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Abstract

Simulation-based research (SBR) methods have been proposed as an alternative methodology for evaluating digital health
solutions; however, applicability remains to be established. This study used SBR to evaluate a clinical decision support (CDS)
tool used for matching cancer patients to clinical trials. 25 clinicians and research staff were recruited to match 10 synthetic
patient cases to clinical trials using both the CDS tool and publicly available online trial databases. Participants were
significantly more likely to report having sufficient time (p = 0.020) and to require less mental effort (p = 0.001) to complete
trial matching with the CDS tool. Participants required less time for trial matching using the CDS tool, but the difference was
not significant (p = 0.093). Most participants reported that they had sufficient guidance to participate in the simulations

(96%). This study demonstrates the use of SBR methods is a feasible approach to evaluating digital health solutions.
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Introduction

The term ‘digital health solution’ describes the use of
information and communication technology in
healthcare contexts2. Other commonly used terms
include digital health interventions! and digital health
technologies3. Digital health solutions can include
electronic health records, wearable devices and sensors,
health analytics, medical imaging, mobile health
(mHealth) as well as digital devices and robotics used in
healthcare settings*. While digital health solutions have
been shown to address healthcare challenges in various
disease areas and healthcare contexts, there are various
implementation challenges. Examples include policy
barriers*5, financial barriers®, cultural resistance amongst
healthcare professionals’=?, and the ability to provide
timely and robust evidence for the efficacy of digital

health solutions’.

To justify their implementation into clinical settings and
ensure public trust and patient safety, digital health
solutions must be evaluated for usability, acceptability,
clinical effectiveness and cost-

effectiveness®11. Randomized controlled trials (RCTs)
have traditionally been recognized as the gold standard
to demonstrate the clinical effectiveness of novel
interventions and therapeutics!2. However, few digital
health solutions have been evaluated using RCTs, possibly
due to the fast-paced nature of innovation and the
arduous process of setting up an RCT in a clinical
setting®12, The relatively high costs and resources
associated with conducting an RCT reduces the return on
investment and is therefore not a sustainable option for
small and medium-sized enterprises (SMEs) or products
in the early stage of development8. Furthermore,
recruiting participants to RCTs and pilot studies to
evaluate digital health solutions faces challenges such as
data privacy and security concerns, the commitment
required to participate in longitudinal studies for
selfmanagement interventions, and a lack of
endorsement for trial participation from treating

clinicianss,13-1s.

The regulation and publication of guidance to evaluate

digital health solutions is outpaced by the rapidly evolving

digital health landscape and the increasingly diverse
types of solutions entering the

market!®17. However, there is a lack of clarity regarding
what evidence generation methodologies are
appropriate to evaluate solutions in the early stages of
product development. In particular, what is needed are
evidence generation methodologies that can be applied
to various risk categories of digital health solutions that
can generate high-quality insights, in a

short timeframe, and at relatively low cost38. A
perspective piece published in npj Digital Medicine on the
challenges of evaluating digital health solutions proposed
alternative methodologies that facilitate safe and
responsible growth across the sectorg, such as the use of

simulation-based research (SBR) methods.

Existing applications of simulation-based research
(SBR) methods in healthcare contexts

Simulation is described as the replication of real-life
events in an interactive manner, and has been applied in
research and the trial of new healthcare interventions?8.
Simulation has also been widely applied to healthcare in
the context of education and clinical rehearsal, and allows
healthcare providers the opportunity to learn new
protocols and procedures in

a safe and controlled environment19-24,

SBR in the context of healthcare involves replicating
clinical scenarios, with the aim of eliciting reactions and
behaviors from healthcare professionals that are as close
as possible to how they would react in a real situation?>.
SBR may take place in situ (i.e., in a clinical setting), where
they can be announced or unannounced (i.e.,
participating staff are aware that a simulated event will
take place but may or may not be informed as to when),
or in dedicated simulation

spaces away from the clinical setting26-28, The design of
such environments should take into account the layout,
noise isolation and the relatedness to the reallife

context2?,

Knowledge gap: the feasibility of using SBR
methods to evaluate digital health solutions

The use of SBR methods could support faster evidence

generation of the usability, acceptability and
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effectiveness of digital health solutions without involving
real patients and/or real patient data. Such simulations
could take place outside of a clinical setting, providing
opportunities to obtain behavioral and cognitive
measures that would otherwise be impractical to gather
in routine practice®. SBR methods have been used to
evaluate healthcare

interventions3%31 however, few studies have reported
the use of SBR methods to evaluate digital health

solutions and the results are seldom reported 832-34,

Filling the knowledge gap: using SBR methods to
evaluate a clinical decision support tool

To assess the feasibility of using SBR methods to evaluate
digital health solutions we sought to apply these methods
to evaluate a tool which primarily supports existing
clinical services yet has no direct impact on patient
outcomes. According to guidelines published by the
National Institute for Health and Care Excellence (NICE),
such solutions would be functionally classified as “Tier 1”
and require the minimum standards of evidence for
effectiveness3. The intended outcome would be to
demonstrate that SBR methods could be used in the first
instance to generate the minimum level of evidence
required to support the adoption or larger-scale
evaluation of any digital health solution. The digital
health solution chosen for this study was NAVIFY Clinical
Trial Match (NAVIFY CTM). NAVIFY CTM is an application
within NAVIFY Tumor Board (Roche Information Solutions
Inc., Santa Clara, CA)) (NAVIFY TB), a cloud-based
workflow solution that is used to prepare for and conduct

cancer multidisciplinary team meetings.

NAVIFY CTM is a clinical decision support tool that has
been developed to streamline the process of searching
for and identifying clinical trials by using patient-specific
data such as cancer stage, genomic alterations, and the
treating institution’s postcode to perform an automated
search for suitable clinical trials across 21 international
trial databases. Clinical trials present an opportunity for
cancer patients who meet specific trial eligibility criteria
to benefit from the therapeutic effects of novel
treatments and support the development of treatments
that could be implemented in the future3s. However,
while the number of open cancer clinical trials and
enrolled participants are increasing3®, most trials

available to cancer patients are under-recruiting3’. The

barriers to recruitment from the patient’s and clinician’s
perspective are well-recognized and include challenges
identifying eligible patients and approaching them to
discuss participation38. Evidence suggests that decision-
making around clinical care and patient outcomes can be
cognitively

challenging for clinicians324% which may contribute to an
insufficient number of eligible patients being identified
for clinical trials. Therefore, the evaluation of NAVIFY
CTM called for methods to generate evidence for its
effectiveness in streamlining the process of identifying
suitable trials as well as reducing the mental effort for
clinicians. It also presented as an opportunity to conduct
usability testing with practicing clinicians to provide
recommendations for product development and future

implementation.

Aims and objectives of this study The

aims this study are:

*  To demonstrate that SBR methods are a viable
approach to evaluate clinical decision support
tools.

* To use SBR to evaluate NAVIFY Clinical Trial
Match (Roche Information Solutions Inc., Santa
Clara, CA)) herein referred to as NAVIFY CTM, a
clinical decision support (CDS) application

designed to match patients to clinical trials.

The objective of this study is to evaluate the efficiency,
quality, and cognitive burden of using NAVIFY CTM to
match patients to cancer clinical trials, with publicly
available online trial databases used as the comparator,

for example, ClinicalTrials.gov.

Methods

Study design and participants

We performed an experimental within-subject,
nonblinded study to evaluate NAVIFY CTM using
simulation based-research (SBR) methods. Participants
were approached as previous participants of digital
health studies conducted at the university or via the
research team’s professional networks. Snowball
sampling was used in this study to reach additional
participants. This method is a commonly used
recruitment technique in qualitative research when

trying to engage more individuals in a specific
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population?L, 25 clinicians were recruited to participate in
the simulation sessions, all of whom had experience of
matching patients to cancer clinical trials in the UK.
Participants included consultant oncologists (i.e., board
certified attendings), specialist registrars in oncology (i.e.,
senior residents), research nurses and clinical trial

practitioners.

The research team identified 10 actively recruiting
Investigational Medicinal Product (IMP) trials that
represented a mix of trials for small cell lung cancer
(SCLC) and non-small cell lung cancer (NSCLC). A total of
11 synthetic patient cases were created to match each of
these trials (two of the cases were eligible for the same
trial). The cases were developed by two consultant
thoracic oncologists, one consultant histopathologist,
and one consultant interventional radiologist, and
included clinical details (e.g., past medical history, social
history), pathology reports, and radiology reports with
accompanying images. The patient cases were added to
NAVIFY TB to facilitate trial matching using the NAVIFY
CTM application. Online trial databases that are known to
be in use in clinical practice were used as the study
comparator. These databases are publicly accessible and
are designed to enable members of the public, clinicians
and research staff to identify clinical trials. To facilitate
trial matching using online trial databases, clinical details
and reports were provided on a laptop computer in PDF

format with images provided in JPG format.

Participation in this study was pseudonymous and ethics
approval for this study was sought from and approved by
the Research Governance & Integrity Team at the
university (ICREC reference: 191C5457). Informed consent
was obtained from participants at the beginning of each
simulation session. The study was funded by F. Hoffman-
La Roche Ltd, and participants were reimbursed for their

time and travel expenses.

Study procedures

Participants were instructed to assume the role of a
clinician or research staff member at St Mary’s Hospital in
London who is preparing to see 10 patients at an
outpatient clinic. Participants were advised to find at
least one suitable clinical trial for each patient with the
intention of discussing trial enrolment and to treat the

session as they would a real-life clinical scenario.

Table 1 shows the order of procedures during the
simulation sessions. Each participant completed two
separate trial matching exercises —one exercise matching
trials for five of the 10 patients using NAVIFY CTM, and
one exercise matching trials for the remaining five
patients using publicly available online trial databases.
The order of the trial matching exercises was randomly
assigned so that half of the participants started with
NAVIFY CTM and half started with online trial databases.
The synthetic patient cases were also randomly assigned.
All trial matches were recorded by participants in
Microsoft Excel. Participants were also required to
complete an online Stroop Color and Word Test (SCWT)
before and after each trial matching exercise. The SCWT
measures participants’ reaction times and the accuracy of
their response to text color and wording pairs (a ‘Stroop
task’) each of which are either congruent between text
and color (e.g., “GREEN") or incongruent (e.g., “RED”).
The SCWT has been used pre- and post-task to measure
the mental agility of study participants who have
completed mentally demanding activities*2. The SCWT
has been used to measure conflict-controlling selective
attention/response inhibition and working

memoryss,aa.

Before the NAVIFY CTM trial matching exercise,
participants were given a brief demonstration of how to
navigate NAVIFY TB and how to access NAVIFY CTM.
Participants were also provided with a printed copy of the
NAVIFY CTM User Guide and shown a 5-minute video on
how NAVIFY CTM is used. For the comparator,

participants were provided with a list of links to online
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Table 1. The order of procedures during the simulation sessions

Activity Duration (mins)

Informed consent and introductions 5
Review of simulation session guide 10
Practice Stroop Color and Word Test (SCWT) <1
SCWT 1* <5
Trial matching exercise 1** 60
SCWT 2* <5
BREAK 10
SCWT 3* <5
Trial matching exercise 2** 60
SCWT 4* <5
BREAK 10
Post-simulation survey 10
Total ~180

* Participants completed the Stroop Color and Word Test (SCWT) before and after each trial matching exercise. This was used to infer

participants’ mental agility before and after each trial matching exercise and estimate the cognitive burden associated with matching the

synthetic patient cases using NAVIFY CTM or online trial databases.

** Participants were randomly assigned to complete the trial matching exercise with NAVIFY CTM or online trial databases first.

trial databases that are used in clinical practice.
Participants were free to use one or multiple of the below
databases to find a suitable trial. The online trial
databases used in the study included

ClinicalTrials.gov#*, EU Clinical Trials Registeré, NIHR CRN
Portfolio Search website4’, NIHR ‘Be Part of

Research’ website?*®, International Standard Randomized
Controlled Trial Number (ISRCTN) registry*?, and North
West London Clinical Research Network (NWL CRN) Lung

Cancer Portfolio®0,

A simulation session guide was developed by the research
team to describe the simulated clinical scenario.
Participants were instructed to read this document at the
beginning of each session. A member of the research
team was present throughout each session to resolve
technical issues and to ensure data collection procedures

were adhered to.

To reflect the real-life time pressure of a clinician tasked
with this responsibility, participants were given 60
minutes for each of the two trial matching exercises (i.e.,
an average of 12 minutes per patient). All trial matches
were recorded by participants in Microsoft Excel. The
simulation session concluded with an online Qualtrics
survey. Questions in the survey were informed by a
review of the literature related to clinical trial matchingin
the UK and by interviews conducted with oncologists and
research staff. When all study procedures were accounted
for, each simulation session lasted approximately three

hours.

Outcomes

Trial matching efficiency: The start time of each trial
matching exercise was recorded by a member of the
research team. Participants were required to record the
time they finished each case in Microsoft Excel. Screen

recording software Snagit was used to record the
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computer screen during the simulation sessions. A web
browser plug-in called Webtime Tracker was used to
record the amount of time participants spent on each

website during the sessions.

Quality of trial matches: The trial matches identified by
participants were independently scored by a consultant
thoracic oncologist. Trials were scored from 0 to 5 based
on the following criteria: 0 — No eligibility criteria
matched; 1 — Age, tumor type and location matched; 2 -
Age, tumor type, location and TNM staging matched; 3 -
Age, tumor type, location, TNM staging, performance
status, RECIST criteria matched; 4 - Age, tumor type,
location, TNM staging, performance status, RECIST
criteria, previous lines of treatment matched; 5 - Age,
tumor type, location, TNM staging, performance status,
RECIST criteria, previous lines of treatment, biomarkers

and all other eligibility criteria met.

Cognitive burden: The SCWT were programmed using
Psytoolkit.org, with each SCWT containing 40 individual
Stroop tasks. The maximum response time of each Stroop
task was limited to 1.5 seconds. If no response was
detected within the response time, this task was
considered an error. The post-simulation survey included
a subjective measure of mental effort via the Paas scale>!
which is a popular measure of cognitive load and has been

used to validate other measures of cognitive load>2.

Using SBR to evaluate digital health solutions:
Participants completed a survey after the simulation
session and were invited to provide feedback on the
usability and potential applications of NAVIFY CTM in
clinical practice, as well as their experience of
participating in the simulation sessions and how realistic

the synthetic patient cases were.

Statistical analysis

The scores for the trial matches and the data from the
SCWTs, Webtime Tracker, and survey were compiled
using Microsoft Excel. Free-text responses to the
postsimulation survey underwent thematic analysis®3
using an inductive approach whereby the onus to derive
themes was placed on the researchers. Data was

imported into and analyzed on R version 4.0°%.

All outcome variables used in this analysis were

nonnormally distributed, as confirmed by Shapiro-Wilk

test results. For assessment of trial matching efficiency,
outliers were first identified using Ronser’s test (EnvStats
package, version 2.4)%5. This method was selected as it
allows simultaneous identification of multiple outliers

within sufficiently large datasets.

Trial matches over 30 minutes both belonging to matches
found using the ClinicalTrials.gov database) were
identified as outliers and subsequently removed from the

analysis.

After completing the trial-matching exercise, participants
were asked to rank their sense of having sufficient time to
complete the task, and the relevance of the suggestions
provided by each database. These questions were
structured in a Likert scale with the following possible
answers: Completely agree, somewhat agree, neither
agree nor disagree, somewhat disagree, completely
disagree. Answers to these questions were converted into
aone

(Completely disagree) to five (Completely agree) scale for
analysis. Quality of the trials found by the participants of
the study was scored independently by a thoracic
oncologist, rating all matches in a one (worst possible
match) to five (best possible match) scale. Cognitive
burden was measured in a Paas scale, and converted to a
one (very, very low mental effort) to nine (very, very high
mental effort) scale. All pairwise comparisons were
performed using a Wilcoxon Signed-Rank test, and p
values were adjusted using the false discovery rate (FDR)
method due to the small number of comparisons being

performed at each step.

Results

Using SBR to evaluate digital health solutions

Feedback on simulation sessions and synthetic patient
cases: The majority of participants (n = 24, 96%) stated
that they were provided with sufficient guidance to
participate in the simulations and complete the trial
matching exercises. Most participants (n = 18, 72%) also
reported that they were provided enough clinical
information in the synthetic patient cases. A small number
of participants said that it would have been beneficial to
have more histology information (n = 2, 8%), more

information on previous treatments (n = 2, 8%), and the
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inclusion of clinical information via a referral letter (n =1,

4%).

Feedback on the use of simulation-based research

(SBR) methods: Table 2 shows the themes derived from

the relevant exercises (n = 2, 8%). A small number of
participants also stated that simulation sessions could be
challenging to run if the patient cases lack sufficient data
(n =2, 8%) or if the simulations took too much time away

from clinical duties (n = 2, 8%).

Table 2. Analysis of free-text responses to the post simulation survey regarding the use of simulation-based research methods

to evaluate digital health solutions.

n, (%)
Simulation Benefits
Preview of app in real-time/experience before launch 9, 36%
Provide amendments/feedback before app launch 7, 28%
Broad staff perspective during testing 3,12%
Training/familiarity before use in clinical practice 3,12%
Simulation Challenges
Additional time/training required to learn how to use search tools 5, 20%
Lack of time for a challenging exercise 4,16%
More clinical information available in a real scenario 2, 8%
Participant selection bias / personal limitations 2,8%
Small sample size of participants/cases 2,8%
Taking time from clinical duties to participate 2,8%
WiFi connectivity during simulation 2,8%
Feeling rushed to complete trial matching exercises 2,8%
Small range of cases/tumor types 2,8%
Length of simulation session should be shorter 1, 4%
Unable to use real hospital data 1, 4%
Participant lack of familiarity with lung cancer 1, 4%
Inability to get feedback from clinical team on eligibility 1, 4%
Difficult to simulate institutional logistics 1, 4%

the free-text responses in the post-simulation survey on
the benefits and challenges of using SBR to evaluate
digital health solutions. Benefits identified by participants
included the opportunity for clinicians to preview
solutions before they are implemented in clinical practice
(n =9, 36%) and to provide feedback on early iterations of
digital health solutions (n = 7, 28%). Challenges reported
by participants included a lack of familiarity with the novel

solution (n = 3, 12%) and the time constraints to complete

Evaluating NAVIFY Clinical Trial Match

Participant characteristics: A total of 25 clinicians and
research staff with experience screening patients for
clinical trials in oncology participated in the study. All
participants had experience screening patients in public
teaching hospitals operated by the National Health
Service (NHS) in the UK. Roles of participants included

clinical trial practitioners (n = 8, 32%), research nurses (n
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=8, 32%), specialist trainees in oncology (n = 7, 28%) and
consultant oncologists (n = 2, 8%). Approximately half of
participants (n = 12, 48%) had greater than five years’
experience screening patients for clinical trials in oncology

and half had less than five years’ experience (n =13, 52%).

Overview of trial matches: Each of the 25 study
participants were asked to match 10 synthetic patient
cases to lung cancer clinical trials — five cases using NAVIFY
CTM and five using online trial databases — and
participants could match a case to more than one trial. A
total of 342 trial matches were made across the 10
synthetic patient cases. Of these, 172 trial matches were
made using NAVIFY CTM and 170 using online trial
databases. Participants failed to match a trial for 34 cases
(14%), with 14 of these 34 failures occurring while using
NAVIFY CTM and 20 while using online trial databases.
Failing to match a case to a trial was not linked to a specific
patient case, with six case match failures being the highest
for any patient case. When using online trial databases,
ClinicalTrials.gov was used for the majority of trial
matches (71%) followed by the North West London CRN
Lung Cancer Portfolio (12%).

Trial matching efficiency: Participants matched trials
faster on average when using NAVIFY CTM (10 minutes)
compared to the average across all online trial databases
(11.7 minutes), although the difference was marginally
non-significant (p = 0.063) and results stayed similar
when outliers (n = 2) were removed from the dataset (p
=0.092) (Figure 1). The time taken to match the synthetic
patient cases to clinical trials using NAVIFY CTM and each
of the online databases used by participants in this study

is summarized in Table 3.

In the post-simulation survey, we identified significant
differences when comparing the perception of having
sufficient time to match patients to clinical trials (Figure
2). Participants reported a significantly higher degree of
agreement with having sufficient time to complete the
trial matching exercise using NAVIFY CTM (p = 0.020).
There was a larger proportion of individuals indicating
they ‘completely agree’ that they had enough time to
complete the task using NAVIFY CTM (n = 14, 56%)

compared to online trial databases (n = 6, 24%).

Quality of trial matches: There was no statistically
significant difference in the quality of trial matches
between NAVIFY CTM and all other online trial databases
combined (p = 0.790). There was a statistically significant
difference when comparing NAVIFY CTM to NWL CRN
Lung Cancer Portfolio (p = 0.026) and NIHR Be Part of
Research (p = 0.040), although there were few trial
matches using these databases (n = 21 and n = 8§,
respectively). There were no statistically significant
differences compared with ClinicalTrials.gov (p = 0.590),
the EU Clinical Trials Register (p = 0.840), or NIHR CRN
Portfolio Search (p = 0.690) (Figure 3).

On the post-simulation survey, participants were more
likely to agree that trial suggestions via NAVIFY CTM and
ClinicalTrials.gov were relevant compared with other
online trial databases. No statistically significant
differences were identified between NAVIFY CTM and
the next best scoring databases, ClinicalTrials.gov (p =
0.780), the EU Clinical Trials Register (p = 0.150), and
NIHR Be Part of Research (p = 0.150). Both NAVIFY CTM
and ClinicalTrials.gov scored significantly higher
compared to NIHR CRN Portfolio Research (p = 0.049 and
p = 0.049, respectively), and ISRCTN (p = 0.049 and p =
0.008, respectively) (Figure 4).

Cognitive burden: Participants were significantly more
likely to agree that less mental effort was required to
complete trial matching using NAVIFY CTM compared to
all other online trial databases combined (p = 0.001). The
difference was significant when compared individually
with each of the online trial databases, including
ClinicalTrials.gov (p = 0.002), the EU Clinical Trials Register
(p = 0.001), NIHR Be Part of Research (p = 0.047), NIHR
CRN Portfolio Search (p = 0.005), and the ISRCTN (p =
0.039). Participants were more likely to require ‘very low’,
‘low’ or ‘rather low’ mental effort to use NAVIFY CTM (n =
11, 44%) compared to all online trial databases taken
together (n = 2, 8%). This difference remained when
compared against online trial databases individually

(Figure 5) (Table 4).

Cognitive burden was measured objectively using the
Stroop Color and Word Test (SCWT). The Stroop effect —
defined as the difference in average reaction times (RTs)

for incongruent and congruent Stoop tasks — was
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measured before and after each trial matching exercise.
The Stroop effect after using NAVIFY CTM was equal to
the Stroop effect after using online trial databases. The
difference in average RT before and after using NAVIFY
CTM was smaller (28 msec) than the same difference for
online trial databases (36 msecs), although the difference

was not statistically significant (p = 0.662 and p = 0.776,

respectively). Stroop task errors were higher before trial
matching using online trial databases compared to after
(3.1% vs. 2.4%). For NAVIFY CTM, errors were lower
before trial matching compared to after (2.3% vs 2.6%).
This difference in errors before and after each trial
matching exercise was not statistically significant (p =

0.993 and p = 0.092, respectively).

309

N
=]

Time to match (mins)
=

NAVIFY CTM

Online trial databases

Method

B8 navIFYCTM B Online trial databases

Figure 1. Time to match patient cases to clinical trials, NAVIFY CTM vs. all online trial databases combined (Outliers illustrated

as black dots and removed in the statistical tests). Participants matched trials faster using NAVIFY CTM, although the

difference was not statistically significant (p = 0.092).

Table 3. Summary of time to match patient cases to clinical trials (NAVIFY CTM vs. online trial databases).

Interquartile

range Mean Lower Cl Upper Cl Trial matches

Median (mins) (mins) (mins) Std. Dev. (95%) (95%) (#)
NAVIFY CTM 9 6 10.0 5.0 9.2 10.7 172
All online trial
databases 10 8 11.7 6.6 10.6 12.7 162
ClinicalTrials.gov 10 8 11.6 6.4 10.4 12.7 121
NWL CRN Lung Cancer
Portfolio 12 6 11.0 4.3 9.1 13.0 21
EU Clinical Trials
Register 15 14 15.4 9.0 7.1 23.7 7
NIHR Be Part of
Research 7.5 5.5 11.6 11.1 2.4 20.9 8
NIHR CRN Portfolio
Search 9.5 12.8 11.2 7.4 3.4 18.9 6
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Figure 2 Participants’ perception of having enough time to complete the trial matching exercise (by method). Participants
reported a significantly higher degree of agreement with having sufficient time to complete the trial matching exercise using

NAVIFY CTM (p = 0.020). Asterisk (*) indicates results of statistical significance.
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Figure3. Comparison of eligibility scores for trial matches using NAVIFY CTM and using online trial databases.
Single asterisk (*) indicates results of statistical significance, double asterisk (**) indicates non-significant results.
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Figure 3. Perceived relevance of top trial suggestions as per post-simulation survey (NAVIFY CTM vs. online trial databases).
Participants were significantly more likely to agree that trial suggestions via NAVIFY CTM and ClinicalTrials.gov were relevant
compared with the other online trial databases. Single asterisk (*) indicates results of statistical significance, double asterisk

(**) indicates non-significant results.
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Figure 5. Measure of mental effort required to use NAVIFY CTM compared to online trial databases. Participants reported

that less mental that less mental effort was required to use NAVIFY CTM and this difference was statistically significant

compare to all online trial databases (p = 0.001). Single asterisk (*) indicates results of statistical significance, double asterisk

(**) indicates non-significant results.

Table 4 Measure of mental effort required to use NAVIFY CTM compared to online trial databases. Summary table of survey

responses via the Paas Scale

ClinicalTrials.g EU Clinical

NIHR CRN NIHR
Be Part of Portfolio

NAVIFY CTM Research Search
ov Trials Register ISRCTN
9 = very, very high mental
effort 0%
4% 13% 0% 13% 50%
8 = very high mental effort 0% 8% 25% 14% 0% 0%
7 = rather high mental effort 20% 56% 38% 29% 50% 0%
6 = high mental effort 12% 8% 13% 14% 25% 25%
5 = neither low nor high
mental effort
24% 8% 13% 43% 13% 25%
4 = low mental effort 12% 0% 0% 0% 0% 0%
3 =rather low mental effort  28% 12% 0% 0% 0% 0%
2 = very low mental effort 4% 4% 0% 0% 0% 0%
1 = very, very low mental
effort
0% 0% 0% 0% 0% 0%
Discussion online trial databases. While the difference in time-to-

Summary and interpretation of key findings

The hypothesis of the study was that participants would

identify trial matches quicker using NAVIFY CTM than

match between the tool approaches was found to be
marginally non-significant (p = 0.063), this suggests that

we could demonstrate a statistically significant difference
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with a larger sample size. Interestingly, participants were
significantly more likely to feel like they had enough time
to complete the exercise when using NAVIFY CTM (p =
0.020). This effect could be explained by the lower mental
effort required to use NAVIFY CTM or as a result of bias
towards the solution being evaluated due to the absence
of blinding. Risk of bias could be reduced using a single-
or double-blind study design, blinding of any kind can be
difficult when evaluating a novel digital health solution.
Alternatively, a betweensubject study design could be
used to mitigate bias amongst participants.

There was no statistically significant difference in the
quality of trial matches between NAVIFY CTM and all
other online trial databases combined (p = 0.790).
However, participants perceived that the trial match
suggestions from NAVIFY CTM and ClinicalTrials.gov were
more relevant compared to the other online trial
databases. This finding could be due to factors affecting
user satisfaction which caused participants to favor
NAVIFY CTM, such as information format, content,
consistency and ease of navigation®¢. However, this effect
could also be due to information biases which effect
participants’ judgement, i.e. participants may have been
influenced or biased towards providing positive feedback
about trial matches from NAVIFY CTM because they knew
the tool was developed to provide better matches than

other online trial databases®’.

This study objectively and subjectively measured the
cognitive burden of participants associated with clinical
tasks, using the Stroop Color Word Test (SCWT) and Paas
scale respectively. SCWT is one of the most widely used
paradigms and has been applied in the clinical setting>-
62 While no difference could be ascertained on the SCWT,
analysis of Paas scale responses showed that there was
lower perceived mental effort with using NAVIFY CTM.
The challenges associated with decision-making in
healthcare contexts are well understood and associated
with high levels of cognitive load*®. Therefore, there is a
need for solutions that reduce the cognitive load
associated with decision-making processes, including
clinical trial matching. However, there is limited research
on sensitive and objective measurement instruments for
the cognitive burden of a task placed on healthcare

professionals. Behavior paradigms to measure executive

ability or mental agility have been well established in the
Experimental Psychology and Neuroscience®863.64, Future
work could explore the use of other paradigms to
measure the brain’s response to a cognitive event, such

as the event-related potential (ERP) paradigm®.

Overall, most participants agreed that they had
sufficient guidance to participate in the simulations (n =
24, 96%) and that the synthetic patient cases were
detailed enough (n = 18, 72%). According to participants
the main benefits of using SBR to evaluate digital health
solutions are that it creates an opportunity for clinicians
to preview the solution and provide feedback before it
is implemented in clinical practice. The main perceived
challenges were the additional amount of time required
to learn the new tool and not having enough time to

complete the tasks in the simulation.

Comparison with previous literature

Prior to this study, we piloted our methodology by
conducting simulation sessions with 10 clinicians, five
with experience matching patients to cancer clinical
trials in the UK (experts) and five without experience
(non-experts). The objective of the pilot phase of the
study was to rapidly test and refine the SBR methods
(including data collection procedures) with a smaller
number of participants. The results of the pilot phase are
reported in a separate abstract published by the

research team [in submission].

A comparison of the study methods for the pilot and
study phase is shown in Table 5. NAVIFY CTM was
updated between phases (from v1.3 to v1.4). This
allowed us to assess two different versions of the
software in quick succession. Changes were also made to
the SCWT between the pilot and study phases. Based on
the review of studies where the time

limit is not calibrated®:57, 3 time limit of 2.0 seconds was
set for all participants in the pilot. We observed that the
accuracy across all participants was above 97%,
suggesting a ceiling effect (i.e., performance was not
significantly impacted by mental agility). The time limit
was therefore shortened to 1.5 seconds for the study
phase, however, accuracy rates remained above 95%,
suggesting that the ceiling effect remained. In future

studies, reaction times could be further shortened, or
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individual calibration procedures applied. Second, to
reduce learning effect, a single practice SCWT consisting
of 10 Stroop tasks was introduced before the first full

SCWT.

Strengths and limitations

This study employed a within-subject design in which the
evaluation of NAVIFY CTM and online trial databases
were performed in the same simulated environment by
the same participants. The ability to reproduce the same
simulated clinical environment before and after, and for
all participants, increases the confidence that any
measurable differences between NAVIFY CTM and online
trial databases can be attributed to the tools themselves

as opposed to external factors8,

This study also demonstrated the value of using synthetic
patient data, allowing for the timely evaluation of NAVIFY
CTM whilst maintaining the fidelity of the simulated
clinical scenario. Using real patient data in research
introduces additional ethical and information governance
considerations, such as data privacy and confidentiality.
It typically involves de-identifying or pseudonymizing
data, adding “noise” to data or grouping variables
together. However, these approaches are subject to risk
as well

as delays obtaining data® . Using synthetic patient data
in this study mitigated the risks associated with using de-

identified or pseudonymized patient data as
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Table 5. Comparison of study design and data collection procedures between the pilot and study phases.

Pilot phase

Study phase*

Primary objective(s)
collection

Sample size

NAVIFY CTM software version v1.3

Rapidly test methodology and data

n =10 (5 experts, 5 non-experts)

Evaluate efficiency, quality, and cognitive
burden of trial matching

n = 25 (all experts)

vl.4

Comparator

Presentation of patient cases Printed materials

Online trial databases ClinicalTrials.gov

EU Clinical Trials Register

NIHR Be Part of Research

NIHR CRN Portfolio Search

ISRCTN

Digital (PDF and JPG files)

ClinicalTrials.gov

EU Clinical Trials Register

NIHR Be Part of Research
NIHR CRN Portfolio Search

ISRCTN

NWL CRN Lung Cancer Portfolio

Data collection

Efficiency Time to complete each trial match Time to complete each trial match
Quality Eligibility score assigned by thoracic Eligibility score assigned by thoracic
oncologist oncologist
Cognitive burden SCWT SCWT
= No practice test = Practice test = 10 tasks
= Time limit per task = 2 seconds = Time limit per task = 1.5 seconds
Paas Scale Paas Scale
Use of SBR Post-simulation survey Post-simulation survey

* The Results section of this article reports those from the study phase alone.

well as the need to undergo ethics and data security
approval to obtain real patient data. The key benefit of
this approach is that the duration of study set-up was
relatively quick compared to studies which require
additional permissions in place because of the use of real
patient data8. This demonstrates the value of using
synthetic patient data to conduct evaluations of digital

health solutions in a timeframe that is appropriate for the

fast-paced nature of innovation and product

development.

To ensure that the synthetic patient cases could be used
to evaluate the ability of NAVIFY CTM to identify
appropriate trial matches they were developed to match
to the eligibility criteria of at least one actively enrolling
cancer clinical trial in London. Furthermore, the level of
clinical detail had to be reflective of what clinicians would

encounter in routine practice to ensure the simulated
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clinical scenario felt realistic to participants. To ensure
the fidelity of the synthetic patient cases, they were
developed by practicing consultants with extensive
experience of lung cancer patient cases in their routine
practice. By instructing the consultants to develop the
cases with the level of detail and the type of format in
which patient data is usually presented this ensured the
synthetic patient cases were realistic to research
participants and sufficient in detail to evaluate the

effectiveness of NAVIFY CTM.

One challenge of the study was identifying an appropriate
method to determine the quality or relevance of the trial
matches identified by participants. Although the
eligibility criteria of clinical trials are a conclusive measure
of a patient’s suitability, the process is currently governed
by the subjective approach taken by individual clinicians
and research staff members. In this study, engaging a
consultant thoracic oncologist to independently score
trial matches according to eligibility criteria was an
effective proxy for measuring the quality of trial matches.
In this way, distinctions could be made between trial
matches in which all of the eligibility criteria were met or

partially met.

The main benefit of SBR is the ability to collect
measurements of participants’ responses during the
study and simulated scenarios in ways that would be
otherwise impossible or impractical in clinical settings
such as pilot programs or observational studies. In this
study, we were able to obtain extensive measurements
related to cognitive burden with the Stroop Color Word
Test (SCWT), record screen activity and gather additional
feedback from participants immediately after they
conducted the trial matching exercises. It would not be
practical or in the best interest of patient care to gather
such measurements and feedback during a real-world
evaluation conducted in a clinical setting. Therefore, the
use of SBR allowed for granular evaluations of participant
response and real-time feedback of NAVIFY CTM which
could support product development and refinement

before it is implemented in routine clinical practice.

For this research study, ethics approval was obtained via
the university’s Research Governance and Integrity Team,

a process that typically takes two to three weeks.

Approval from the Health Research Authority in England
—with a typical timeline of two to three months —was not
required as the study did not involve real patients or real
patient data, did not take place at an NHS organization,

and participants were not recruited via the NHS.

This study employed a novel methodology to evaluate a
digital health solution with practicing clinicians and
research staff outside of a clinical setting, therefore there

are some limitations and areas for improvement.

This study was conducted during the COVID-19 pandemic
and lockdown measures were in place

which impacted travel’®71, as well as the availability of
clinicians to participate in research. This may have
created a bias towards participants who were located
closer to St Mary’s Hospital, London or who had more
flexible clinical commitments. Furthermore, participants
were recruited to complete trial matching exercises
individually, while the literature on cancer clinical trial
recruitment in the UK shows some evidence of
multidisciplinary team involvement in

decision-making37.72,

It is best practice to calibrate reaction time limit for each
participant and to control for sleep and caffeine intake
when using the SCWT in experimental psychology*2. To
calibrate the optimal reaction time limit, the time limit is
set at the point where each participant reaches 80%
accuracy, and typically takes 30 minutes per participant.
Due to the clinical responsibilities of study participants
and the resulting time constraints for conducting the

sessions, it was not reasonable to impose these controls.

One of the limitations of SBR methods is the challenge of
assessing how realistic the simulated events and
synthetic data are compared to routine clinical settings
and real patient data. Although most participants
reported that the synthetic patient cases were realistic,
the use of real patient data in the study could have
yielded other insights from participants regarding the
usability and applicability of the tool in clinical practice.
Future work in this area could explore alternative
approaches to develop more detailed synthetic patient

cases and synthetic electronic health record data, which
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reflect the presentation and granularity of information
seen in routine

practicess,69,73.

Implications for practice and future opportunities

This study demonstrates the ability to evaluate a novel
clinical decision support tool in a simulated clinical
scenario using synthetic patient cases. We were able to
collect quantitative insights on the performance of
NAVIFY CTM compared to online trial databases and to
collect valuable user feedback without the need for

implementation in clinical practice.

The COVID-19 pandemic has had widespread
consequences on public and healthcare professionals’
attitudes towards digital health solutions and resulted in
the expedition of policies to support the adoption of
digital health solutions and

digital-first models of care’*-77. However, appropriate and
robust methods for evaluating digital health solutions
have been slow to materialize, in particular approaches
that reflect the iterative and fast-paced nature of
innovation. This study demonstrates the ability to gather
early insights on the performance of a digital health
solution and the opportunities for implementation in
clinical practice. The use of SBR also seems sufficient to
derive user experience insights from practicing clinicians
regarding the usability and acceptability of clinical
decision support tools. These findings justify the use of
SBR methodology to generate insights that support
product development of low-risk digital health solutions

before they are implemented in clinical practice.

Another future area of research could be the use of SBR
to conduct remote evaluations of digital health solutions.
This has important implications in light of the COVID-19
pandemic, which has resulted in shifts to remote working.
Guidance published by Public Health England has
supported the use of remote approaches to evaluate
digital health solutions, as opposed to face-to-face
approaches’®, For certain digital health solutions, such as
clinical workflow solutions, teleconsultation services or
any other software-based solutions, the design and
methodology used in this study could be translated to
remote settings and enable evaluations in different

geographical locations simultaneously. This approach

could generate evidence within a short timeframe,
further enhancing the potential for return on investment

for innovators.
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