ORIGINAL RESEARCH
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ABSTRACT
Aims: To compute the financial and mortality impact of InSight, an algorithm-driven biomarker, which
forecasts the onset of sepsis with minimal use of electronic health record data.
Methods: This study compares InSight with existing sepsis screening tools and computes the differen-
tial life and cost savings associated with its use in the inpatient setting. To do so, mortality reduction
is obtained from an increase in the number of sepsis cases correctly identified by InSight. Early sepsis
detection by InSight is also associated with a reduction in length-of-stay, from which cost savings are
directly computed.
Results: InSight identifies more true positive cases of severe sepsis, with fewer false alarms, than com-
parable methods. For an individual ICU with 50 beds, for example, it is determined that InSight annu-
ally saves 75 additional lives and reduces sepsis-related costs by $560,000.
Limitations: InSight performance results are derived from analysis of a single-center cohort. Mortality
reduction results rely on a simplified use case, which fixes prediction times at 0, 1, and 2 h before sep-
sis onset, likely leading to under-estimates of lives saved. The corresponding cost reduction numbers
are based on national averages for daily patient length-of-stay cost.
Conclusions: InSight has the potential to reduce sepsis-related deaths and to lead to substantial cost
savings for healthcare facilities.
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Introduction

Severe sepsis and septic shock are among the leading causes
of death in the US1,2, and are responsible for �375,000
deaths annually3,4. In addition to taking many lives, sepsis
places tremendous financial strain on the healthcare system,
costing over $20 billion per year nationally in diagnosis and
treatment costs5. The widely accepted traditional definition
of sepsis is the presence of Systemic Inflammatory Response
Syndrome (SIRS)6, together with a known or suspected infec-
tion. However, this criterion is a notoriously non-specific indi-
cator of sepsis risk. Severe sepsis is defined as sepsis,
together with associated organ dysfunction7, and septic
shock additionally includes refractory hypotension8. Each of
these escalating conditions is associated with an increase in
length of stay, patient mortality, and cost of treatment5,7.

Despite many attempts to define and identify sepsis,
including the newly proposed Sepsis-3 definition7, sepsis
diagnosis is particularly challenging because of the complex-
ity and heterogeneity in both origin and clinical manifest-
ation. The presence of infection cannot always be reliably
determined9, and dysregulated host response to infection
can be difficult to assess. However, early diagnosis of sepsis

has been shown to be critical for effective medical interven-
tion. Studies have shown that early diagnosis and treatment
of sepsis, such as early goal-directed therapy (EGDT), can
reduce adverse patient outcomes from severe sepsis and sep-
tic shock10–12. In spite of this research, sepsis detection meth-
ods have changed minimally in the last few decades.

Clinical decision support (CDS) systems are designed to
assist clinicians in diagnosis, medication, and patient man-
agement. Computerized CDS systems may be especially valu-
able in assisting clinicians with complex or difficult
diagnoses, such as sepsis13. The increasing availability of elec-
tronic health records (EHR) facilitates the development of
computerized tools that attempt to identify sepsis through
the analysis of these records14,15. Despite their wide availabil-
ity, these tools often suffer from low specificity or sensitivity,
involve additional manual data entry or complex text inter-
pretation, require extensive laboratory results, or fail to pre-
dict which patients are at highest risk for developing severe
sepsis or septic shock16,17. In this article, we discuss the key
features and compute mortality reduction and financial
impact of an algorithm-driven biomarker, InSight. It can
detect and predict the onset of each of sepsis, severe sepsis,
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and septic shock using patient vital signs automatically
extracted from the EHR, with a high sensitivity and specificity,
and provide these results through a computerized CDS
system18–20.

Description of InSight

InSight is the result of a machine learning workflow, which
can predict the onset of sepsis, severe sepsis, or septic shock
hours before onset, using only basic patient chart informa-
tion routinely available in the EHR. To train InSight to predict
sepsis, we first label retrospective inpatient stays based on
whether or not the patient developed sepsis, according to
criteria collectively referred to as a “gold standard”. We then
choose a set of clinical measurements, the values, correla-
tions, and trends of which (collectively called “features”) are
associated with the gold standard labels of septic or non-sep-
tic. When InSight is used clinically, these measurements are
autonomously collected and used to generate predictions of
sepsis. InSight’s prediction takes the form of a numerical
score, which indicates the likelihood of a given patient hav-
ing sepsis or developing sepsis in the near future.

InSight is flexible with regard to what clinical data it uses
to make features, and it can be adapted to site-specific
parameters. In our prior work, we have used clinical measure-
ments which are nearly universally available at the bedside,
such as heart rate, respiration rate, temperature, systolic
blood pressure, pulse pressure, peripheral capillary oxygen
saturation, Glasgow Coma Score, and age. InSight can make
reliable predictions, despite the simplicity of the clinical
measurements it uses, because it analyzes vital signs over
time to extract trend information, as well as the correlations
between pairs and higher order correlations of patient meas-
urements. These features provide more refined knowledge of
the patient condition, because complex conditions such as
sepsis often impact the feedback mechanisms regulating the
normal correlations of vital signs. Notably, InSight does not
require the use of waveform data, laboratory results, or the
complicated interpretation of free text notes. There are sub-
stantial advantages to analyzing only basic clinical measure-
ments, which include:

1. Prevalence—these measurements are commonly avail-
able for most patients at the bedside.

2. Integration—vital signs are routinely recorded in a hospi-
tal’s EHR as a part of normal clinical practice, and
autonomously accessing this information does not inter-
rupt workflow.

3. Relevance—common vital signs, such as temperature
and respiration rate, are highly relevant to the develop-
ment of sepsis.

4. Frequency—most vital sign measurements are sampled
frequently in inpatient and emergency settings, provid-
ing timely updates on the patient’s status.

In addition to the freedom clinicians and hospital adminis-
trators have in choosing the clinical measurements given as
input to InSight, there is flexibility in the choice of gold

standard for identifying sepsis patients. Because the gold
standard shapes InSight’s training and the predictions it
ultimately makes, InSight can be adapted by retraining it
with a different sepsis standard. Furthermore, this gold stand-
ard can be modified to train an InSight-like algorithm-driven
biomarker to predict patient conditions other than sepsis,
such as in-hospital mortality19 or patient stability20.

InSight has been validated through several studies in
which it was used to predict sepsis onset for three different
gold standards: SIRS criteria18, septic shock21, and sepsis (as
per the recent redefinition of Sepsis-3, roughly equivalent to
severe sepsis as per Sepsis-2)22. Table 1 summarizes several
relevant metrics for the detection of severe sepsis, illustrating
that InSight has outperformed commonly used existing dis-
ease severity scoring systems such as SIRS, MEWS (Modified
Early Warning Score)23, SAPS II (Simplified Acute Physiology
Score)24, or SOFA (Sequential Organ Failure Assessment)25.
These metrics will be used in the next section, where we
compute the expected cost and mortality reductions associ-
ated with using InSight in lieu of an existing scoring system
for a variety of clinical settings.

Methods

We place our cost and mortality estimations in the context of
an intensive care unit (ICU) which is already using an early
warning score (EWS) for severe sepsis. For illustration, we
compare with two severe sepsis screening risk scores, SOFA
and SIRS. For the purposes of our calculations, we consider
that clinicians refer to InSight predictions at the same time as
the predictions from SOFA and SIRS. Furthermore, the score
cut-off thresholds for InSight, SOFA, and SIRS are fixed such
that they have similar specificities (i.e. holding the false alarm
rate constant), and, thus, isolate the benefit of using InSight
to an improvement in prediction sensitivity.

We consider predictions made 0, 1, and 2 h early, which
we term “lookaheads” of 0, 1, and 2 h. At equal specificities,
we tabulate the differences in sensitivity, Dk, and perform a
calculation according to the procedure below. Note that this
process is done for both SOFA and SIRS, but only illustrated
below for SOFA.

For a “lookahead” of k-hours, there is a difference in sensi-
tivity between InSight and SOFA of Dk. The product of the
difference in sensitivity, and the annual number of sepsis
patients seen by an ICU, N, gives the increase in true posi-
tives found by InSight over SOFA. For ease of presentation,

Table 1. Detailed performance measures for InSight and alternative scores for
severe sepsis, normalized to make sensitivities close to 0.80.

InSight SIRS MEWS SAPS II SOFA

AUROC 0.89 0.61 0.80 0.70 0.73
DOR 15.51 2.06 7.85 3.26 3.71
LRþ 3.90 1.30 3.05 1.57 1.55
LR- 0.25 0.63 0.39 0.48 0.42

AUROC, Area Under Receiver Operating Characteristic; DOR, Diagnostic Odds
Ratio; LRþ and LR–, Positive and Negative Likelihood Ratios.
Results are adapted from Desautels et al.22.
The original report is available at https://medinform.jmir.org/2016/3/e28/, and
the content is licensed under Creative Commons Attribution cc-by 2.0.
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we split the N term (number of sepsis encounters) into the
prevalence of sepsis, p, and the total number of patients, n.

Increase in true positives ¼ Dk � p � n
The median time-to-treatment for sepsis has been

reported to be 6 h12. We assume that, by producing an alert
k-hours early, clinicians are able to respond in (6 – k) hours.
Ferrer et al.26 have investigated the effect of delayed anti-
biotic administration on mortality for cases of both severe
sepsis and septic shock, using generalized estimating equa-
tion population averaged logistic regression in a multi-center
retrospective analysis. They have found that administration of
antibiotic within the first hour of severe sepsis or septic
shock onset leads to a survival probability of 75.4%.
However, each hour of delay in antibiotic administration
decreases survival by 1.42% per hour. Therefore, we compute
that the additional true positive cases identified by InSight
have a survival rate of 0.754 – 0.0142�(5 – k). This description
leads to the calculation of InSight saving an additional num-
ber of patients equal to

Dk � ð0:754� 0:0142 � ð5� kÞÞ � p � n
To estimate the cost reduction, we assume that all septic

patients are eventually treated for sepsis at a cost that is
independent of their early identification by InSight, SOFA, or
SIRS. In this way, we attribute all cost reductions to a length-
of-stay (LOS) reduction. Ideally, we could sum the contribu-
tions to mortality and cost reduction, resulting from patients
identified at onset, as well as those detected early (i.e. sum-
ming over “lookaheads”, k). Given that the difficulty of identi-
fying a septic patient at onset is correlated with the difficulty
of identifying them early, we cannot sum the mortality and
cost reductions from each hour of lookahead. In order to be
conservative in our calculations, we use only the number of
additional true positives identified at onset. We assume that
an identification at onset improves compliance with 6-h sep-
sis bundles, which reduces LOS by an average of 3.7 days27.
With the daily average cost of a patient stay of $2,000 per
day28, this LOS reduction amounts to $7,400 per additional
true positive.

Based on our earlier analysis, we calculate that $7,400�
Dk

�(0.754 – 0.0142�(5 – k))�p�n is saved each year for the
p�n sepsis cases that year. To get a sense for the size of this
number, note that there are up to 375,000 sepsis-related
deaths each year3, out of more than 5.7 million ICU visits29.
With Dk ¼ 0.10, k¼ 4, n¼ 5.7 million, and p¼ 0.12630, we cal-
culate that nationwide adoption of InSight will save more
than 53,000 lives, or �14% of all sepsis-related deaths, in the
ICU alone. The total reduction in cost attributed to shorter
patient stays is � $393 million.

To assess the impact of using InSight for individual hospi-
tals, we take our population-level cost and mortality reduc-
tion results and contextualize them in terms of a cost and
mortality reduction per year, for a given number of beds. For
example, consider that, in 2000, there were 67,579 ICU beds
in the US31. Around the same time, there were �4 million
ICU admissions each year32. To model an “average” hospital,
we uniformly spread these admissions across the ICU beds.
We conclude that there are �60 ICU admissions per ICU bed
per year, with an average length of stay of 6 days. So, for a
hospital with 100 ICU beds, we can set n¼ 6,000 patients
and apply the formulae above.

Results

We now quantify the financial and medical advantages of
using InSight over current sepsis screening systems with the
methodology presented above. Based on receiver operating
characteristic curves computed using the recent Sepsis-3 def-
inition7, we determine the sensitivities and specificities for
InSight, SOFA, and SIRS at various thresholds. To assess the
number of additional lives saved using InSight, we fix specifi-
city and calculate the change in sensitivity, Dk, when com-
pared to SIRS and SOFA. When fixing the specificity at a
value between 0.80–0.90, InSight demonstrates a significant
improvement in the number of true positive sepsis cases
caught at onset and in advance (Figure 1a). We determine
the number of additional cases caught by multiplying Dk

by the number of septic patients. InSight also reduces

Figure 1. (a) Additional sepsis patients caught per 300 septic patients by InSight compared to SOFA and SIRS, two common scoring systems. (b) InSight’s reduction
in false alarms per 300 non-septic patients compared to SOFA and SIRS.
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false alarms. Alarm fatigue can be detrimental in hospitals,
leading to the potential for dismissal of real cases33. By fixing
sensitivity at 0.70, we calculate the change in specificity
when using InSight over other scoring systems. We multiply
this difference by the number of non-septic patients to deter-
mine the reduction in false alarms that clinicians will experi-
ence. Figure 1(b) quantifies the false alarm reduction that
InSight provides over SIRS and SOFA.

InSight produces fewer overall alarms per day, while still
maintaining a higher sensitivity and specificity as compared
with SOFA and SIRS. For example, let us consider 100 beds
and a sepsis prevalence of 12.6%30. As estimated earlier, with
�60 patients per bed per year, each patient spends an aver-
age length of stay of 6 days. To simplify calculations, for sep-
tic patients, we assume onset occurs on a randomly selected
day during a patient’s 6-day stay. We, therefore, expect 12.6
of these patients to have sepsis by the end of the stay, and
2.1 of these patients to present with sepsis each day. InSight
will trigger (2.1�sensitivity) alarms corresponding to true posi-
tives and (97.9�(1 – specificity)) alarms corresponding to false
positives. Figure 2 displays the number of alarms InSight,
SOFA, and SIRS trigger per day, depending on the sensitivity
chosen. At a sensitivity of 0.80, InSight generates 46 fewer
alarms than SIRS per day.

With a reduction in false alarms, and an increase in true
positive rate, InSight can both reduce sepsis-related
hospital costs and save more lives than traditional
approaches. Table 2 summarizes InSight’s calculated financial
and health impacts compared with SOFA and SIRS.

Discussion and conclusion

Early identification of patients at high risk for developing life-
threatening sepsis syndromes is critical for providing effective
medical care and interventions. Various disease severity scor-
ing systems (such as MEWS, SAPS II, and SOFA) are frequently
employed in an attempt to identify patients most in need of
medical resources, but often lack the desired sensitivity,
resulting in increased numbers of false alerts. With the
advances in electronic health records, the opportunity for

continuous and accurate monitoring of patient condition is
becoming more achievable, and provides the opportunity to
save lives and reduce costs associated with difficult-to-detect
medical conditions such as severe sepsis. InSight uses data
commonly entered in the EHR, analyzes the correlations
between common patient vital signs, and generates accurate
sepsis alerts and predictions which outperform current
screening systems. To translate the increase in sensitivity and
specificity provided by InSight into concrete measures, we
have created a simple, conservative model for computing the
financial and mortality savings as a function of the number
of beds, arising from the adoption of InSight for sepsis
detection.

Our model demonstrates that InSight significantly
increases the number of septic patients that can be identified
over the number of patients identified by SOFA and SIRS,
and also provides a sizable reduction in the number of false
alarms. This increased accuracy of sepsis identification, com-
bined with timely sepsis bundle compliance, leads to annual
cost savings in the millions of dollars and hundreds of lives
saved per year in large hospital settings. The increase in
accuracy of InSight over these scores is particularly notable,
because InSight utilizes only vital sign data, which is readily
obtained at the bedside. In contrast, scores such as SOFA
and SAPS II rely on laboratory tests such as white blood cell
counts, immature band cell determination, renal and liver
function panels, metabolic tests, and prior medical history to

Figure 2. Number of alarms per day using InSight, SOFA, and SIRS for sepsis detection with 100 beds (a) and 300 beds (b).

Table 2. InSight’s advantage in lives saved and cost savings annually over
SOFA and SIRS identification of septic patients, as a function of the number of
beds. Based on prior performance, a facility switching to InSight from SIRS or
from SOFA can expect to save an average of $925 per bed per month or $574
per bed per month, respectively. Similarly, upon switching to InSight, � 1–1.5
additional patients per bed per year are expected to survive.

Number of beds

50 100 300 500

InSight vs SOFA
Lives saved (/year) 47 93 279 466
Cost savings ($100k/year) 3.4 6.9 21 34

InSight vs SIRS
Lives saved (/year) 75 150 451 752
Cost savings ($100k/year) 5.6 11 33 55

4 J. CALVERT ET AL.



generate scores. The machine learning approach of InSight
leads to higher sensitivity and specificity (AUROC) and DOR
for severe sepsis than these scores, without requiring labora-
tory results, as shown in Table 1. The minimal input require-
ments of InSight provide a potential clinical advantage in
ease of implementation and rapid diagnosis.

There are a few aspects of our financial estimation which
invite discussion, due in large part to its simplicity. In order
to compute cost and mortality savings most conservatively,
we have proposed a use of InSight which differs from its
mode of clinical action. Rather than InSight generating neces-
sary alerts for the immediate attention of the clinician, for
the purposes of this calculation, we limit InSight to only acti-
vate at the same point in time as SIRS and SOFA. InSight
demonstrates maximal sensitivity and specificity at the time
of sepsis onset, and also outperforms SIRS and SOFA prior to
onset. This comparison illustrates InSight’s increased true
positive rate and true negative rate over commonly used
scoring systems when run at discrete points in time. In other
words, the medical and health implications considered here
are conservatively derived from a single fixed-time, rather
than continuous-time use, which would more accurately
reflect InSight’s actual use case, and is likely to result in
higher cost savings and increased mortality reduction than
reported here.

A second limitation of our model concerns its generaliz-
ability to various hospital environments. Using averaged
national data, we also assume the number of ICU admissions
and beds is uniform across hospitals. Thus, we determine
that each patient spends an average of 6 days in the ICU,
which is likely to vary across hospitals. Tailoring these aver-
ages to specific ICUs may alter the cost savings and alarm
counts presented in this report. Furthermore, treatment costs
differ by hospital and region. We estimate the cost of each
patient-day to be � $2,000, without adjusting for regional or
medical variability. While patients treated for sepsis may cost
more than other inpatients34, we also assume that patient
costs per day are averaged across all patient stays, regardless
of patient medical condition, to keep our calculations
conservative.

Our assumptions surrounding standard bundle compliance
is an additional point of discussion. The model uses a few
reasonable metrics of outcomes for sepsis and early interven-
tion based on published data, including the median time to
sepsis intervention, discussed in the Ferrer et al.26 paper. By
using this value, we assume that clinicians will improve bun-
dle compliance when adopting a sepsis screening tool. Time
to bundle initiation varies widely, based on hospital and clin-
ician training. We expect that, by using an automated screen-
ing system, clinicians will adhere to 6-h bundle requirements
and significantly improve compliance. The rate at which hos-
pitals actually comply with and initiate the sepsis bundle
after sepsis identification will impact the financial savings
and number of lives saved using InSight.

Despite several limitations, our simple methodology
clearly exhibits InSight’s impact on mortality and cost reduc-
tion. By accurately predicting which patients are most likely
to become septic, clinicians are able to deploy sepsis bundles
earlier, which leads to better outcomes for patients. A natural

consequence of more effective and rapid treatment is a
reduction in LOS, which directly translates as cost savings.
Thus, while improved outcomes often come at a higher cost
in medicine, the opportunity of initiating earlier sepsis care
by using an algorithm-driven biomarker is one where cost
reduction and quality improvement incentives align.
Ultimately, healthcare systems, providers, and patients all
benefit.
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