Review Article

N-of-1 medicine

Peter Wang'2%, BS, Qiao Ying Leong'?, BS, Ni Yin Lau'?, BS, Wei Ying Ng'?, BS, Siong Peng Kwek'?, BS, Lester Tan"2%, BS, Shang-Wei Song"??, BS,
Kui You'23, BS, Li Ming Chong'%3, MS, Isaiah Zhuang'?, BS, Yoong Hun Ong'2, MS, Nigel Foo'?3, BS, Xavier Tadeo'?, PhD, Kirthika Senthil Kumar'?, PhD,
Smrithi Vijayakumar'?, PhD, Yoann Sapanel'?*, MS, Marlena Natalia Raczkowska'?, PhD, Alexandria Remus'?35, PhD, Agata Blasiak'?%5, PhD, Dean Ho"?3*%7, PhD

"Institute for Digital Medicine (WisDM), Yong Loo Lin School of Medicine, National University of Singapore, 2The N.1 Institute for Health (N.1), National University
of Singapore, *Department of Biomedical Engineering, College of Design and Engineering, National University of Singapore, “Singapore’s Health District @
Queenstown, Yong Loo Lin School of Medicine, National University of Singapore, °Heat Resilience Performance Centre (HRPC), Yong Loo Lin School of Medicine,
National University of Singapore, éDepartment of Pharmacology, Yong Loo Lin School of Medicine, National University of Singapore, "The Bia-Echo Asia Centre for
Reproductive Longevity and Equality, Yong Loo Lin School of Medicine, National University of Singapore, Singapore
All authors contributed equally to this work.

The fields of precision and personalised medicine have led to promising advances in tailoring treatment to individual patients. Examples include
genome/molecular alteration-guided drug selection, single-patient gene therapy design and synergy-based drug combination development,
and these approaches can yield substantially diverse recommendations. Therefore, it is important to define each domain and delineate their
commonalities and differences in an effort to develop novel clinical trial designs, streamline workflow development, rethink regulatory
considerations, create value in healthcare and economics assessments, and other factors. These and other segments are essential to recognise
the diversity within these domains to accelerate their respective workflows towards practice-changing healthcare. To emphasise these points,
this article elaborates on the concept of digital health and digital medicine-enabled N-of-1 medicine, which individualises combination regimen
and dosing using a patient’s own data. We will conclude with recommendations for consideration when developing novel workflows based
on emerging digital-based platforms.

Keywords: Digital health, digital medicine, N-of-1, personalised medicine

INTRODUCTION

A foundational tenet of medicine has been the pursuit of care
that is tailored to each patient. In assessing the repertoire
that underpins each patient’s treatment, this includes the
drugs (small molecule, biologics, targeted therapy, etc.)
administered as monotherapies and combination therapies,
immunotherapies (potentially as part of a combination
regimen), radiotherapy and other approaches.l'¥ To realise
this objective, the concept of N-of-1 medicine, which utilises

personalisation of regimens designed for patient treatment
approaches and next-generation sequencing have also been
used to select actionable regimens.!”? Major national initiatives,
such as SG100K, will play a vital role in correlating genetic
and phenotypic characteristics towards systematically enabling
treatment recommendations at scale.®! Pharmacogenomics
represents another strategy that has made important strides in
using genetic profiles to assess the potential patient response to
treatment from a safety and efficacy standpoint. This information

a patient-specific avatar generated by the patient’s own data
to guide treatment, has been gaining substantial traction at the
interface of innovation, personalised medicine, clinical trial
design, policy and other domains.

Tailored therapy has been extensively studied, with promising
outcomes. For example, transcriptomics, epigenetic profiling
and other approaches have been used to individualise
patient drug selection.[) Broader molecular profiling for the
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can serve as the basis for dose and drug selection.”!!

Through emerging methodologies of harnessing data to
drive healthcare decision-making, the fields of precision and
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personalised medicine are being increasingly impacted by
the fields of digital health and digital medicine.!'>! Wearable
devices are increasing our access to longitudinal data to drive
digital biomarker development, and the rapid rise in actionable
data is empowering new ways of driving clinical decision
support.263% Realising clinically actionable strategies to
correlate this data, big or small, into optimal and personalised
treatment guidance may profoundly impact the ability to
sustainably deliver truly personalised N-of-1 medicine at the
required scale for all stakeholders involved.

N-of-1 medicine can also be impacted by recent advances
in artificial intelligence (AI) and digital medicine. As these
fields undergo continued clinical validation, there has been
a major increase in how data at population scale are used to
develop models for image analysis in pathology, dermatology
and hospital operations (e.g., readmission prediction,
triage, etc).B3) Deep learning is also being increasingly
used for drug discovery to design novel drug candidates
or identify repurposing opportunities for a wide array of
disorders.*®) Additional advances include the use of small
data-based optimisation platforms to design patient-specific
combination regimens.7-3!

This article seeks to illuminate the concept of N-of-1 medicine
as a potential strategy to modulate patient treatment in a
sustained manner, so that it evolves alongside each patient. Of
note, the article does not evaluate or define N-of-1 medicine
as a means of deriving population-scale conclusions from a
single patient or as an approach to solely limit the trialling of
approaches on only one subject. Instead, it explores the use
of clinically actionable approaches to harness only a patient’s
own data to manage only his/her own intervention dynamically.

From a technical standpoint, this article addresses drug
regimen design in clinical decision support and the importance
of dynamic dose optimisation, emphasising the point that
patients evolve over time. True optimisation of treatment
should evolve alongside the patient. Specifically, this article
outlines key considerations (e.g. implementation of N-of-1
medicine) that are often encountered, but are highly diverse
in definition and application. This includes providing
some specificity for the terms, ‘personalised medicine’ and
‘optimisation’ in the context of N-of-1 medicine as described
in this article and addressing the role of synergy in combination
design and administration. At the same time, the article
also discusses practical challenges of implementing these
approaches in clinical workflows, the need for engagement
of key stakeholders in these workflows and providing a
set of recommendations that may help with catalysing
phenotypic- and genotypic-driven N-of-1 digital health, and
medicine innovation with a comprehensive roadmap that spans
patients, caregivers, doctors, nurses, pharmacists, allied health
professionals, data scientists, regulators, policymakers, payors
and beyond, as well as other considerations.

N-OF-1 REGIMEN DESIGN

Through the integration of genotypic and phenotypic N-of-1
medicine, many platforms exist for the personalisation of
regimens designed for patient treatment. These have spanned
the use of N-of-1 gene therapy design, which includes whole
genome sequencing and Sanger sequencing, among others,
with antisense oligonucleotides, organoid platforms for
ovarian cancer combination therapy development,***! guiding
clinical decision support using in vitro and in vivo cancer
models,*? and using patient-specific ex vivo approaches to
pinpoint drug candidates among others. In another study,
exceptional responders were identified using single-cell
functional precision medicine, which resulted in outcomes
that were three-fold longer than conventionally driven
approaches.!**

Recently, phenotypic-driven approaches based on correlations
discovered via neural networks have also been developed.
Using these platforms, a second-order relationship between
drug/dose inputs and efficacy/toxicity outputs markedly
reduced the amount of data needed to design clinically
actionable drug combinations from ex vivo patient samples.
Importantly, this approach demonstrated that while small data
could successfully achieve global optimisation of efficacy
and safety from a massive parameter space of combinatorial
permutations, a prospectively acquired and carefully designed
set of experiments was critical to pinpoint a list of actionable
regimens.[12,37,38,44—52]

Given the diversity of phenotypic and genotypic approaches
towards N-of-1 treatment regimen development being
explored, the types of clinical workflows needed to support
the implementation of promising platforms will be diverse.
They will require a substantial degree of stakeholder
engagement, given the broad spectrum of classes of data (small
data vs. big data), infrastructure and other factors that are
required for healthcare integration. In addition to workflow
considerations, continuously emerging evidence is suggesting
that patient responses to regimens are highly individualised and
additional considerations, such as dosing and modulating drug
interactions, will be essential to pinpointing more responders
to intervention. In addition to impacting platform deployment
at the point of care, this may involve a rethink of clinical trial
designs and regulatory considerations. These points will be
addressed in subsequent discussions and recommendations.

NEED FOR DYNAMIC AND OPTIMAL TREATMENT
AT THE N-OF-1 LEVEL

There are a number of terms and factors spanning drug synergy
to dose optimisation at the foundation of N-of-1 regimen
design and dosing that represent a diverse set of strategies
to personalise patient treatment. Traditionally, the standard
of care (SOC) treatment often relies on dose escalation to
achieve maximum tolerated dose (MTD), which dictates the
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appropriate dosing range from population-based medicine.
However, treatment outcomes are often patient specific and a
one-size-fits-all dosing regimen obtained from subpopulation
studies may sometimes result in unsatisfactory clinical
outcomes. Similar to MTD-based dosing, drug synergy has
also been a key criterion for combination therapy design.!**
However, recent work has shown that independent drug
activity without synergy can also result in positive treatment
outcomes.®%5"! Therefore, these and other drug combination
design studies based on the concept of drug resistance that is
non-overlapping versus synergy have added important insight
that spans beyond conventional MTD- and synergy-based
regimen development.B®

With regards to drug synergy, the aforementioned and other
works have shown that drug interactions can be patient
specific, time dependent and/or dose dependent.*%°! Further
adding to these points, the term ‘optimisation’ with regards
to patient treatment also merits attention as it can sometimes
be defined through dose escalation to find MTD. In other
studies, Bayesian optimisation has been used to predict MTD
for Phase I studies.®"! Other work has sought to assess the
context of MTD in terms of dose optimisation and to explore
if other methodologies may be appropriate.[®? Recently, there
have been emerging studies suggesting that MTD may not be
optimal for certain therapies or circumstances.!%4 In sum, it
is becoming clearer that drug interactions, optimisation and
other determinants of patient outcomes in pharmacological
intervention may be patient specific, dictated by a number
of controllable parameters (e.g. dose), and dynamic. These
findings may serve as a critical impetus towards the need for
treatment to evolve dynamically alongside patients.

It is vital to note that patients differ from themselves over
time. The right dose for a patient on a Monday might be
very different 1 hour, 1 day, 1 week or 1 month later for
the same patient. Therefore, personalised medicine, where
possible and practical, should evolve alongside the patient.
Examples of dynamically adjusted dosing have previously
been demonstrated in a clinical setting. These approaches were
developed to confront the challenges of traditional high-dose
treatment and may end up eliminating a vast majority of
the drug-sensitive population, leaving the drug-resistant
population behind, which can lead to complete treatment
resistance and failure, and eventually, metastatic disease.
To overcome this challenge, evolutionary dosing and game
theory-based approaches operate by the principle of tumour
management based on therapy that manages the population
of drug-sensitive tumour cells versus drug-resistant cells.[*>7¢!
Other strategies have included adaptive therapeutic approaches.
For instance, optimal adaptive therapeutic schedules were
identified through the combination of mathematical modelling
and dynamic optimisation, and this approach can precisely
pinpoint the optimal personal drug doses and respective
schedules for prostate cancer.’”” In a pilot clinical trial with

17 subjects, evolutionary-based models were incorporated
into the dosing of abiraterone for metastatic castrate-resistant
prostate cancer.!’® This approach led to improved median time
to progression and overall survival rate. The integration of
evolutionary- and adaptive-based therapeutic approaches may
lead to significantly improved clinical outcomes.

For the purposes of this article, we will define personalised
medicine as a dynamic process based upon the platforms
and trials described. We also acknowledge that there are
other definitions in the field based upon important findings
and trials with other platforms. It is well established that
patients vary substantially from one another. Furthermore,
the aforementioned and other approaches towards modulated
drug administration will play an increasing role in ensuring
that treatment modalities evolve alongside patients based on
longitudinal assessment of treatment response. The dynamic
and patient-specific nature of this treatment response, coupled
with emerging approaches that can harness this data at the
population- or patient-specific level to adjust care, could open
up doors to hyper-personalised intervention.

CURATE.AI AND N-OF-1 MEDICINE: USE CASES

CURATE.AI is based on a neural network-discovered
correlation that relates the inputs and outputs of a biological
system using a second-order algebraic series. Inputs can
include the drugs in a regimen as well as corresponding drug
doses. Other inputs can include digital, electrical or mechanical
stimulation, among other approaches, as well as corresponding
analogues to dosing such as magnitude. Outputs can include
clinically actionable biomarkers that reflect therapeutic
efficacy and toxicity, imaging and other quantifiable measures
of treatment outcomes [Figures 1 and 2]. The biological
system can include preclinical (in vitro, in vivo, ex vivo)
and clinical (patient) contexts. The small-scale experiments
mentioned in earlier sections have paved the way for
CURATE.Al-based retrospective studies over the years.”-81]
The retrospective studies serve to assess the feasibility of
prospective trials for CURATE.ALI help formulate hypotheses,
identify potential risk factors and assist in trial designs. Some
of these studies have progressed to clinical trials for further
validation [Table 1].

CURATE.AI is a hyper-personalised approach and treats
each patient as a discrete case. Therefore, it does not use
population-based big data to train an Al model that is then
applied to each subsequent patient. Instead, each patient’s
treatment (e.g. dose) is modulated using only their own data.
The initial dataset for each patient is based on small data and is
prospectively calibrated from scratch by the clinician through an
established dose modulation and biomarker-monitoring protocol
from which a patient-specific digital avatar is created to guide
subsequent dose recommendations [Figures 1 and 2]. In the
initial stage, the CURATE.AI team communicates the foundation
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Figure 1: CURATE.AI workflow for personalised dosing.
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Figure 2: Workflow of CURATE.AI-guided targeted therapy for Waldenstrém macroglobulinaemia in comparison with the workflow of standard of care
(SOC) targeted therapy. Al: artificial intelligence, IgM: immunoglobulin M, PO: per os

of the platform with the clinical team to formulate the design of
experiment and trial, and the feedback from the clinical team and
other stakeholders (e.g. regulator, behavioural/implementation

Table 1. Registered clinical trials on ClinicalTrials.gov.

Registration no.  Clinical trial description

NCT03832101 Digital therapeutics for cogniti\{e training scientist) is considered when refining such a multidisciplinary
:ggjgg?gg? gazr:_?éozg'c c;almcer Pertsonallstefd therapy st study.®¥ The CURATE.AI clinical trials are divided into two
A cardiorespira .ory performance optimisation phases: calibration and efficacy driven. In the calibration phase,
NCT04522284 PRECISE CURATE.AI: solid cancer therapy . . . . . ..
. k predetermined drug doses are paired with their associated clinical
NCT05376683 Hypertension personalised therapy o
NCT04848935 COR-Tx trial for post brain radiotherapy patients res.pons?s within the same treatmer'lt.c.ycle. The dose.—response
NCT05532397 Neuro-oncology combination therapy pairs will be used to generate the initial patient-specific avatar
NCT05381038 Hybrid combo and dose optimisation (gastric cancer) to guide doses in subsequent cycles during the efficacy-driven
NCT05175235 CURATE.Al immunotherapy optimisation phase. In the efficacy-driven phase, recommended modulated
NCT06240897 CURATE.Dtx as a diagnostic and management tool for doses leading to responses identified by the treatment intent are

delirium

obtained from the generated avatar. As the treatment progresses
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longitudinally, the patient-specific avatar evolves dynamically
when it is fed with new dose—response-paired data collected from
preceding cycles. The CURATE.AI dosing cycles are tailored to
match the dosing frequency in SOC. For example, in Figure 2,
the ongoing Personalised, Rational, Efficacy-Driven Cancer
Drug Dosing via an Artificial Intelligence SystEm (PRECISE)
clinical trial (NCT04522284) illustrates how a CURATE.AI
treatment is conducted for Waldenstrém macroglobulinaemia with
ibrutinib.?? The avatar provides a total dose recommendation for
a 28-day cycle. The clinician divides that total dose across the
28 days and prescribes the daily dose before the commencement of
the next cycle. The patient will take the prescribed dose once daily
according to the SOC dosing frequency. CURATE.AI has been
trialled for various indications that span oncology to digital therapy,
hypertension and transplant.['%18:19:21-23.608183-86] Tt jg jmportant to note
that the CURATE. Al workflow varies substantially from what one
might perceive an Al-driven treatment protocol to entail [Figure 3].
For example, CURATE.AI implementation is not characterised as
an Al-driven process that operates independently from the clinical
treatment team followed by re-engagement of the clinical team
to approve or reject a treatment recommendation. Instead, the
clinical team builds its own small dataset for each patient during the
prospective calibration workflow. The calculations that drive the
treatment recommendation are available at all times to the clinical
team, and the clinical team makes the final decision on whether or
not to accept the recommendation. This highly intertwined process
ensures that the decision-making process is predominantly driven
by the human in the workflow.

In standard care, dose modification under clinical oncology
guidelines is patient toxicity guided. Harnessing CURATE.AI,
our previous work has shown that patient efficacy-guided
dosing can potentially be possible through initial clinical

pilot studies. For example, in a previous study on a metastatic
prostate cancer patient, a small dataset of modulated dosing
and corresponding prostate-specific antigen (PSA) was used
to construct a patient-specific digital avatar.® This avatar
subsequently recommended a substantial dose reduction to
increase treatment efficacy. A corresponding reduction in
PSA, downstream dynamically modulated dosing and imaging
enabled and confirmed a durable response. Importantly, this work
represented a shift towards efficacy-guided dose adjustment
versus the clinical standard of toxicity-guided dose adjustment.
This also represented a paradigm shift in the clinical oncology
treatment workflow. Subsequent validation has since expanded
towards cohort-level studies for solid cancer and blood cancer,
immunotherapy, digital therapeutics, hypertension management
and other indications [Table 1]. The CURATE.AI workflow has
since advanced into clinical education resources.?!

IMPORTANCE OF USER ENGAGEMENT

Understanding the patients or users that a technology
intends to serve is a vital component of the innovation
roadmap.®% Too often, user engagement is conducted very
late in the development lifecycle or not conducted at all.
Technology-centred development can realise and validate
new innovations that can potentially outperform standard care.
However, actively addressing user experience and interface
through broader disciplines such as industrial design and, more
specifically, interaction design, among other disciplines, can
play amajor role in achieving robust and sustainable healthcare
system-wide adoption of an innovation [Figure 3].

It is important to recognise that the user of an innovation is not
always solely the patient or subject for whom an innovation
was designed to diagnose or treat. The user can also be their

Preclinical Novel Trial Clinical
Studies Design Trials
Regulator-minded Roadmap

[ Innovation ][ Technology ]

e

[ Payor-minded Development ]
Road

ADOPTION

Integration

Engage Stakeholders

Business [ Technology ]
Strategy Strategy

Figure 3: Disciplinary workflow for successful translation of ideas into real-world practice.
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caregiver, doctor, nurse, pharmacist, allied health professional
or a combination of these stakeholders.[8287:8U Properly
identifying these stakeholders, developing workflows that are
aligned with theirs and behavioural change consideration are
essential. These factors should be considered early and not
solely at the implementation phase, as it could substantially
delay or preclude translation and/or adoption [Figure 3].

TECHNOLOGY ALONE CANNOT CHANGE
HEALTHCARE

Empowering N-of-1 medicine at scale will not be catalysed
solely through technology. Importantly, innovation and
adoption are substantially different objectives, which require
an expansive range of disciplines, policy advances and other
factors to achieve the level of behavioural change needed to
drive changes in practice at the clinical and user stages, not to
mention the validated economics and value outcomes needed
at the reimbursement and subsidy stages.>%*

Nonetheless, there are a number of key considerations to be
made when developing digital health and medicine innovation
portfolios. A recurring theme in these considerations is
addressing or, at a minimum, engagement with subject
matter experts relatively early on during the development
lifecycle [Figure 3]. The following list is not exhaustive, but
summarises the key points experientially derived at the Institute
for Digital Medicine:

1. Effective communication of the foundation
(e.g. mathematical, technological, etc.) that drives
the innovation should be clearly made to workflow
stakeholders at the outset of development, validation and
onwards.

2. Workflow development should consider feedback
and viewpoints (when appropriate) from the clinical
team (doctors, nurses, pharmacists, allied health
professionals), user (patient, subject), caregiver, regulator
and payor, among other relevant stakeholders.

3. Formal user engagement studies are foundational towards
obtaining actionable guidance that can drive sustained
user adherence and adoption.

4. Design is and will continue to be a critical catalyst for
behavioural change and adoption. User experience and
user interface may be essential elements to address
in digital health/medicine innovation development.
More specifically, interaction design and relevant
domains should be considered early during technology
development.

5. Exploring applicable implementation sciences models
to facilitate real-world integration, the approaches and
frameworks that influence endpoints and strategies for
assessment may be essential during the technology
development lifecycle.”

6. Digital health and digital medicine platforms will
be essential to driving healthy behaviour adherence,
mental health solutions, access to healthcare, data

sharing and other facets of next-generation well-being.
Bridging these platforms with home use will be critical.
These aforementioned points have already catalysed
and will continue to catalyse a reimagination of our
definition of interdisciplinarity. The importance of
engaging disciplines, such as behavioural economics,
implementation sciences, architecture, built
environment, urban planning, communications and new
media, public policy, sociology, nursing, social work,
regulatory sciences, health economics and others, will
be vital.

7.  When possible, regulator engagement to understand
regulatory pathways and potential innovation in clinical
trial design should be considered. A lot of guidance is
available, and depending on the agency being engaged,
procedures for requesting regulator meetings can be
found via respective resources.

8. In addition to trial registration in established online
databases, trial protocols should be published for
transparency and, where applicable, to contribute to
ongoing discussions to advance novel trial designs.

9. Familiarisation with relevant clinical trial reporting
standards (e.g. Consolidated Standards of Reporting
Trials [CONSORT], CONSORT-AI) will be important
for downstream sharing of study findings, as well as for
transparency and compliance.

10. With technology development, deprioritising programmes
can be at least as important as prioritising programmes to
advance. Adherence, utility to stakeholders, economics,
alignment with value-based healthcare priorities and
other factors may serve as pivotal criteria from which to
base development objectives.

11. Innovation in trial design should continue to be explored.
Trial and adherence incentives should also be explored
using emerging platforms.
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