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Data-driven management 
for intensive care units

Introduction
The ICU is a highly technological environment 
where each patient data generates thousands 
of data-points per day. However, most of 
this data is usually wasted thus missing the 
opportunity of using this data to understand 
patient profile and improve outcomes. For 
many years intensivists have used individual 
patient data to monitor and follow organ 
failure severity and trajectory with widely 
used scoring systems such as the SOFA score 
(Ferreira et al. 2001) and aggregate ICU 
data using information on physiology and 
patients characteristics to generate severity 
of illness and prognostic scores such as the 
SAPS and APACHE scores that do not add to 
the management of individual patient (Salluh 
and Soares 2014) but can be used to evalu-
ate global severity of illness of a population 
and produce estimates of efficacy of the 
ICU through standardised mortality rates. In 
recent years the fast development of electronic 
medical records, interoperability, connectivity 
with medical devices, cloud-based systems 
and streaming analytics brought advanced 
information with near-real-time analysis 
to the bedside aiding clinicians to manage 
patients based on data and to manage ICUs 
and their quality and performance using 

descriptive analysis, advanced prediction 
models and strategic benchmarking tools. 
Although not fully implemented, it is clear 
that the current technology allows point of 
care assessment of key performance indica-
tors and is the cornerstone of data-driven 
management.

Data-driven management in the ICU 
What kind of data improves ICU perfor-
mance and patient outcomes
There is currently a plethora of data in the 
ICU and exploring it in-depth can be a labour-
intensive task. Currently, several institutions 
have devoted time and resources to data-science 
departments in order to generate models that 
can help evaluate their patient population, 
and use of resources and outcomes. It is clear 
that either older methods (i.e. logistic regres-
sion, data mining techniques) or newer ones 

(i.e. machine learning, deep learning, super-
learner algorithms) are widely available and 
increasingly used. A high degree of expertise, 
as well as access to high-quality and highly 
granular data through robust interoperability, 
is essential (Rush et al. 2018;  Komorowski 
et al. 2018; Gehrmann et al. 2018). However, 
there is also data that is simpler, easier to 
obtain and can generate rich and very useful 
insights for measuring and improving quality 

of care and patient outcomes. With the use of 
core data or a minimal dataset comprised of 
patient characteristics (diagnosis, comorbidi-
ties), complications within the first day of 
ICU admission (physiologic derangements, 
limited lab data, use of invasive devices) and 
ICU related resource use and complications, 
robust, reliable and rich information can be 
easily generated.

Currently national registries such as the 
NICE registry in the Netherlands are providing 
ways to use actionable indicators on antibiotics, 
pain and transfusion management fusing the 
audit (adherence to best practice) measured at 
each ICU with a system that generates ways to 
improve adherence to the best current evidence 
in the form of “tool-boxes” (Kallen et al. 2018; 
Lange et al, 2017). A large real-world data 
project from Epimed, a cloud-based analytics 
for quality measurement and ICU perfor-
mance (Zampieri et al. 2017) is currently 
implemented in more than 800 ICUs in six 
countries where physicians at the point of 
care (through computers or mobile devices) 
can have access to real-time information on 
key quality metrics (Rhodes et al. 2012), 
risk-adjusted outcomes and adherence to 
prevention of adverse events and infection 
and use this information as target for quality 
improvement initiatives. 

In addition, all this information can be 
compared, and ICU benchmarking has made 
substantial progress in recent years (Salluh 
et al. 2018). Traditionally, benchmarking 
has been divided into categories of process, 
performance, and strategic benchmarking. 
It also can be performed within the same 
institution or as external benchmarking. For 
ICUs, benchmarking should use standardised 
measurements to allow comparison of perfor-
mance between intensive care units and if 

This article focuses on the clinical and practical application of current 
available cloud-based data analysis to benchmarking in real-time 
and to optimise clinical care in the ICU.
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feasible involve risk-adjusted measures such 
as the standardised mortality ratios that allows 
ICUs to compare their mortality rates with 
other ICUs with different profiles in a fair way. 
Or it could also involve risk-adjusted length 
of stay or resource use as a way to measure its 

efficiency regardless of the ICU profile (Soares 
et al. 2015; Rothen et al. 2007). Although 
imperfect, severity-adjusted mortality rates 
should be used preferentially associated with 
processes of care and compliance as they can 
offer an alternative approach to benchmark-

ing, providing actionable data (Table 1). 

How I use data to manage my ICU
Despite the worldwide adoption of electronic 
health records (EHR), few institutions are 
making full use of its entire potential using 
highly granular and sequential data acquired 
in EHR to improve the quality of care. The EHR 
in the ICU is a powerful source of informa-
tion generated by healthcare professionals and 
consolidates data from patient monitoring 
systems, bedside equipment (i.e. infusion 
pumps, dialysis machines), and other hospital 
IT solutions. The emergence of Big Data and 
data-driven healthcare presents both tremen-
dous opportunities as well as unprecedented 
challenges (Sanchez-Pinto 2018; Pirrachio 
et al. 2018). Recent studies demonstrate 
the potential for the use of data to reducing 
health care costs while improving quality of 
care, through the development of clinical 
decision support of general ICU patients and 
sepsis cases (Vellido et al 2018; Pirracchio et 
al 2018), better risk assessment and clinical 
profiling of ICU patients through machine 
learning (Vranas et al 2017) as well as iden-
tifying actionable targets for improvement of 
process of care in QI initiatives and registries 
(Soares et al 2016).

Most organisations are now in the phase of 
identifying patients through clinical or finan-
cial risk profiles. Urgent action is needed to 
improve the recognition where it is possible to 
have the greatest outcome with the resources 
available. For this purpose, the use of currently 
available solutions that enable predictive data 
analytics at the bedside can help to identify 
specific at-risk populations and target those 
individuals to optimise clinical care or improve 
ICU staff profile and skills.

Real-world use of analytics to evaluate the 
performance of my ICU 
The recent progress of EHR as well as advanced 
Patient Data Management System (PDMS) for 
the ICU and cloud-based analytics allows us to 
apply the 40-year-old Donabedian principles in 
near-real time. Basically, there are three types of 
indicators based on Donabedian categorisation 
(Donabedian 1978):
1. Structure: describes the organisation, facili-

ties, and staff. Usually describes aspects that 
can be improved by increasing investments.

Domain/
Measure

Advantages Limitations

Outcomes

Mortality Easy to measure, clinically relevant Has to be risk-adjusted (SMR) with 
well-calibrated scores

Length of stay Easy to measure, clinically relevant, proxy of 
resource use

Affected by structure, can be artificially 
lowered by transfers

Unplanned ICU 
readmissions

Easy to measure, clinically relevant, indirect 
marker of clinical process inside and outside 
ICU. 

Affected by structure (e.g.- step-down 
units) and local policies 

ICU acquired 
complications

Indicators of quality of care, there are validat-
ed recommended definitions, often modifiable/
preventable 

Affected by case-mix, frequently 
under-reported, need stable definitions

Process of Care

Adherence to best 
practices and 
process of care

Reliable surrogate of best practices, extensive 
EBM literature to support, can be used for 
audit-feedback purposes

Level of evidence varies according to 
the measures, effect on outcomes is 
variable, frequently under-reported 

ICU and Hospital Organisation and Structure

Staffing patterns Potentially associated with outcomes, easy to 
measure

Should be adjusted by risk and 
workload

ICU structure Can be measured within countries where 
there are national requirements to provide 
intensive care

Wide variation in national standards as 
well as in the definition of an ICU bed

Source: Adapted from Salluh 2017

Table 1. What should we benchmark for ICUs

Figure 1. Practical approach to analyse and improve ICU performance
ICU - Intensive care unit, VAP - ventilator-associated pneumonia
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2. Process: describes the process of care 
between the caregiver and the patient. 
Usually depends on care aspects being 
more easier to change.

3. Outcome: describes the outcome, frequently 
at the patient level. Ultimately, the indicator 
is more important. 

The first step is to define the indicators 
that should be monitored. Second, guaran-
tee the achievement and storage in a clinical 
database.  Several examples of databases are 
available. Third, compare the results to other 
ICUs (Guidet et al. 2016).

After measurement and benchmarking, 
some domains will require changes. One 
important consideration is to evaluate the 
ICU results globally and for specific groups 
and conditions (e.g. sepsis, cardiac surgery, 
onco-haematological patients). Considering 

as an example, a mixed ICU with a poor 
performance for patients in mechanical venti-
lation (i.e. high rates of ventilator-associated 
pneumonia - VAP, delayed and long weaning 
periods, high rate of tracheotomy and longer 
than expected LOS) compared with other 
ICUs with the same characteristics. As an ICU 
director, the mission is to ensure the quality 
of data input and analyse the data. Once the 
problem is detected, a meeting with clinical 
champions in the unit must be done. The 
aim is to find actionable indicators and start 
change! It is important to share the information 
with the team to understand the root cause 
and create a plan to fix the problem. In this 
hypothetical case, the team concluded that 
high rates of VAP were related to VAP preven-
tion bundle non-compliance, especially daily 
sedation vacation. As an action, a sedation 

protocol was developed, and its application 
was ensured by daily measurements with 
electronic checklists and a dedicated and 
well-trained multi-professional team. At the 
same time, non-invasive ventilation use could 
be revisited or a weaning protocol planned. A 
practical approach is presented in Figure 1. 

 
Real-time process of measaured care
Both expert opinion and medical societies 
recommend that ICU LOS should be measured 
and compared as it represents a proxy of ICU 
effectiveness. Because it is easy to measure and 
reproducible, it is considered a good marker 
of resource use and is employed in a risk-
adjusted way to obtain the efficiency matrices 
for ICU as depicted in Figure 2 (Rothen et 
al. 2007). Although ICU physicians are good 
at predicting mortality, even experienced 
intensivists are unable to accurately predict 
LOS at admission for both those patients 
who will experience short and long LOS 
(Nassar and Caruso 2016). In the last years, 
several models for ICU LOS prediction have 
been reported. However, a recently published 
systematic review found that none of those 
models completely satisfy requirements for 
planning, identifying unexpected long ICU 
LOS, or for benchmarking purposes. The 
authors recommended that physicians using 
these models to predict ICU LOS should 
interpret them with caution and use them for 
benchmarking, but not for individual patient 
assessment (Verburg et al. 2017). 

One important caveat about these models 
is that the time period between when the 
sample is taken, and results are generated 
must be shortened considerably to be used 
in predictive equations (Zimmerman and 
Kramer 2017). Recently, the Epimed Monitor 
System® embedded a tool that collects data on 
LOS and provides clinical guidance for future 
admissions (Figure 3). For each diagnostic 
category and from demographic information, 
a LOS estimate is calculated by the system in 
the first 24 hours from admission; however, 
instead of simply reporting the predicted LOS 
(which create a bias by “pressuring” the staff 
to discharge the patient from the unit), the 
algorithm indicates whether landmark LOS 
have passed (in percentiles) and provides an 
individualised risk of prolonged LOS (Zampieri 
et al. 2017). Using this management tool is 

Figure 2. Efficiency matrices using SAP3 score and the SRU

A - Represents an adequte efficiency presentig both SMR and SRU lower than 1. B - Overachieving ICU, presents a good clinical performance but an 
inadequate SRU. C - Underacheiving ICU. In this situation, ICU presents a poor clinical performance despite an adequate resource use. D - Least efficient ICU 
presenting both SMR and SRU over 1.

SRU - Standard Resource Use, SMR - Standard Mortality Ratio, ICU - Intensive Care Unit, SAP 3 Simplified Acute Physiology Score 3.

Figure 3. Epimed Monitor System® dashboard for length of stay prediction
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possible to share the information early and in 
real time with all the staff involved in the care 
of the patient, set specific goals and predict 
ICU occupancy rate for the few next days. 

A pragmatic model of this application tool  
is depicted in Figure 4. As an example, a 49y 
man was admitted in ICU and presented the 
diagnostic of community-acquired pneumonia. 
He had a history of a class II NYHA cardiac 
failure, hypertension, and chronic atrial fibrilla-
tion. During the first 24hs of ICU admission, the 
patient developed septic shock and respiratory 
failure being supported with vasopressors and 
invasive mechanical ventilation. The software 
predicts a median LOS of 8 days with a risk 
of prolonged LOS between 33-66%. This 
information is shared with the team during 

multidisciplinary clinical rounds, and each 
professional optimises relevant measures to 
improve the outcome of this patient (i.e. 
respiratory therapist focus on weaning process 
and early mobilisation, nurses in delirium 
prevention and family communication, a clinical 
pharmacist in medication reconciliation). As a 
manager, it is possible to use this information 
to negotiate with healthcare insurance. 

Conclusion
Data-driven management applied to ICU allows 
not only an evaluation of ICU performance but 
has other conveniences including implemen-
tation and monitoring of clinical protocols, 
optimisation of patient flow, and better plan-
ning and transition of care and discharge. 
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