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Abstract
Rigorous evaluation of ML models prior to deployment in hospital settings is critical to ensure utility, performance, and safety. In addition, a guarantee of the usability of such tools
requires careful user-centred design and evaluation. Such evaluations can be extra challenging for models that measure unquantified and
complex clinical phenomena like the risk of deterioration. This paper introduces a silent trial
protocol for evaluating models in real-time in
the ICU setting. The trial is designed following principles of formative testing with the goal
of evaluating model performance and gathering information that can be used to refine the
model to best fit within the intended environment of deployment. We highlight the considerations for a systematic evaluation and explain
the design and deployment of the components
© 2022 S. Tonekaboni et al.

that enable this trial. We hope that the principles and considerations introduced in this paper
can help other researchers validate ML models
in their clinical settings.

Data and Code Availability The main contribution of this paper is a novel silent trial protocol; The
data and code availability therefore doesn’t apply to
this work.

1. Introduction
The development of Machine Learning (ML) technologies in healthcare applications are advancing
rapidly, but the deployment of such models in realworld clinical settings has not yet become widespread
(Sendak et al., 2020a). One of the major reasons for
this is the lack of standards to rigorously and com-
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prehensively evaluate such models that would involve
the performance accuracy as well as the human usability, safety, and actionability of the tool in practice
(Verma et al., 2021; Joyce and Geddes, 2020; McCradden et al., 2022). The difficulty of proper evaluation is exacerbated in the context of ML models
that estimate previously unquantified clinical phenomena such as the risk of deterioration. Quantifying such phenomena has significant utility in settings such as the Intensive Care Units (ICUs), where
the timely escalation of care for patients experiencing clinical deterioration is challenging and delay in
the escalation is often associated with increased risk
of in-hospital mortality (Sankey et al., 2016). Due to
the lack of well-defined or recorded labels for risk of
clinical deterioration, corresponding models are commonly trained and evaluated using proxy labels such
as the Modified Early Warning Score (MEWS) for
clinical deterioration (Churpek et al., 2016; Kia et al.,
2020), or labelled events like septic shock (Henry
et al., 2015), cardiopulmonary arrest (CPA) (Tonekaboni et al., 2018; Ong et al., 2012), or unplanned
unit transfer (Wellner et al., 2017). However, these
proxies fail to capture the heterogeneity of deterioration pathways and so do not accurately estimate the
risk of deterioration in real-life settings.
This paper proposes a novel silent trial framework
for real-world evaluation and validation of ML models prior to deployment in hospital settings. The trial
is designed with the goal of measuring the performance and functionality of complex ML models in
clinical settings, assessing the clinical utility of these
tools in practice, and gathering information from domain experts for improving the model. The design
is based on the principles of formative testing that
refers to the exploratory studies that are conducted
early in the development cycle of any product and
aim to define user profiles, usage modes, functionality specifications, requirements, and workflow (Rubin and Chisnell, 1994). In particular, we present
the silent trial with a case study of an ML model
that estimates the real-time risk of deterioration in
the ICU using streaming physiological signals. Figure 1 shows the road map of this model from design
to deployment. After an iterative design cycle, retrospective validation, and model refinement, this model
is assessed through the proposed trial. In our silent
trial, the model is integrated into the care environment and is tested in real-time. The trial has the
objective of both a technical evaluation of the model
and gaining a better understanding of how to quan-

tify the currently unquantified “characterization of
risk” by domain experts in a complex medical environment. The silent aspect of the trial ensures that,
although the predictions are made in real-time, they
do not influence care (Wiens et al., 2019). This is to
guarantee patient safety and to make sure that the
model is being assessed in isolation of its potential
impact on the users. But most importantly, this trial
is designed to involve clinical experts in the validation
process. One reason for this is the complexity of evaluating pathways of clinical deterioration, which are
not captured through the Electronic Health Record
(EHR) data. The other reason is that we need a clear
understanding of users’ needs for a successful deployment, and by involving the users in the validation
process of the model, we can gather this information and begin to establish trust by engaging users
from early stages. Our proposed silent trial enables
us to evaluate the model performance, seek to verify assumptions about stakeholders, and also identify
high-level function and human factors issues. While
these studies are common in medical technology design and evaluation (Rubin and Chisnell, 2008), they
are rarely utilized in evaluating clinical ML models
(Yang et al., 2019).
Throughout this paper, we highlight the components that make up a rigorous evaluation of a model
with respect to its performance, reliability, and usability. We describe the considerations necessary for
conducting a validation trial and the technical components required to implement this trial in a hospital
setting. Namely, we outline details of a deployment
pipeline that integrates the ML model into the care
environment and a user interface (UI) that enables
the validation of the model. The deployment pipeline
for our case study is a streaming data engine designed
to integrate the ML model with the data collected at
the patient bedside to enable real-time inference. The
UI provides an interactive interface that allows evaluators to review the model predictions in real-time
and gather expert labels that can be used for model
refinement. To the best of our knowledge, our silent
trial is the first interactive trial designed to assess a
model’s utility in a clinical setting using principles of
formative testing. We welcome reproductions of this
methodology by the community and hope that trials
of this sort will help decision-makers better assess the
usability of various ML tools in their clinical setting.
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Phase I:
Design and Implementation

Phase II:
Retrospective Validation

Phase III:
Silent Trial

Phase V:
Evaluation

Silent trial run
(6 months)

(I) Model
functionality and
performance

ML model design and
implementation

Retrospective
evaluation of the
model

Deployment pipeline
implementation and
integration into the
hospital infrastructure

Deployment system
test run

(II) System stability
and reliability

UI design and
integration into the
hospital infrastructure

UI usability testing

(III) Human factors
and usability

Figure 1: Overview of the path to deployment for the risk predictor model presented in our case study.

2. Background
This section presents the background of our case
study for the silent trial. We introduce the ML model
of our study, the unique pipeline developed to integrate it in the hospital, and the user interface designed to visualize the predictions in real-time. All
these components have gone through cycles of offline
evaluations and design prior to the initiation of the
silent trial, as described in Figure 1 (Phase I and II).
We validate a deep learning model designed to predict the probability risk of clinical deterioration in
ICU patients using high-frequency physiological signals. Since the health condition of patients in the ICU
can change rapidly, models that can make real-time
estimates of the risk of clinical deterioration have significant utility. Such models can help with the timely
escalation of care and ultimately reduce the risk of inhospital mortality (Sankey et al., 2016). Our model
was initially trained using labels for Cardio Pulmonary Arrest (CPA) as high-risk events, serving as
proxy labels for deterioration. More details on the
model are presented in the Appendix A.1. Patients
deteriorate for a variety of reasons, and this heterogeneity in the deterioration pathway (Blackwell et al.,
2020; Erez et al., 2021; Rusin et al., 2016) poses a
significant challenge in the evaluation of risk mod-

els. During the retrospective validation phase of the
model using offline data (Figure 1), we measure the
predictability of the model in identifying CPA events
and look for statistically significant differences in risk
estimates for different high-risk and low-risk populations (Figure 2). However, none of these approaches
are sufficient for assessing the true clinical accuracy
(i.e. ecological validity) of the model in a live environment (McCradden et al., 2020). For instance,
some of the false positive predictions of the model
might be associated with high-risk events that were
detected and prevented by the clinicians, but without
any label for such interventions, we would not be able
to detect them.
As a result, in order to thoroughly evaluate the
usability of our model in a clinical setting and to understand the variety of risk factors that it captures,
we need to test the model in the clinical environment and with clinical experts involved. Integrating
an ML model into a care environment requires: 1)
a deployment system for integrating the ML model
with the data collected at the patient bedside, enabling real-time inference; 2) a user interface (UI) to
display the real-time risk predictions of the model to
clinical users. During multiple iterations of design
(Phase I and II in Figure 1) these components are
refined to smooth out any friction present in the us-
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(I) Model functionality and performance: As
a first step, we need to quantify the performance of
the ML model in the clinical setting. In new environments, the model must deal with potential data
shifts, missing measurements, and corruption or noise
on its input. To ensure adequate performance, we
need to measure the following:

(a) Distribution of risk es-(b) Distribution of risk estimates for individuals
timates for all individ- • Performance metrics: We need to define appropriate metrics (depending on the ML model and the
prior to ECMO
uals in the ICU
hospital setting) and quantify the performance of
the model. These can be either measurable metrics (e.g. False Positive Rate (FPR), precision, acFigure 2: Distribution of the risk estimator model
curacy, etc.), or metrics that are defined based on
across 2 different patient populations, representing
the outcome of using the model (e.g. the number
high risk individuals and control. By comparing the
of prevented deaths). In our study, we compare the
two graphs, we can see that the distribution of risk esmodel’s risk prediction with clinician experts’ risk
timates for the two cohorts varies significantly. Note
assessment of patients.
that the estimates are predictions of the model before
individuals are put on ECMO.
• Failure modes: ML models can fail under different
conditions, related to the quality of the input data
age of the tool in the clinical environment. Through
or to the complexity of the clinical state. During
usability testing, the UI is evaluated among the relthe trial, we collect annotations from clinical exevant user groups in an offline setting to understand
perts through the UI. These annotations capture
better how the clinical users interact with the tool.
characteristics of the patient that justify and exMore details on the usability testing are provided in
plain the clinician’s assessment of risk. We use
Appendix A.2. In sections 4.2.1 and 4.2.2 we provide
these to identify reasons for failure in cases where
a more detailed description of each of these compothere is a high discrepancy between the model’s
nents and explain their role in the silent trial.
prediction and the clinical expert’s estimate of risk.
• Bias: Model performance discrepancies across different patient populations can have significant
health implications for vulnerable groups, potenThe silent trial protocol is designed to evaluate (in
tially worsening health inequalities (Gianfrancesco
real-time) both the performance of ML models in a
et al., 2018; Parikh et al., 2019a; Obermeyer et al.,
clinical setting as well as the utility of these tools
2019). We should measure the bias in performance
in practice. In particular, our trial can be used to
across different patient population subgroups in a
validate models that predict clinical events for which
silent trial. Note that the choice of sub-populations
there are no well-defined labels with the help of subdepends on the type of demographic data collected
ject matter experts. We describe in detail the aspects
at different institutions. In our case study, we comof the model that are validated through the silent trial
pare the performance of the model for different age
and give specifics on the design and deployment of
groups and patient’s first language.
all the components that enable this validation study
(Phase (III) in Figure 1).
• Data shift: Most ML models suffer from lack
of performance robustness, caused by shift in
3.1. Goals and objectives:
patient population demographics, policy changes
What to evaluate during the silent trial?
across different institutions (Subbaswamy and
Below are the three categories of validations we
Saria, 2020), or policy changes over time (Davis
achieve through our silent trial: I) Model functionet al., 2017; Nestor et al., 2019). In our case study,
ality and performance, II) System stability and reliwe measure the impact of potential data shift over
ability, and III) Human factors concerns.
time on the performance of the model.

3. Silent trial protocol
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(II) System stability and reliability: An ML
model works hand in hand with the deployment infrastructure, and therefore its performance is also
highly dependent on the stability and reliability of
the deployment system. During our silent trial, we
therefore need to ensure the following:

vital component of design work in healthcare and especially vital in deploying ML models to the clinical setting. Without total understanding and participation from the stakeholders at every stage of
the project, we cannot have a total understanding
of which assumptions are reasonable to make and
where innovation should occur to best fulfil stake• Consistency and correctness: Physiological signals holder needs. Thus, to deploy an ML model such as
collected from the patients are susceptible to de- the one proposed here, we must work to understand
layed, reordered, or missing data points. This user needs, and begin to establish trust by involving
unpredictable nature of the raw real-time data the users in the validation process of the model. We
streams often causes ML models to make wrong assess the following through the silent trial:
predictions. Ensuring data consistency and correctness is crucial to achieving a robust deployment • Impact of visualization on clinical user: We want to
pipeline. We perform such validations by replaying
assess whether user’s risk assessment would be insignal streams from historical datasets, comparing
fluenced by being exposed to the model’s prediction
the intermediate results and final output generated
and if so, we would like to understand the circumby the pipeline to an existing Python-based implestance of this influence. Additionally, we want to
mentation.
confirm that the interface is effective in performing
the workflow for which it is designed.
• Availability: Deployed models process the collected
physiological signals to continuously monitor pa- • Stakeholder empowerment: It is important for us
tients. It is important to minimize the down-time
to understand how the interface’s workflow impacts
of a model, to avoid the chance of missing critical
clinicians’ understanding of the model’s accuracy
clinical events. We keep a log of system failures ocwithin a clinical context. During our usability
curred over the trial period, and try to identify the
study, we ask clinicians to assess whether the curcommon causes for failures (e.g. data corruption,
rent design is effective in allowing them to commuload surge, or system malfunction).
nicate their opinion on the model predictions with
sufficient detail and usability.
• Scalability and efficiency: Deployment pipelines
need to process enormous amounts of data under the limited computing infrastructure available
4. Silent trial case study
within hospitals. Therefore, the pipelines need
to be highly scalable, to generate timely predic- 4.1. Participants and environment
tions, and to efficiently utilize all available hardware resources. To estimate the performance of the The particulars of the environment should be taken
pipeline, we measure the data processing through- into account when designing the silent trial protocol.
put and latency of the pipeline, on both single- In our environment, we are clinically validating the
longitudinal risk estimates of deterioration for all pathread and multi-core setups.
tients in a tertiary pediatric ICU with 42 beds. The
(III) Human factors and usability: Participa- intensive care unit is a fast paced, high acuity, and
tory design (PD) plays an important role in the de- rapidly evolving environment. Patients in the ICU
sign process of our proposed silent trial, ensuring that are critically ill, often have marginal hemodynamics,
end-users are empowered and included in the develop- and can quickly deteriorate. Clinical decisions are
ment of all artifacts involved. An effective implemen- made rapidly and repeatedly based on evolving patation plan will empower the right role at the right tient condition and new clinical findings, by a multitime of the decision making process (H. Gyldenkaerne tude of different clinicians with a variety of training,
et al., 2020). This challenge lends itself nicely to the expertise, and roles. A wide variety of life sustaining
existing methodology within PD. The goal is not just technologies, such as ventilators and extracorporeal
to understand an activity empirically but to allow membrane oxygenation (ECMO) machines, are also
stakeholders the opportunity to co-interpret the re- routinely utilized in the ICU, each relying on the exsearch (Spinuzzi, 2005). This co-interpretation is a pertise of various clinical roles to operate.
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To evaluate the model and its user interface, we
will be leveraging the expertise of medical trainees
(evaluators) who work in our study’s ICU environment, but are not directly responsible for patient care
while participating in the study. This is to ensure
the model’s prediction, and the study as a whole,
bear no impact on the clinical care of patients during our silent trial. As part of their role, these clinicians are intended to be providing risk surveillance
in the unit. They evaluate patients and determine
a risk which they use to decide on the next steps
to prevent clinical deterioration (Harrigan and Morgenshtern et al., 2021). Therefore, the trial is a way
of quantifying and recording the task they already
perform to minimize the additional burden on the
healthcare provider team. These clinicians are recruited through a town hall, during which they will
be introduced to the model, its user interface, and
the objectives of the study. All participant questions
and feedback regarding the study’s methodology and
objectives will be addressed before proceeding with
the voluntary recruitment of clinicians for the silent
trial period. This step aims to ensure stakeholders are
acknowledged in the process of validating the model
within their work space, and will uncover any last
mistaken assumptions about, or areas of mistrust in,
the study prior to its execution.
4.2. Implementing the protocol
The silent trial will span over a six-month period to
gather enough samples to demonstrate the model’s
performance over time and give us a chance to assess
the model on rare events. With around 200 unique
monthly admissions to the ICU, a six-month trial will
create opportunities to annotate risk for as many as
1200 unique patients. As part of the trial, the evaluators are responsible for assessing the risk estimates
of the model. This is done through our user interface,
and the steps are described in section 4.2.1
4.2.1. Validation Study Interface:
During the silent trial period, the evaluators use the
user interface (UI) for validating the model and providing annotations. Figures 3a- 3e provide a breakdown of the validation workflow. Each bedspace in
our study’s ICU is labelled with a unique QR code
that electronically maps the bed space to the patient
that occupies that space in our database. In Step
I, the evaluators will need to physically approach a

given bedspace and scan its unique QR code, launching the patient-specific risk validation workflow. This
step ensures evaluators are present at a patient’s bedside and conducting their own clinical evaluation during the validation process. In Step II, evaluators are
prompted to place the patient into a broad risk category, based on their clinical judgment. This step
occurs each time a clinician scans a QR code, and
is a necessary step to avoid the priming effect and
anchoring bias brought on by observing the model’s
prediction. This estimate will be used in our analysis
as the initial expert estimation of risk, and will also
serve to estimate inter-evaluator risk baselines. This
estimate will be compared to the evaluator’s risk estimate after observing the prediction, allowing us to
measure the possible impact of seeing a model’s prediction on the perceived risk estimated of a clinician.
Upon entering their risk estimate, evaluators unmask the model’s predicted risk trendline in Step III.
We have chosen to display trends instead of just showing the latest risk estimate. This is because when considering the actionability of a model’s visualization in
healthcare settings, trend trumps individual prediction, and actionability is deemed inextricably linked
to the perceived trustworthiness of the visualization
(Harrigan and Morgenshtern et al., 2021). Evaluators are then prompted to validate the current risk
estimate by dragging only the last estimated value
to a risk category they consider more sensible. This
evaluation will be compared to the risk estimate of
the model to measure the model’s performance over
time. Finally, in the last step, the evaluators are encouraged to provide their rational for their adjusted
risk by enter text annotations. This allows us to capture the reasons for which there may arise a disagreement between our model and the clinicians. Additionally, the evaluator may easily edit their current
annotation. This allows for flexibility in how users
may choose to complete an evaluation and provides
us with insight into how such evaluations are performed within a clinician’s workflow. Giving clinicians space to draft notes on their patient concerns
prior to dragging the curve presents evaluators with
an opportunity for cognitive offload. These annotations are also helpful for our analysis of failure modes.
We will use the annotations to identify the categories
of clinical complications that are better captured or
often missed by the model. Our pipeline is also linked
to the Electronic Health Records (EHR), allowing us
to look into vulnerable patient populations and measure the performance across those individuals.
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(a) Step I: Scan the QR code at the bedside using
the camera within our tablet-based application.
(c) Step III: Drag the last data point in the model
risk estimate to correct the prediction.

(b) Step II: Drag the marker to an initial, pre-bias
risk estimate.

Figure 3

(d) Step IV: Provide annotations to contextualise
the correction.

4.2.2. Deployment Infrastructure
The real-time validation of our ML model requires
it to be integrated into the hospital infrastructure.
The lack of a systematic deployment solution for ML
models in healthcare settings and the challenges in
the integration of such models into the existing hospital infrastructures compels most researchers to design
their own IT solution for deployment (Hong et al.,
2020; Drysdale et al., 2020). For the purpose of our
silent trial, we designed a scalable and customizable
deployment pipeline for high-frequency physiological
signals, as summarized in Figure 4. To the best of (e) Users are able to edit their annotations, and
read annotations made by other users for past datour knowledge, there are no widely followed systemic
apoints.
guidelines in healthcare at this point that enable easy
integration for a variety of models. A typical deFigure 3
ployment pipeline can be broken down into three key
steps: 1) data collection, 2) data preparation, and 3)
inference.
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ML model
interface

Bedside
Monitor

VitalStream

Data Collection

Data Pre-processing

Inference Model

Figure 4: Deployment pipeline which includes 3 parts: 1) Data collection from bedside monitors, 2) data
processing, 3) Inference model.
The first component is the data collection/retrieval system which provides access to retrospective data for offline training/testing and realtime data for online inference. Hospitals often use
in-house data storage solutions for keeping retrospective data, following different standards. As for realtime measurements, bedside monitoring devices collect the data in different formats and communicate
them with hospital servers using various protocols
depending on the equipment manufacturer. Therefore, a unified data retrieval system should be capable of supporting a wide range of data formats and
communication protocols. For this study, we retrieve
multivariate physiological signals of the ICU patients
through the existing data storage and retrieval system at the Hospital for Sick Children (HSC), Toronto,
Ontario, Canada (Goodwin et al., 2020).
After retrieval, the data should be subjected to a
series of data cleaning processes before being used
for data analysis, since physiological data are riddled
with noise, discontinuity, asynchronisation, and artifacts. Moreover, ML models might require additional feature extraction from the raw data (e.g. the
systolic and diastolic blood pressure and heart rate
measured from ECG) making data pre-processing
an integral part of this pipeline. For models like
ours, where near real-time prediction is essential, processing data in streams rather than batches is more
suitable. There exist isolated solutions for components along the end-to-end pipeline. For instance, a
number of existing approaches are proposed for addressing large scale stream processing demands (Van
Der Veen et al., 2015b; Akidau et al., 2015; Ramadan,

2020) using popular stream processing engines such
as Apache Storm (Van Der Veen et al., 2015a), Spark
Streaming (Zaharia et al., 2016), and others. However, these engines are not specialized for physiological data processing and are 10−100× slower than the
numerical libraries such as SciPy, NumPy and Scikitlearn (Jayarajan et al., 2020). On the other hand,
such numerical libraries lack the temporal query language support making it difficult for the researchers
to write easy data pre-processing code. Considering the shortcomings in the existing solutions, we designed a pipeline named VitalStream, based on Microsoft Trill (Chandramouli et al., 2014), a stateof-the-art streaming engine specialized in processing high-volume, real-time streams. With the use of
Trill, we wrote data processing queries that synchronizes data and handles artifacts (e.g. impute missing values, remove duplicates, etc). As some signals,
such as heart rate, can be measured by more than
one device at the same ICU bed, streams representing the same signal type are merged into a single
stream during pre-processing. In addition, our preprocessing pipeline can perform various data processing steps, such as normalization, re-sampling, and
real-time batching on input data windows. These
data pre-processing steps are customizable and with
the change of parameters can be used for other similar data streaming deployment projects.
As most of the ML models are built using Pythonbased machine learning frameworks, such as Tensorflow, and PyTorch, we serialize the pre-processed
data streams using protocol buffers 1 and transfer
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them to the Python environment via ZeroMQ 2 messaging library to be used for inference by the prediction model. The risk prediction generated by
the model, as well as other identifying information
(such as timestamp and device-ID), are stored in the
MySQL 3 database for future retrieval and validation.
The use of the publish-subscribe pattern in the communication between the pre-processing framework
and the model also allows us to connect and evaluate multiple models on the same data, in real-time,
without any additional data pre-processing or storage
cost.
To test the performance of VitalStream, we measured its throughput by passing the streams of 11 signals from the messaging queues coming from the bedside monitors. On a single core, the pre-processing
pipeline has a peak throughput of 3.9K input messages per second per signal stream. This is enough to
handle more than a typical number of beds in an ICU
and ensures that the pipeline will be able to run the
inference model for all the patients at the same time.
We also evaluated the latency, which measures the
time it takes for messages to go through the pipeline.
For this, we configured the pipeline to output 10minute windows every 5 seconds using the 11 input
streams of 1 Hz signals from the ICU. The 50th percentile latency is 4.61 seconds and the 90th percentile
latency is 64.27 seconds, meaning VitalStream can
run in real-time as measurements are collected.

to identify the patient group of interest, and compare this list to what had been identified in the clinic
post-trial (Kang et al., 2016; Parikh et al., 2019b; Bell
et al., 2021).

Others take a more human-centred approach towards the silent trial and involve the clinicians in
the validation. The importance of including users in
the validation of clinical tools through participatory
approaches is highlighted in H. Gyldenkaerne et al.
(2020), where the data provided to train a tool predicting appointment no-shows was so cumbersome
to enter into the EHR, that clinicians were unable
to provide sufficiently detailed information for the
model to make accurate predictions. To validate a
tool identifying hospitalized patients at high risk for
clinical deterioration, Escobar et al. (2020) conducted
a multi-site validation study. This study shows that
performing interventions based on the alarms triggered by the model resulted in a reduced mortality
in hospitalized patients. They implemented an intervention program as a part of the trial where the
nurses remotely monitored the condition of high risk
patients and communicated those to rapid-response
teams at the hospital. Similarly, for evaluating a sepsis prediction tool called Sepsis Watch, Sendak et al.
(2020b) employs a Rapid Response team that monitors the model prediction from a control room and
only escalates cases deemed high risk. These studies
are excellent validations of usability of ML tools in
clinical settings. However, they are not designed to
5. Related Work
evaluate the model in a silent mode, and they will impact the clinical workflow. In addition, none of these
Despite the world class research in the field of ML
trials are designed with the goal of formative testing,
in healthcare, only a small percentage of models are
nor do they collect information that can be used for
deployed in real-life hospital settings (Verma et al.,
design refinement.
2021; Henry et al., 2017; Razavian et al., 2020;
Sendak et al., 2020b; Connell et al., 2019; Levin
Even though there has been a significant effort in
et al., 2018; Kang et al., 2016; Giannini et al., 2019; outlining the general approach necessary for deployNestor et al., 2020). To validate performance and ment and validation of clinical ML models (Lu et al.,
usability, all of these models have gone through rig- 2021; Antoniou and Mamdani, 2021), such efforts are
orous real-time evaluation. Depending on the type often not backed with a practical use case. This gap
of model and the clinical setting it is intended for, may explain why only a subset of implemented moddifferent validation studies have been designed and els have been demonstrated to produce a meaningful
executed. Some run the models in real-time and in clinical impact (Yin et al., 2021). The canonical pathcomplete isolation, and evaluate their performance way for any translational research (non-ML silent tripost trial. In such cases, they either have access to als), rather, focuses on aligning evaluation with the
well-documented labels for what the model is predict- information needs of the user. The silent trial aping (Henry et al., 2017; Razavian et al., 2020; Brajer proach we propose here is aligned with previous work
et al., 2020; Shamout et al., 2021), or use the model describing the importance of preclinical studies, to
better guide prospective evaluation (Campbell et al.,
2. https://zeromq.org
3. https://www.mysql.com
2007).
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6. Conclusion
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have been possible without expertise and collaboration of multiple disciplines, including machine learning, medicine, human-computer interaction, human
factors, and systems engineering. These allowed us
to design a trial that thoroughly evaluates a complex
clinical model from several relevant perspectives to
our clinical setting. We hope that the principles introduced in this paper and the considerations that
have gone into designing the silent trial protocol can
help other researchers validate ML models in their
clinical settings.
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Signal

Description

Sample Rate

HR
RR
Pulse
SPO2
etCO2
CVPm
AWRR
NBPm
NBPd
NBPs

Heart rate derived from ECG
Resp Respiratory rate
Pulse rate
Oxygen saturation level
End-tidal CO2
Central Venus Pressure
airway respiratory rate
Non-invasive blood pressure
Non-invasive blood pressure
Non-invasive blood pressure

5 seconds
5 seconds
5 seconds
5 seconds
5 seconds
5 seconds
5 seconds
1-60 minutes
1-60 minutes
1-60 minutes

Table 1: Description of high-frequency ICU signals

Jiamin Yin, Kee Yuan Ngiam, and Hock Hai Teo.
Role of artificial intelligence applications in realA.2. Usability Testing
life clinical practice: Systematic review, Apr 2021.
The usability study itself is comprised of 2 phases:
URL https://www.jmir.org/2021/4/e25759.
usability testing of the general workflow, and a focus
Matei Zaharia, Reynold S. Xin, Patrick Wendell, group follow-up discussion on clinicians’ understandTathagata Das, Michael Armbrust, Ankur Dave, ing of the various terms and concepts in the interXiangrui Meng, Josh Rosen, Shivaram Venkatara- face. The first aims to compare pre-bias risk survey
man, Michael J. Franklin, Ali Ghodsi, Joseph Gon- response to users’ interactions on the final prediction
zalez, Scott Shenker, and Ion Stoica. Apache trend page under several clinical contexts, and the
spark: A unified engine for big data processing. second aims to learn whether the presented approach
Commun. ACM, 59(11):56–65, oct 2016. ISSN is realistic in the introduction of clinical ML. Prior to
0001-0782. doi: 10.1145/2934664. URL https: participating in the focus group, each of the partici//doi.org/10.1145/2934664.
pants in the segment completes an augmented System
Usability Scale (SUS) questionnaire (Brooke, 2013).
This collects for us some standardised measure of the
appeal of the workflow with regards to its ease-ofAppendix A. Appendix
use; augmentation includes several additional quesA.1. Risk estimator model
tions appended to the end of the published SUS that
The risk estimator is a deep learning model, com- are specific to additional interface details for we deposed of a convolutional network trained end-to-end sire user feedback. The focus group chiefly works to
with a recurrent layers. The architecture is based determine whether, after using the model on several
on the model introduced in Tonekaboni et al. (2018), clinical scenarios of variable risk trend, users develop
with a few modifications. It estimates a risk proba- sufficient trust in the validation interface to deem the
bility over time using a 10 minute history of signals silent trial effort trustworthy. There must be adecollected from the bedside monitors. Table 1 pro- quate trust for the adoption of the system and for
vides the list of signals used and details about the robust stakeholder engagement in the study (Hoffmeasurement frequency. Unlike the original model, man et al., 2013). The group setting of the discussion
this is not an ensemble and each prediction is made hopes to achieve enthusiastic discourse on this topic
based on the 10 input physiological signals in aggre- between the clinicians, in a comfortable environment
gate. The model updates its prediction every minute for fostering a lively debate amongst the segment paras new measurements come in. Since missing mea- ticipants.
surements are very common in healthcare data, the
model takes in an additional mask channel, indicating which measurements were taken and which ones
are missing and therefore were imputed. The model
takes in this information and incorporates it into its
prediction. We use Cardio Pulmonary Arrest (CPA)
labels, as proxies for high risk events, in order to train
the model.
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