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ealthcare professionals work-
ing in the ICU environment
are exposed to a large amount

of data, both because of the intrinsic
complexity of the patients, as well as
patients’ close monitoring. There is
also an exponential increase in medical
knowledge, and thus an exponential
difficulty in treating patients accordingly.
Even interventions clearly established in
the medical literature as beneficial are
not universally applied. For example,
when the LUNG-SAFE study (Bellani et
al. 2016) was conducted, three interven-
tions had proven to improve survival in

Clinical Decision Support
Systems: Future or
Present in ICU?

Clinical decision support systems (CDSS] are today, a reality. More complex,

useful systems will be developed in the near future, forging CDSS an essen-

tial part of ICU monitoring. However, we need to understand the algorithms

embedded in CDSS and to assess them correctly. They will need to first prove

their worthiness before becoming indispensable.

Acute Respiratory Distress Syndrome
(ARDS): low tidal volume <6 ml/kg,
prolonged sessions of prone positioning
and neuromuscular blocking for 48 hours;
provided data showed mean tidal volume
of 7.6 ml/kg, use of prone position in
16% of the cases and NMBA in 37.8%.
One-thousand eight hundred to 250,000
deaths per year have been estimated to be
due to medical errors regarding adverse
effects (Makary and Daniel 2016; Sunshine
et al. 2019). Derived costs from medi-
cal errors reached 19.5 billion in 2008

d d CDSS have to be
efficient, able to integrate
with the workflow, avoiding

overload pp

(Andel et al. 2012).

Use of computer systems during clini-
cal practice started during the 1960s
(Ledley & Lusted 1959). Clinical Decision
Support Systems (CDSS) are defined as

“a process for enhancing health-related
decisions and actions with organised
clinical knowledge, to improve health
care delivery.” In other words, CDSS
are health information technology that
builds upon the foundation of an elec-
tronic health record (EHR) to provide
professionals with specific, filtered and
organised information.

Recently, several elements make possible
the deployment of this concept into
significant and practical applications:

* Digitalisation and increased connec-

tion of medical devices with EHR.

*  Possibility of incorporating CDSS
both in the EHR and in the medical
devices themselves, from monitors
to ventilators.

* Improvement in data processing:
new analytical techniques, based
on the analysis of big data, and
different forms of machine learning
(Nufiez Reiz et al. 2019; Sanchez-
Pinto et al. 2018).

e Change from an old working
model focused on ICU mortality
to a new model focused on the
patient’s continued care (including
ICU and hospital ward) (Vincent
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and Creteur 2015).

CDSS Classification
There are different types of CDSS depend-

ing on the work-chain link they support.
CDSS can be more specific by supporting
a single specific task, such as anticoagu-
lant weekly dosing, or more complex by
integrating different aids, such as guiding
the management of a septic patient along
the hospital stay (from initial screening to
the ICU admission). CDSS can improve:

* Data entry: Automating this step
minimises errors and decreases
workload. When automation is
not possible CDSS may ease data
entry using smart forms. CDSS
may also detect errors during
data entry and present immediate
alerts if necessary, and transform
unstructured inputs to analytically
processable data. For example,
there are systems that are capable
of data-mining diagnostics (struc-
tured data) from free text inputs
(unstructured data).

* Data review: CDSS may provide
summary of relevant data through
predictive and retrospective analy-
sis. This process may allow screen-
ing of deteriorating patients.

¢ Management: CDSS may present
relevant references and resources
like guidelines and protocols, and
advise during prescription adjust-
ment of medication or techniques.
Computerised physician order entry
(CPOE) refers to computer-based
systems that facilitate the medica-
tion ordering process, including
clinical assistance systems. It is a
field where CDSS have great impact,
although once established it can go
unnoticed. It eliminates transcrip-
tion errors in which medication
administration errors occurred
due to errors in the eligibility of
prescriptions, and it facilitates phar-
macology departments’ follow-up,
which entails significant savings

(Calloway et al. 2013). Prescription
help systems generate automatic
alerts of allergies, interactions
and dose adjustment depending
on creatinine clearance.

*  Alerts: Alerts and tasks not initiated
by the user, by patient data or by
time. For example, systems predict-
ing ICU admission of patients stay-
ing at the hospital ward, systems
detecting worsening in ICU patients
and systems predicting need of
prolonged mechanical ventilation.

Features and Limitations
We must acknowledge the characteristics
CDSS should include and the problems
they may face in their application.
CDSS should give advice on relevant
issues, including staff and patient needs.
This advice must be intuitive and easy to
use; required training to obtain results
should not be needed. The way in which
CDSS advises the user must be respectful,
and its implementation explained so that

d d other CDSS
screening examples
are systems that detect
specific syndromes,

such as sepsisp p

the staff accepts it (Ginestra et al. 2019).
Black boxes are not desirable; clini-
cians should understand the advice before
accepting it. The only exception would
be that there was no other option, or its
usefulness was clearly demonstrated (e.g.
in a randomised clinical trial, where the
result is relevant without question).
CDSS have to be efficient, able to inte-
grate with the workflow, avoiding overload.
They should keep advice only for relevant
information, reducing alert fatigue, should
avoid the need for manual data collection,
and should ease the needed tasks when

different computer systems and medical
devices that hinder the extraction work
together. Anonymised data is mandatory,
notably if databases are exported for
collaborative research networks.

Assess CDSS
Like any medical intervention, CDSS
must have a scientific basis and provide
evidence about its usefulness. There is a
specific regulation on closed loop systems
where a software or a set of software
and hardware intervenes directly in a
patient, but, to our knowledge, there is
no paperwork on systems that guide the
healthcare staff interventions.
Sometimes it is difficult to define what
a correct decision is. We should focus on
obtained CDSS outcomes compared to
other clinicians or experts rather than on
a specific decision within a specific case.
Moreover, CDSS must include systems
that correct predictable and unpredictable
errors, monitoring their performance.

Examples in Critical Care

It is out of scope to review all existing
CDSS. We will however present some
current examples with which we are
familiar.

Early detection of patients with clini-
cal worsening (Vincent et al. 2018) is
a well-studied field. Computer systems
have the ability to monitor all generated
data within the hospital, providing itself
feedback for continuous improvement
(Cardoso et al. 2011).Vital signs collec-
tion systems at emergency departments
and wards are automated to reduce errors,
avoiding increase of the burden of nurs-
ing. It is crucial for the healthcare staff
to be aware of its usefulness (if some
of the data collection depends on their
participation, this has to be performed
correctly).

Processing data has gone a long way.
Scoring systems, like Early Warning Scores
(EWS), allocate points based on several
physiological variables, yielding a total
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Figure 1. Early Warning Score Application. A) Example of an intelligent vital signs monitoring system with a custom-
ised early warning system integrated. B) On the left of the monitor the sum of the score. On the right the given advice
to the nurse (e.g. alert the ICU team). C) Data of vital signs are connected automatically with the EHR. These
data and lab test results generate warnings of patients at risk to the ICU team.

Figure 2. Electrical Impedance Tomography monitoring an optimal PEEP manoeuvre. The software automatically
interprets different levels of PEEP during the last minutes of monitoring. The user supervises the choice of the
stages before being compared. The software also represents the areas of overdistension and atelectasis so that the
user can choose the optimal PEEP.

score after summing up the different
points (Royal College of Physicians 2012;
Subbe et al. 2001). EWS are used in real
workflows; in our particular case, we have
been working with an “ICU without walls
model” for the past decade, improving
patient monitoring admitted in the hospital
wards (Abella Alvarez et al. 2013). This
system, based on technological support
and multi-professional collaboration, uses
wirelessly connected with EHR monitors
(Welch Allyn®), and customised with
our own EWS system (Henares EWS).
The CDSS integrates clinical data, vital
signs and lab data of patients, improv-
ing the alert system and allowing rapid
intervention (Figure 1). Other models
using deep learning are in development
and validation phase on retrospective
databases (Desautels et al. 2016).

Other CDSS screening examples are
systems that detect specific syndromes,
such as sepsis. In this case, machine learn-
ing based systems detect patients hours
before the onset of sepsis (Desautels et
al. 2016; Giannini et al. 2019; Nemati et
al. 2018; Shashikumar et al. 2017).They
show good clinical application, including
shorter ICU and hospital length of stay
and lower hospital mortality (Shimabu-
kuro et al. 2017).

Another good example of CDSS use
within the ICU imply the management
of mechanical ventilation (MV). There
are basic computerised protocols that
standardise and guide medical decisions
using inputs generated by the ventila-
tor or the other monitoring systems
(Sorenson et al. 2008). More complex
systems integrate data generated by the
patient into physiological models. There
are currently closed loop systems from
different MV manufacturers: they do not
require clinician intervention, and are
currently being used in the transition to
assisted modes and in automatic weaning
(Rose et al. 2015). A compelling number
of ongoing trials will assess its significant
usefulness.
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Moreover, new CDSS regarding manage-
ment of MV can be integrated in a moni-
tor. This software allows an electrical
impedance monitor to semi-automatically
recognise an optimal PEEP manoeuvre and
present the overdistention and atelectasis
information so that the clinician decides
on the optimal PEEP level (Figure 2). New
machine learning applications manage
to recognise asynchronies (Gholami et
al. 2018; Sottile et al. 2018) and predict
prolonged mechanical ventilation (includ-
ing need for tracheostomy).

Conclusion
Clinical decision support systems are

References

Abella Alvarez, A, Torrejon PI, Enciso CV, Hermosa GC,
Sicilia UJ et al. (2013) Proyecto UCI sin paredes. Efecto
de la deteccion precoz de los pacientes de riesgo.
Medicina Intensiva, 37(1), 12-18.

Andel C, Davidow SL, Hollander M, Moreno DA (2012)
The economics of health care quality and medical errors.
Journal of Health Care Finance, 39(1):39-50.

Bellani G, Laffey JG, Pham T, Fan E, Brochard L, Esteban
A. Pesenti A [2016) Epidemiology, Patterns of Care, and
Mortality for Patients With Acute Respiratory Distress
Syndrome in Intensive Care Units in 50 Countries. JAMA,
315(8):788.

Calloway S, Akilo H, Bierman K (2013) Impact of a
clinical decision support system on pharmacy clinical
interventions documentation efforts and costs. Hospital
Pharmacy, 48(9):744-752.

Cardoso LT, Grion CM, Matsuo T, Anami EH, Kauss IA,

Seko L, Bonametti AM (2011) Impact of delayed admis-
sion to intensive care units on mortality of critically ill

patients: A cohort study. Critical Care, 15(1):R28.

Desautels T, Calvert J, Hoffman J, Jay M, Kerem Y, Shieh
L Das R (2016) Prediction of Sepsis in the Intensive Care
Unit With Minimal Electronic Health Record Data: A
Machine Learning Approach. JMIR Medical Informatics,
4(3):e28/

Gholami B, Phan TS, Haddad WM, Cason A, Mullis J,
Price L, Bailey JM (2018]) Replicating human exper-
tise of mechanical ventilation waveform analysis in
detecting patient-ventilator cycling asynchrony using
machine learning. Computers in Biology and Medicine,
97:137-144.

Giannini HM, Ginestra JC, Chivers C, Draugelis M,
Hanish A, Schweickert WD, Umscheid CA (2019) A

eccccccccccocccccccccccccce

today a reality. More complex, useful

systems will be developed in the near
future, forging CDSS an essential part of
ICU monitoring. However, we need to
understand the algorithms embedded in
CDSS and to assess them correctly. They
will need to first prove their worthiness
before becoming indispensable.

Conflict of Interest

Federico Gordo has performed consultancy
work and formation for Medtronic and
formation for Medtronic, Draguer and
MSD. The other authors have no compet-
ing interests. M

Machine Learning Algorithm to Predict Severe Sepsis
and Septic Shock. Critical Care Medicine.

Ginestra JC, Giannini HM, Schweickert WD, Meadows
L, Lynch MJ, Pavan K, Umscheid CA, (2019) Clinician
Perception of a Machine Learning-Based Early Warning
System Designed to Predict Severe Sepsis and Septic
Shock. Critical Care Medicine, 47(11):1477-1484.

Ledley RS, Lusted LB [1959) Reasoning Foundations of
Medical Diagnosis: Symbolic logic probability and value
theory aid our understanding of how physicians reason.
Science, 130(3366):9-21

Makary MA, Daniel M (2016) Medical error—the third
leading cause of death in the US. BMJ 353:i2139.

Nemati S, Holder A, Razmi F, Stanley MD, Clifford GD,
Buchman TG (2018) An Interpretable Machine Learning
Model for Accurate Prediction of Sepsis in the ICU.
Critical Care Medicine 46(4):547-553.

Nunez RA, Armengol MA, Sanchez GM (2019) Big Data
Analysis y Machine Learning en medicina intensive.
Medicina Intensiva, 43(7):416-426.

Rose L, Schultz MJ, Cardwell CR, Jouvet P, McAuley DF,
Blackwood B (2015) Automated versus non-automated
weaning for reducing the duration of mechanical ventila-
tion for critically ill adults and children: a cochrane
systematic review and meta- analysis. Critical Care,
19:48.

Royal College of Physicians (2012) National Earl Warning
Score [ NEWS ] - Standardising the assessment of
acute-illness severity in the NHS Report of a working
party.

Sanchez-Pinto LN, Luo Y, Churpek MM (2018) Big Data
and Data Science in Critical Care. Chest 154(5):1239-
1248.

Shashikumar SP, Stanley MD, Sadiq |, Li Q, Holder A,

Key Points

¢ Clinical Decision Support Systems are defined
as a process for enhancing health-related
decisions and actions with organised clinical
knowledge, to improve health care delivery.

e CDSS can be more specific by supporting a single
specific task, such as anticoagulant weekly dos-
ing, or more complex by integrating different aids.

e CDSS can improve data entry, data review, man-
agement and alerts.

e CDSS are a reality. More complex, useful systems
will be developed in the near future, forging CDSS

an essential part of ICU monitoring.

Clifford GD, Nemati S (2017) Early sepsis detection in

critical care patients using multiscale blood pressure
and heart rate dynamics. Journal of Electrocardiology,
50(6):739-743.

Shimabukuro DW, Barton CW, Feldman MD. Mataraso
SJ, Das R (2017) Effect of a machine learning-based
severe sepsis prediction algorithm on patient survival
and hospital length of stay: a randomised clinical trial.
BMJ Open Respiratory Research, 4(1):e000234.

Sorenson D, Grissom CK, Carpenter L, Austin A, Sward
K, Napoli L, Reengineering Clinical Research in Critical
Care Investigators (2008) A frame-based representation
for a bedside ventilator weaning protocol. Journal of
Biomedical Informatics,41(3):461-8.

Sottile PD, Albers D, Higgins C, Mckeehan J, Moss MM
(2018) The Association Between Ventilator Dyssynchrony
Delivered Tidal Volume and Sedation Using a Novel
Automated Ventilator Dyssynchrony Detection Algorithm.
Critical Care Medicine, 46(2):e151-e157.

Subbe CP, Kruger M, Rutherford P, Gemmel L (2001)
Validation of a modified Early Warning Score in medical
admissions. QJM: Monthly Journal of the Association of
Physicians 94(10):521-6.

Sunshine JE, Meo N, Kassebaum NJ, Collison ML,
Mokdad AH, Naghavi M (2019) Association of Adverse
Effects of Medical Treatment With Mortality in the United
States: A Secondary Analysis of the Global Burden of
Diseases Injuries and Risk Factors Study. JAMA Network
Open, 2(1):e187041.

Vincent JL, Creteur J (2015) Paradigm shifts in critical
care medicine: the progress we have made. Critical
Care, 19 Suppl 3:510.

Vincent JL, Einav S, Pearse R, Jaber S, Kranke P,
Overdyk FJ, Hoeft A (2018) Improving detection of patient
deterioration in the general hospital ward environment.
European Journal of Anaesthesiology, 35(5):325-333.

ICU Management & Practice 4 - 2019/2020



