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The timing and application of dialysis in the ICU is highly variable contributing to 
poor outcomes. A clinical decision support system (CDSS) incorporating a dynamic 
predictive algorithm for organ support could improve outcomes.  
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Background 
Multiorgan failure (MOF) and acute kidney 
injury (AKI) are frequently encountered 
in critically ill patients and often require 
acute dialysis for support to facilitate 
recovery. There is considerable variation 
in the application of dialysis that is associ-
ated with mortality rates >50% and high 
resource utilisation (Aglae et al. 2019; 
Ethgen et al. 2015; Silver et al. 2017; Dasta 
and Kane-Gill 2019; Gaudry et al. 2020; 
Harding et al. 2020; Ethgen et al. 2022). 
Decisions for acute dialytic intervention 
require consideration of who would benefit 
from dialysis and when would it be best 
to intervene (Macedo and Mehta 2017). 
Current guidelines for the timing of dialysis 
are often disparate and rely largely on the 
presence of specific indications to identify 
who needs dialysis with the urgency of 
intervention depending on the presence 
of life-threatening complications (NICE 
guidelines 2019; Bouchard and Mehta 
2022).  This approach makes it difficult to 
identify and track high risk patients before 
they meet an indication and to define the 
optimal time point for intervention based 
solely on the presence or absence of the 
indication. The underlying severity of 
kidney dysfunction (Stage of AKI, oliguria) 
is viewed as the major driver for dialytic 
intervention and was the primary inclu-
sion criteria for all the trials (Gaudry et 
al. 2016; Zarbock et al. 2016; Barbar et al. 
2018; Investigators Canadian Critical Care 
Trials Group et al. 2020). However, not all 
AKI stage 3 patients require dialysis and 
it is often started in the absence of AKI 
for fluid management or adjunctive organ 
support and AKI (Ostermann et al. 2016). 
 Recent trials have shown application of 
dialysis in the ICU is highly variable and 
based on current criteria results in over 

40% of patients not needing dialysis while 
those who receive it late have a 25% higher 
mortality (Bouchard and Mehta 2022). 
In the largest of these trials (STAART 
AKI) clinician equipoise was utilised to 
determine enrolment of patients who 
met a Stage 2 AKI, almost one third of 
patients were enrolled where the physician 
was uncertain of the benefit of dialysis 
(Investigators Canadian Critical Care Trials 
et al. 2020) An analysis of the patients 
screened and not enrolled in the STAART 
trial, showed that clinicians excluded over 
89% of provisionally eligible patients due 
to their personal equipoise, however 8.7% 
of patients who were mandated immediate 
RRT were not dialysed and 11% who were 
considered to not require dialysis received 
it (Wald et al. 2021). In the latest AKIKI 
2 trial comparing the effect of deferring 
dialysis for severe AKI until there was 
evidence of severe complications there was 
higher risk of mortality at 60 days despite 
similar rates of complications (Investigators 

Canadian Critical Care Trials et al. 2020). 
In a post hoc analysis risk stratification 
profiles of patients dialysed within 48 hrs. 
of randomisation to a delayed strategy, 
showed that patients in the fourth and 
fifth quintiles of risk would have benefitted 
from an early intervention demonstrating 
considerable heterogeneity of treatment 
effect of early vs delayed dialysis (Grolleau 
et al. 2022). These clinical trials have led 
to considerable controversy on whether 
a “wait and see approach” is preferable to 
an early intervention (Zarbock and Mehta 
2019; Bouchard and Mehta 2020; Meraz-
Munoz et al. 2021; Pan et al. 2021; Gaudry 
et al. 2022). However, there is no clarity 
on which patients would benefit from 
waiting, the parameters that should define 
the waiting period and its duration and 
how patients should be managed during 
the waiting period (Bagshaw et al. 2021). 
The recent COVID-19 pandemic created 
an unprecedented strain on healthcare 
resource utilisation, as there was a marked Fig 1: The Four Decision Points for Kidney Support
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Figure 1. The four decision points for kidney support
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increase in patients requiring acute dialysis 
that overwhelmed available resources in 
many centres (Chan et al. 2021; Gupta 
et al. 2021). These experiences highlight 
the need for standardised comprehensive 
systems-based approaches for enabling 
providers and healthcare systems to identify 
patients who would most benefit from 
high acuity care while de-escalating care 
for others (Stevens et al. 2021; Rhee et al. 
2022).  

The Role of Predictive Analytics
Current lack of accepted standards for 
timing of dialysis initiation, heterogeneity 
of patients and variations in care delivery 
contribute to under and over utilisation 
of the therapy resulting in high mortality, 
increased length of stay, rehospitalisation 
and long-term need for dialysis at a cost of 
over 10 billion dollars per year in the U.S. 
Consequently, there is a great need for tools 
to identify high risk patients who would 
need dialysis, determine the optimal time 
for intervention with the best likelihood 
for benefit while minimising risk and to 
adjust the operational characteristics to 
personalise management. While current 
scoring systems (e.g., APACHE 3, SOFA) 
provide an objective measure of patient 
condition and organ dysfunction, they 
do not support decision making in effec-
tive resource deployment of extracorpo-
real organ support (ECOS) (Aziz et al. 
2020). The availability of real time data 
in electronic health records has led to the 
development of several machine learning 
models predicting the development of 
AKI and subsequently the requirement of 
dialysis. These models incorporate several 
variables; however, lack transparency of 
how the components in the model interact 
limits interpretability for clinical care and 
transferability across centres (Koyner et 
al. 2018; Tomasev et al. 2019; Churpek et 
al. 2020; Goldstein and Bedoya 2020; Vaid  
et al. 2021). Biomarker-based approaches 
have similarly been assessed to predict the 
provision of dialysis, but no single biomarker 
has emerged as being predictive (Klein et 
al. 2018; Fiorentino et al. 2020). The lack 
of utility for these techniques represents 
prior approaches that create risk predic-

tions based on assessment of single points 
in time and do not incorporate changes 
in patient course and do not utilise avail-
able clinical and lab data for dynamic risk 
assessment and intervention (Wilson et al. 
2021; Demirjian et al. 2022). 
 It is instructive to consider the useful-
ness of prediction is to assist clinicians 
in making decisions for diagnostic or 
therapeutic interventions. When dialysis 
is considered in critically ill patients, 
there are four decision points (Figure 1). 
Assessing the clinical status of the patient 
and evaluating the potential benefit and 
risks of intervention are an essential first 
step where knowledge of the operational 
characteristics of the therapy (modality, 
dose, duration) need to be matched with 
the clinical condition. Once dialysis is 
determined to be appropriate, defining 
the optimal time for intervention is para-
mount to avoid unnecessary treatments 
and delays that deprive the patient of 
achievable benefit and may contribute to 
futility. Deciding the modality, dose, and 
management strategies to adjust therapy 
delivery to meet the changing needs of 
the patients and determine transitions in 
therapy to match goals of care are additional 
decision points that are required. There is 
wide discrepancy in these decision points 
that lead to variations in care delivery and 
could be amenable to improvement with 
predictive analytics. In most cases clinicians 
make decisions for dialysis support based 
on an assessment of the accessible clinical 
and lab data, evaluation of the patient’s 
condition and the anticipated course. 

However, patients span the spectrum of 
presentation ranging from a relatively stable 
course to a rapid progression with multi-
organ failure. To improve decision making 
and timely interventions with dialysis it 
is crucial for physicians to evaluate and 
integrate disparate pieces of information 
that are often not concurrently available. 
Clinical decision support systems (CDSS) 
can reduce the burden by continuously 
collecting relevant data within electronic 
health records (EHR), integrating the 
information and presenting it to clinicians 
for timely action (James et al. 2022).

Development of a CDSS for Kidney 
Support in the ICU
Recent studies have provided evidence for 
the potential benefit of real-time high-
resolution assessments every few minutes, 
to provide an earlier indication of devel-
oping sepsis and organ failure (Adams et 
al. 2022; Henry et al. 2022). Nevertheless, 
prediction by itself is not enough as it 
should provide actionable information 
leading to specific interventions that influ-
ence the course favourably. As shown in 
Figure 2 predictive analytics applied for 
informing application of organ support 
should encompass dynamic assessments 
in a continuum of care. Identifying high 
risk patients at ICU admission should 
lead to active surveillance for thresholds 
for intervention, guide the choice of dialy-
sis modality and its delivery to address 
the clinical need and provide measures 
to monitor the course with appropriate 
changes in therapy to promote recovery. 
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Fig 2: Attributes of predictive analytics for personalized management of critically 
ill patients requiring extracorporeal organ support (ECOS).

Figure 2. Attributes of predictive analytics for personalised management of critically ill 
patients requiring extracorporeal organ support (ECOS)
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 To address these challenges, we have 
developed a clinical decision support 
(CDSS) platform for real-time and hospital-
wide prediction of acute dialysis require-
ment. The system relies on a novel method 
of organ monitoring that assesses the 
organ’s functional capacity and, using only 
20 commonly available patient data-points, 
predicts when capacity is exceeded to the 
point that dialytic intervention is required. 
The system dynamically quantifies the need 
for organ support using a patent pending 
Demand/Capacity/Mismatch algorithm 
(DCM) to assess the mismatch (M) of the 
demand (D) placed on any organ and the 
available organ capacity (C) (Ostermann 
et al. 2016). The DCM utilises patient 
demographics, clinical characteristics 
and laboratory data routinely recorded 
as standard of care in ICU’s worldwide to 
dynamically quantify individual parameters 

contributing to the demand and residual 
capacity of each organ and the additional 
capacity provided by the dialysis system to 
determine the response to treatment. Using 
data from over 20,000 patients throughout 
the United States, Canada and Europe 
to develop the algorithms with external 
validation in an independent set of elec-
tronic medical record data from 80,000 
patients, this algorithm demonstrated 
an AUC of 0.945 predicting the need for 
dialysis within 96 hours at any time in 
the ICU. Our system has a cloud-based 
platform constructed in the Amazon Web 
Services (AWS) environment that links 
to electronic health records through Fast 
Healthcare Interoperability Resources 
(FHIR) and HL-7 endpoints to securely 
obtain real time data from multiple patient 
records; parse it accurately through the 
algorithm whenever new data is available 

or at defined intervals, to provide clinicians 
with actionable information in a customis-
able dashboard that can be configured to 
alert clinicians at set thresholds (Figure 
3). The platform has built in features that 
support its use across different EHRs and 
settings and data results can be configured 
for visualisation in multiple formats. 

Conclusions
We have developed and validated a propri-
etary patent pending, real-time, scalable 
clinical decision support system (CDSS) 
to accurately predict risk of organ failure 
and outcomes in critically ill patients and 
empower clinicians to achieve timely deci-
sions and implement appropriate organ 
support at the right time. Our approach to 
combine real-time predictive risk assessment 
with prescriptive analytics provides timely, 
standardised, and optimised clinical deci-
sion support through the continuum of a 
patient’s course of disease. We anticipate its 
deployment and validation in prospective 
clinical trials and its utilisation to improve 
care of critically ill patients.
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Fig 3: Overview of the clinical decision support system platform for extracorporeal organ support 
(ECOS) in ICU patients
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Figure 3. Overview of the clinical decision support system platform for extracorporeal 
organ support (ECOS) in ICU patients
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