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Abstract

To support patients in managing the chronic symptoms associated
with prostate cancer (PCa) survivorship, the expert system Ned al-
gorithm is intended to support the introduction of a nurse-led model
of care. It builds upon the existing Ned application that facilitates
virtual follow-up visits between patients and their care team. This
study aims to assess the feasibility of the Ned algorithm to support
a high patient to nurse ratio in a clinical setting for streamlined sup-
portive care. The simulations presented here were conducted on
a retrospective dataset to characterize the algorithm’s outputs. Re-
sults demonstrate feasibility to support self-management of symp-
toms in over 80% of cases. This provides evidence that the algo-
rithm will effectively support nurses in triaging PCa survivors be-
tween routine follow-up visits, while encouraging patients to suc-
cessfully self-manage their symptoms.

1 Introduction

Prostate cancer (PCa) survivorship is associated with chronic
symptoms which are traditionally managed through in-person
follow-up visits between patients and physicians. With increasing
frequency of PCa occurrence and high rates of survival, significant
clinical resources must be dedicated to survivorship care [1–3]. Ned
is an application developed by the Centre for Digital Therapeutics at
the University Health Network, which aims to facilitate virtual vis-
its between patients and their care team. Recent research has
demonstrated improved clinical efficiency and patient satisfaction
with nurse-led models of care [4, 5]. Building upon this, the next it-
eration of Ned will introduce a nurse-led model of care, mediated by
an algorithm. The Ned algorithm will (1) provide decision support to
nurses based on patient-reported outcomes informed by their symp-
toms, and (2) provide patients with tailored actionable, prescriptive
and educational resources to encourage patient empowerment and
self-management of symptoms.

One popular patient-reported outcomes survey is the Expanded
Prostate Cancer Index Composite for Clinical Practice (EPIC-CP).
EPIC-CP is a clinically validated questionnaire designed to assess
health-related quality of life among PCa patients [6]. Questions as-
sociated with related symptoms are classified within one of five do-
mains: urinary incontinence (UI), urinary irritation/obstruction (UIO),
bowel function (BF), sexual function (SF), and hormonal function
(HF) [6]. The Ned algorithm will assess patients based on their
EPIC-CP responses, collected through the Ned application on a
monthly basis. The patient’s status is escalated if:

1. Pre-defined domain delta thresholds are exceeded. These
deltas compute the change in domain scores relative to
the previous month (local delta) and the patient’s baseline
(baseline delta).

2. Key clinically urgent questions (CUQ) thesholds are ex-
ceeded. These CUQ address pain or burning with urination,
weak urine stream/incomplete emptying, hematuria, bloody
stools, and depression. CUQs are associated with symp-
toms that require further clinical assessment and were iden-
tified in consultation with clinical experts and Cancer Care
Ontario guidelines [7–12].

3. Individual patient history of alerting.
The algorithm supports compassionate care by honouring pa-

tient preference. While the default is to provide patients with re-
sources to self-manage their symptoms, for higher alert states, pa-
tients are asked if they would prefer a virtual visit with the Ned
nurse. Four alert states are output by the algorithm:

• Green: Normal results; no intervention is required.
• Yellow: Patient’s first abnormal domain score; tailored, pre-

scriptive education resources are provided.
• Orange: Clinically urgent symptoms present OR history of

abnormal domain scores; tailored, prescriptive education re-

sources are provided and the option to meet virtually with the
Ned nurse is extended.

• Red: Generated when the patient accepts the option to meet
with the Ned nurse.

The Ned algorithm will provide streamlined decision support for
nurses to support a high patient to nurse ratio. This will facilitate im-
proved clinical efficiency with a nurse-led model of care and is posi-
tioned to provide higher quality compared to traditional PCa follow-
up. By providing patients with tailored, actionable, prescriptive self-
management resources, the Ned algorithm will empower patients
in their self-care and introduce compassionate artificial intelligence
(AI) in a clinical setting.

In effort to promote trust, transparency, and pragmatic accept-
ability to support the clinical application of the Ned algorithm, its
rules have been defined in collaboration with clinicians and consul-
tation of Cancer Care Ontario guidelines [7–12]. While machine
learning (ML) approaches could have been employed to define and
optimize escalation thresholds, algorithm interpretability is a critical
element for clinical translation of AI [13–15]. This supports an ex-
pert rules-based approach to algorithm design. Specifically, rules
and recommendations must be fully understood and interpretable
by nurses for intuitive triaged alert response. Additionally, signifi-
cant amounts of data are required to develop robust and reliable
ML algorithms. Given the limited availability of longitudinal EPIC-
CP data, a rules-based approach informed by clinical experts was
determined to be most appropriate to facilitate clinical acceptability.

The purpose of this analysis is to assess the pragmatic feasi-
bility of the Ned algorithm and to characterize the alerts generated,
prior to its clinical deployment. Additionally, this study aims to: (1)
identify the appropriate thresholds to support clinical feasibility (i.e.,
high patient to nurse ratio), and (2) maintain a transparent method-
ology to foster trust in this AI-powered algorithm and the decision
support it provides. The Ned algorithm is expected to be feasible
for clinical implementation if at least 80% of alerts generated can
be self-resolved. Based on a similar established nurse-led model
of care, developed by our group at the University Health Network
for heart failure, one Medly nurse can care for several hundred pa-
tients daily. We have found this to be possible using our data usage
statistics because 80% of alerts are patient-resolved with patient-
facing actionable feedback. While resolution timing urgency differs
between heart failure and PCa, we anticipate a similarly high nurse
to patient ratio being feasible. As such, our preliminary validation
uses the same target of 80% of alerts being self-resolved by pa-
tients.

2 Methods

The process of developing the Ned algorithm and pilot data col-
lection was reviewed by the University Health Network (UHN) Re-
search Ethics Board as part of a quality improvement initiative (REB
QID: 20-0114).

We evaluated algorithm outputs to characterize the ratio of
alerts generated by running simulations of the algorithm at differ-
ent thresholds using Ned pilot data from 21 patients with Expanded
Prostate Cancer Index Composite-26 (EPIC-26) scores at a single
time point. To evaluate longitudinal changes in patient scores, the
pilot data was supplemented with the median EPIC-26 scores re-
ported by Einstein et al., which were used as the baseline response
for all pilot study responses [16]. All EPIC-26 scores were con-
verted to EPIC-CP equivalents with guidance from a clinical expert.

We calculated the algorithm’s simulated output using the Ein-
stein et al. medians [16] as our simulated baseline, and Ned pilot
data as the present time point (i.e., time point 1). Since patient pref-
erence was not part of this retrospective data, possible alert state
outputs were: orange, yellow, and green. Here, orange alert states
could require clinical intervention by the Ned nurse, with yellow and
green alerts self-managed by the patient. Table 1 summarizes the
threshold values for each simulation’s domain and clinically urgent



questions along with the expected impact of the modified thresholds
on the algorithm’s sensitivity.

Table 1: Summary of Simulation Thresholds and Expected Impact

Simulation EPIC-26
Item

Threshold Expected Impact on Sensitivity

1

UI 0

Pre-defined,clinically-informed
thresholds used as baseline
comparison.

UIO 1
BF 1
SF 1
HF 0
CUQ 0

2

UI 0

Decrease sensitivity to CUQ by one
point.

UIO 1
BF 1
SF 1
HF 0
CUQ 1

3

UI 1

Decrease domain sensitivity one
point.

UIO 2
BF 2
SF 2
HF 1
CUQ 0

4

UI 1 Decrease domain sensitivity by
capturing deltas greater than sum of
mean and standard deviation.
Decrease sensitivity to CUQ by one
point.

UIO 1
BF 3
SF 5
HF 2
CUQ 1

5

UI 1 Decrease domain sensitivity by
capturing deltas greater than sum of
mean and standard deviation.
Decrease sensitivity to CUQ by two
points.

UIO 1
BF 3
SF 5
HF 2
CUQ 2

UI = Urinary Incontinence; UIO = Urinary Irritation/Obstruction; BF = Bowel
Function; SF = Sexual Function; HF = Hormonal Function; CUQ = Clinically
Urgent Questions

The algorithm alert output provides data-driven feedback to in-
form the nurse when clinical intervention is warranted (or addition-
ally at their discretion). Therefore, the proportions of alerts gener-
ated at time point 1 were used to assess the feasibility of clinical
deployment of the algorithm. Since eligibility criteria for Ned enroll-
ment requires that patients are stable with low risk of PCa recur-
rence, managing the algorithm in a clinical setting is expected to be
feasible if at least 80% of alerts generated can be managed inde-
pendently by the patient [17]. To provide a conservative estimate,
we assumed that all orange alerts could require clinical intervention.
In reality, this is an overestimate depending on patient preference for
a visit with the Ned nurse. Regarding feasibility assessment, only
alerts computed from Ned pilot data at time point 1 were considered
based on the proportions of alerts generated.

We summarized the simulated Ned algorithm results using de-
scriptive statistics. Abnormal domain scores were identified when
the local and baseline deltas exceed their associated threshold,
therefore, the mean, standard deviation, and range of the deltas
for each domain between baseline and time point 1 were used to
understand the patterns of generated alerts. Based on the defined
feasibility criteria, most deltas (i.e., approximately 80%) should be
lower than the defined domain threshold. Therefore, an optimal
threshold could be above the sum of the mean and standard devi-
ation, while the range should capture abnormal scores that exceed
the threshold.

The mode alerting domain was used to assess the relevance
of the thresholds and resources provided for each domain based
on the domains most frequently associated with needing follow-up
care. This statistic will inform whether more targeted resources are
required for specific domains in the future.

3 Results

Table 2 summarizes the proportion of alert states output by the algo-
rithm in each simulation and the associated mode alerting domains
using the median EPIC-26 scores reported by Einstein et al. as
baseline data and Ned pilot data as time point 1. The mode alerting
domains highlight the domain that was most frequently associated
with triggering yellow or orange output alert states.

Thresholds used in simulations 1 and 3 yielded proportional
alerts that do not support clinical feasibility with the proportion of
orange alerts exceeding the target of 20%. Thresholds used in
simulations 2 and 4 provide a proportion of orange alerts slightly

Table 2: Proportional Alert Generation across Simulations

Simulation Orange
Alerts

Yellow
Alerts

Green
Alerts

Mode Alerting
Domains

1 57% 24% 19% UIO
2 24% 57% 19% SF
3 57% 24% 19% UIO
4 24% 24% 52% UIO
5 14% 29% 57% UI, UIO, SF

exceeding the target of 20% at 24% orange alerts and with only
one mode alerting domain in each simulation (S2: sexual function;
S4: urinary irritation/obstruction). Thresholds used in simulation 5
achieve the target of 20% or less of orange alerts generated (14%)
with trimodal alerting domains for urinary incontinence, urinary irri-
tation/obstruction, and sexual function domains.

4 Discussion

The Ned algorithm was designed to support a nurse-led model of
care for PCa survivorship by generating alerts which serve as de-
cision aids by informing the Ned nurse of patients most in need of
follow-up care. Clinical management of these alerts is expected to
be feasible if at least 80% of alerts generated can be independently
resolved by the patient using the self-management resources out-
put by the algorithm. The target of at least 80% of alerts supporting
independent resolution without clinical intervention was achieved
in simulation 5, while simulations 2 and 4 approached this target,
with orange alerts constituting only 24% of the total alerts gener-
ated. Orange alerts provide patients with the option to visit with
the Ned nurse, therefore, the total number of orange alerts is likely
an overestimate of the number of alerts requiring clinical interven-
tion, indicating that the thresholds used in simulations 2 and 4 are
plausible options while maintaining a higher sensitivity than simu-
lation 5. However, simulation 5 resulted in the highest proportion
of green alerts. Although there was limited time-series data in this
analysis, to support clinical feasibility, minimizing the proportion of
yellow alerts may be preferred by patients navigating their symptom
chronicity. Since orange alerts can also be triggered from abnormal
domain scores if patients have previously had abnormal scores on
the same domain, a higher proportion of yellow alerts is likely to be
associated with an increased proportion of orange alerts over time.
In practice, the converse trend may be preferred but warrants cor-
roboration from clinical staff and patient perspectives. Regardless,
the results of this analysis provide supportive evidence for a plau-
sibly high patient to nurse ratio to have meaningful clinical impacts
through the introduction of the Ned algorithm by implementing the
thresholds used in simulation 5.

Adoption of the modified thresholds will require continued dis-
cussion and endorsement by clinical collaborators to inform and
evaluate the impact to the clinical workflow. An important consider-
ation in defining alert thresholds is the trade-off between sufficient
threshold sensitivity to ensure that alerts are escalated according to
patient needs, while avoiding inappropriately high alert frequencies
which contribute to alert fatigue. Regarding potential safety consid-
erations, as the Ned algorithm is intended to aid in managing treat-
ment side effect chronicity, patients continue to be monitored for
PCa recurrence through traditional follow-up visits with their medi-
cal team. This means that reducing the sensitivity of thresholds will
not cause serious harm to patients.

Next steps to validate these findings include increasing the
scope of analysis using a larger dataset including time series data.
The small sample size and limited scope of the dataset studied is
a limitation of this analysis. Analyzing data from a larger sample of
patients will reduce sample bias while improving the reliability, valid-
ity, and generalizability of the results. Additionally, median EPIC-26
scores reported in literature were assumed to represent the base-
line scores for all patients in this study. Although this data repre-
sents the EPIC-26 scores of PCa patients in general, it may not re-
flect the natural individual variability in baseline scores of the patient
sample studied. By analyzing a longitudinal dataset with EPIC-26
scores linked to patients between time points, this limitation will be
addressed while permitting further assessment of the impact of both
local and baseline deltas and escalation based on previous alerts.
Since PCa survivorship is associated with long-term, chronic symp-
toms, a study of longitudinal data will also enhance the feasibility



assessment of the algorithm over a longer duration of time, in align-
ment with its intended clinical use.

Moving forward, the Ned algorithm will include one additional
question and since this is unique to the Ned algorithm, it is not col-
lected through the EPIC-26 and could not be accounted for in this
analysis. The implication of adding one question is the potential to
increase the proportion of yellow and orange alerts. The Ned algo-
rithm will additionally account for patient preference, which cannot
be assessed in this analysis. Therefore the alert proportions for
orange alerts are likely overestimates of what would become red
alerts and warrant direct nurse interaction. Here, we assumed that
all orange alerts will require nurse interaction. Implementing pa-
tient preference as the deciding factor differentiating orange from
red alerts will decrease the number of nurse interactions required.
This implies that the results of simulation 5 with >80% alerts self-
resolved, will be even better platformed to feasibly support a high
patient to nurse ratio.

To address the subjectivity of symptom severity associated with
the chronic nature of PCa, in the future, additional consideration
should be given to the implementation of personalized thresholds.
The current analysis focused on characterizing the alerts generated
when the same thresholds were applied for all patients. However,
to support self-management of symptoms and promote patient au-
tonomy, it would be valuable to explore the impact of using different
thresholds to address the individual needs of each patient. One
approach to achieve this is to determine the appropriate sensitiv-
ity of thresholds based on EPIC-CP questions that prompt patients
to assess how big of a problem key symptoms are. Since these
questions assess the patients’ perception of their symptoms, they
provide a patient-directed means to assess the degree of interven-
tion that would provide meaningful assistance to the patient.

Alternatively, ML approaches could be employed to learn the op-
timal thresholds for classification based on EPIC-CP scores. Condi-
tional upon the availability of suitable training data, ML approaches
provide the potential for optimized thresholds to be learned. Like-
wise, ML could be employed to deliver more personalized care by
identifying the optimal personalized thresholds for each patient and
accounting for their baseline scores and perception of symptom
severity.

While the EPIC-CP is a valuable tool for assessment of patient-
reported symptoms, clinical evaluation of PCa patients and sur-
vivors involves assessment of several additional clinical indicators,
including prostate-specific antigen (PSA) levels. Building upon the
current algorithm to include several clinical indicators will further
support data-driven evaluation of patient needs enhancing the de-
livery of self-management resources. Especially in this case, there
exists an advantageous opportunity for ML to enhance clinical de-
cision support. Currently, there is a lack of consensus in literature
regarding the PSA thresholds that are clinically significant [18–22].
Provided transparency and interpretability to facilitate trust and clin-
cal uptake, ML may therefore be uniquely positioned to account for
multiple clinical indicators, including PSA through learned and opti-
mised alert escalation thresholds identified that model the complex
relationships between EPIC-CP scores and other clinical features.

5 Conclusion

With the current landscape and limited available datasets, a rules
based approach was deemed most appropriate to promote trust and
transparency in the clinical implementation of the Ned algorithm.
Simulations of the Ned algorithm provide supportive evidence for
alerts managed through a high patient to nurse ratio. Specifically,
implementing the thresholds used in simulation 5 achieves the de-
sired proportion of alerts with over 80% self-resolved. While sup-
porting patient preference and autonomy, this exploratory validation
study suggests compassionate AI can feasibly support a nurse-led
model of empowered PCa patient self-management. Future direc-
tions include further validation of results to address limitations of
the current analysis, as well as building upon the current algorithm
to expand its predictive capacity and accuracy. Use of ML methods
should also be considered as they are well suited to learn optimal
thresholds for alert escalation while accounting for additional clinical
indicators and patient perception of symptom severity.
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