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Abstract

Reducing antibiotic treatment duration is a key stewardship intervention to
mitigate antimicrobial resistance. In this thesis, I first address methodological
issues introduced by non-adherence in non-inferiority trials, the commonest design
for antibiotic duration randomised controlled trials. I conducted a simulation study
and found that the probability of concluding non-inferiority when the treatment
efficacy is actually inferior can be increased to as high as 0.1 from the acceptable
0.05 when adherence is relatively high at 90%. The simulations also highlighted
the importance of anticipating patterns of non-adherence and accounting for
this in power calculations. These findings were incorporated in the design of
the “Reducing antibiotic treatment duration for ventilator-associated pneumonia
(REGARD-VAP)” trial. The REGARD-VAP trial randomised patients with VAP
to either a short (three to seven days) or a standard-of-care duration (eight days
or more). The primary outcome was mortality or pneumonia recurrence by day
60. From May 2018 to July 2021, 340 patients were enrolled from seven hospitals
in Nepal, Thailand, and Singapore. The second interim analysis, which included
the first 231 patients, showed non-inferiority of the short duration arm based
on a pre-defined Fleming-Harrington-O’Brien boundary. Adjusted analysis with
inverse probability weighting suggested that a short duration was potentially
superior to long duration. Lastly to examine shortened antibiotic duration as a
strategy to reduce antimicrobial resistance in the hospital setting, I constructed
agent-based models that incorporated within- and between-host dynamics of
susceptible and resistant bacterial carriage in response to clinically-indicated
antibiotic treatment. I found that shortening antibiotic duration is most effective
at reducing resistance carriage in high transmission settings, and when resistant
bacteria rapidly increase in abundance under antibiotic selection pressure and
rapidly decrease when treatments are stopped amongst the treated individuals.
A meta-analysis of antibiotic duration randomised trials showed an estimated
odds ratio of 1.05 (80% credible interval 0.90 to 1.23%) with one additional day
of antibiotic treatment. I conclude by discussing the future directions of the
above work and the REGARD-VAP trial network.
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Abstract

Reducing antibiotic treatment duration is a key stewardship intervention to mitigate
antimicrobial resistance. In this thesis, I first address methodological issues
introduced by non-adherence in non-inferiority trials, the commonest design for
antibiotic duration randomised controlled trials. I conducted a simulation study
and found that the probability of concluding non-inferiority when the treatment
efficacy is actually inferior can be increased to as high as 0.1 from the acceptable
0.05 when adherence is relatively high at 90%. The simulations also highlighted
the importance of anticipating patterns of non-adherence and accounting for this in
power calculations. These findings were incorporated in the design of the “Reducing
antibiotic treatment duration for ventilator-associated pneumonia (REGARD-VAP)”
trial. The REGARD-VAP trial randomised patients with VAP to either a short
(three to seven days) or a standard-of-care duration (eight days or more). The
primary outcome was mortality or pneumonia recurrence by day 60. From May 2018
to July 2021, 340 patients were enrolled from seven hospitals in Nepal, Thailand, and
Singapore. The second interim analysis, which included the first 231 patients, showed
non-inferiority of the short duration arm based on a pre-defined Fleming-Harrington-
O’Brien boundary. Adjusted analysis with inverse probability weighting suggested
that a short duration was potentially superior to long duration. Lastly to examine
shortened antibiotic duration as a strategy to reduce antimicrobial resistance in the
hospital setting, I constructed agent-based models that incorporated within- and
between-host dynamics of susceptible and resistant bacterial carriage in response to
clinically-indicated antibiotic treatment. I found that shortening antibiotic duration
is most effective at reducing resistance carriage in high transmission settings, and
when resistant bacteria rapidly increase in abundance under antibiotic selection
pressure and rapidly decrease when treatments are stopped amongst the treated
individuals. A meta-analysis of antibiotic duration randomised trials showed an
estimated odds ratio of 1.05 (80% credible interval 0.90 to 1.23%) with one additional
day of antibiotic treatment. I conclude by discussing the future directions of the
above work and the REGARD-VAP trial network.
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2 1.1. Background

1.1 Background

Antimicrobial resistance (AMR) is a universally recognised public health crisis. The
rise of AMR has threatened our ability to treat infections, increased risks in routine
medical procedures, and severely impeded advancements in healthcare delivery.
These dire consequences are expected to escalate as global antibiotic consumption
continues to increase, mainly driven by low-and-middle income countries.[1] This is
taking place against a backdrop of a progressively elderly and immunocompromised
patient population that is highly susceptible to infections. Beyond the direct
implications on health, the rippling e ect of AMR challenges basic human rights
targets including the United Nation's sustainable development goals such as health,
responsible consumption and production, and poverty and inequality.[2]

Human consumption of antibiotics is a major driver of AMR.[3] Reducing unneces-
sary antibiotic use is thought to be the crux of mitigating AMR. Increasing calls to
view antibiotics as a nonrenewable resource gave rise to systematic and evidence-
based antibiotic stewardship programmes in the early 2000s.[4] The key antibiotic
stewardship strategies can be broadly categorised as i) starting antibiotic treatments
only when a bacterial infection is clearly indicated, ii) administering the optimal
choice and dosing of antibiotic by considering the host, site of infection, pathogen,
and pharmacokinetic/pharmacodynamic properties of the drug, and iii) limiting
duration of treatment.[5 7] These programmes are strongly advocated by the World
Health Organization (WHO) and international infectious disease authorities.

Reducing antibiotic treatment duration is one of the most commonly implemented
antibiotic stewardship strategies reported in the literature,[8] and the one that is
deemed to be safest and most acceptable by practicing clinicians.[9] This includes
shortening courses for established bacterial infections, as well as rapid discontinua-
tion of prescriptions after bacterial infections are ruled out. Numerous randomised
trials, which have used either clinical criteria or in ammatory markers to aid in
diagnosis and determine treatment response, have concluded that short treatment
approaches for common bacterial infections are non-inferior to longer treatment
courses in terms of clinical outcomes (Section 1.3).

This thesis focuses on optimising antibiotic treatment duration as an intervention to
reduce AMR, one of the most practical and fundamental questions of antibiotic use.
In this introductory chapter, | o er a comprehensive background on how antibiotic
treatment durations for common bacterial infections have been de ned, highlight
the inherent challenges, and propose solutions. These will in turn form the rationale
for the rest of the thesis. | also brie y cover the fundamental groundwork which
enabled the research described in this thesis the establishment of an inclusive
multinational clinical research network, which comprises sites from AMR hotspots
typically underrepresented in the literature but which bear the heaviest burden of
AMR.
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1.2 A historical perspective on antibiotic treat-
ment duration

Prior to heightened concern about AMR, the conventional principle for duration

of antibiotic therapy was to treat beyond clinical improvement in order to prevent
both relapse of infection, and, counter to the tenet of this thesis, development
of antibiotic resistance. The message of always completing antibiotic courses to
prevent the development of resistance has remained widespread until recent years,
promoted by the WHO, international health authorities, national health campaigns
and school curricula.[9, 10]

Early knowledge about treatment failures with inadequate antibiotic duration
emerged in the 1940s when penicillin was rst used in clinical medicine. Abraham
et al. reported in detail a case series involving patients with staphylococcal and
streptococcal sepsis.[11] This was during a time when penicillin was produced in
limited amounts locally in the laboratory and repeated doses of the drug were
recovered from the patients' urine. Patients who initially responded to treatment
eventually succumbed due to insu cient availability of drugs. When mass production

of penicillin became available in mid-1940s, Keefet al. found that the majority

of 500 patients with community-acquired pneumonia recovered with only two to
three days of penicillin.[12] In the following years, Dawson, Tillett, Meadst al.
con rmed these ndings,[13 15] but reported two instances of relapses.[15] They also
identi ed the subgroups of patients who might require longer treatment duration,
who were primarily those with pockets of pus such as empyema and local or systemic
immunocompromised illnesses such as chronic obstructive pulmonary disease.[13]
These potentially life-threatening treatment failures, coupled with the observation
that antibiotic side e ects were rare, drove the recommendations for community
-acquired pneumonia to be ten to fourteen days until the early 2000s.[16 18]

Concerns about the development of antibiotic resistance with inadequate treatment
were voiced initially by Fleming as he observed bacteria exposed to antibiotiosvitro
become increasingly resistant.[19] His warning during his Nobel Prize acceptance
speech that underdosing may promote resistance is highly cited. This is further
supported by more recenin vitro models with Streptococcusspp., which reported
that suboptimal antibiotic treatment may select for penicillin resistance.[20] Similar
evidence from tuberculosis also showed that resistance seemed to arise within-host
due to inappropriate treatment such as monotherapy or underdosing from patient
non-adherence and pharmacokinetic variability.[21]
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1.3 Systematic review of antibiotic duration ran-
domised trials

The spotlight on excessive antibiotic use driving AMR in the late 1990s sparked
numerous randomised controlled trials to shorten treatment duration. The majority

of these trials used a non-inferiority design to challenge the standard-of-care treat-
ment durations. Aside from directly comparing treatment durations, in ammatory
markers such as C-reactive protein and procalcitonin, and individualised expert
opinion such as infectious disease specialist consultations have also been used as
trial interventions.[22]

To gain an in-depth understanding of the evidence base for antibiotic treatment
duration, | performed a systematic review of all antibiotic duration randomised
controlled trials performed to date. The speci c objectives were to:

i) review antibiotic treatment durations for the various bacterial infections;

ii) identify gaps in evidence for antibiotic treatment durations in terms of settings,
patient populations and infectious conditions;

iii) appraise trial methodologies and identify areas for improvement.

1.3.1 Methods

The systematic review was performed in accordance with the Preferred Reporting
Items for Systematic Reviews and Meta-Analysis (PRISMA) guidelines.[23] Ran-
domised controlled trials published up to 10 August 2021, and indexed in MEDLINE
and EMBASE were sought.[24] Unpublished studies and pre-prints were excluded.
The speci c inclusion criteria were as follows:

i) Participants : Patients from both hospital and community settings who
received antibiotics for the prevention or treatment of bacterial infections.

i) Intervention : Varying duration of antibiotic treatment. The speci c inter-
ventions which were used to guide treatment duration may include the use of
in ammatory markers, expert opinion or electronic prescription systems.

iii) Comparison : Patients who received antibiotic(s) of di erent durations.
iv) Primary or secondary outcome(s)
a. Clinical cure : Number of patients who had clinical or microbiological

cure, or infection relapses, or treatment failure.

b. Colonisation : Number of patients who were colonised with antibiotic-
resistant bacteria before and after antibiotic treatment. The sites of
colonisation may include, but are not limited to, the digestive tract,
respiratory tract, or urinary tract.
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The exclusion criteria were:

i) Participants : Patients with non-infectious conditions; fungal or viral infec-
tions; tuberculosis.

i) Comparison : Patients who received no antibiotic treatment, e.g. comparison
between antibiotic treatment and a surgical procedure; patients who received
a similar antibiotic in a slow-release formulation.

iii) Outcome : Feasibility for study intervention such as in pilot studies.

A Boolean search strategy with search terms pertaining to antibiotic treatment,
duration, bacteria infections, human health, and randomised controlled trials was
adopted (Table 1.1). Additional relevant titles found in other systematic reviews
were also included.

After removing duplicates, the identi ed studies were screened according to the
above inclusion and exclusion criteria. Full text for all studies included in the
systematic review were retrieved for data extraction. Data extracted from all
included studies were:

I) year of publication;
i) type of bacterial infection including pathogen and site of infection;
iii) treatment durations compared;
Iv) blinding of participants, prescribing physicians and investigators;
V) intervention to vary treatment duration;
vi) healthcare setting;
vii) age group of participants; and

viii) country/countries where patients were enrolled from.

Additional data were extracted from trials conducted in the last 15 years (2006
onwards) to evaluate the methodologies and quality of trial conduct. These
additional data extracted included:

I) study hypothesis and sample size calculation;

i) how the bacterial infection was identi ed as described in the inclusion criteria;
iii) choice of antibiotic treatment;
iv) randomisation process;

v) follow-up period,;
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vi) funding;

vii) non-adherence and how this was monitored,;
viii) analysis methods;

IX) primary outcome;

x) whether antibiotic side e ects and other health-economic outcomes were
reported.

For randomised trials published in the past 15 years, studies which were adequately
powered, i.e. reached the target enrolment number, were further assessed according
to the key domains outlined in the revised tool for assessing risk of bias in randomised
trials (RoB 2).[25] These domains included risk of bias arising from the randomisation
process, deviations from the intended interventions, measurement and quality of
outcome data, and selection of the reported result. In addition, quality of the
statistical analysis was assessed by considering sample size calculations, choice of
non-inferiority or equivalence margins and appropriateness in the choice of outcome.
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Database Search terms
((antibiotic) AND (infection)) AND (weeks[Title])

Filters : Randomized Controlled Trial, Humans, 1920 2021

Details : (((((((("anti bacterial agents"[Pharmacological Action] OR "anti-bacterial agents"
[MeSH Terms]) OR ("anti bacterial"[All Fields] AND "agents"[All Fields])) OR "anti bacterial
agents"[All Fields]) OR "antibiotic"[All Fields]) OR "antibiotics"[All Fields]) OR "antibiotics"[All
Fields]) OR "antibiotical"[All Fields]) AND ((((((CC((C((C((((((("infect" [All Fields] OR "infectability"

MEDLINE [All Fields]) OR "infectable"[All Fields]) OR "infectant"[All Fields]) OR "infectants"[All Fields])
OR "infected"[All Fields]) OR "infecteds" [All Fields]) OR "infectibility"[All Fields]) OR "infectible"
[All Fields]) OR "infecting"[All Fields]) OR "infections" [All Fields]) OR "infections"[MeSH
Terms]) OR "infections"[All Fields]) OR "infection"[All Fields]) OR "infective"[All Fields]) OR
"infectiveness" [All Fields]) OR "infectives"[All Fields]) OR "infectivities"[All Fields]) OR "infects"
[All Fields]) OR "pathogenicity"[MeSH Subheading]) OR "pathogenicity"[All Fields]) OR "infectivity"
[All Fields])) AND "weeks"[Title]

((antibiotic) AND (infection)) AND (days|[Title])

Filters : Randomized Controlled Trial, Humans, 1920 2021

Details : (((((((("anti bacterial agents"[Pharmacological Action] OR "anti-bacterial agents"
[MeSH Terms]) OR ("anti bacterial"[All Fields] AND "agents"[All Fields])) OR "anti bacterial
agents"[All Fields]) OR "antibiotic"[All Fields]) OR "antibiotics"[All Fields]) OR "antibiotics"[All
Fields]) OR "antibiotical"[All Fields]) AND (((((((C((C((C((((((("infect" [All Fields] OR "infectability"
[All Fields]) OR "infectable"[All Fields]) OR "infectant"[All Fields]) OR "infectants"[All Fields])
OR "infected"[All Fields]) OR "infecteds" [All Fields]) OR "infectibility"[All Fields]) OR "infectible"
[All Fields]) OR "infecting"[All Fields]) OR "infections" [All Fields]) OR "infections"[MeSH
Terms]) OR "infections"[All Fields]) OR "infection"[All Fields]) OR "infective"[All Fields]) OR
"infectiveness" [All Fields]) OR "infectives"[All Fields]) OR "infectivities"[All Fields]) OR "infects"
[All Fields]) OR "pathogenicity"[MeSH Subheading]) OR "pathogenicity"[All Fields]) OR "infectivity"
[All Fields])) AND "days"[Title]

((antibiotic) AND (infection)) AND (duration)

Filters : Randomized Controlled Trial, Humans, 1920 2021

Details : (((((((("anti bacterial agents"[Pharmacological Action] OR "anti-bacterial agents"[MeSH Terms])
OR ("anti bacterial"[All Fields] AND "agents"[All Fields])) OR "anti bacterial agents"[All Fields]) OR
"antibiotic"[All Fields]) OR "antibiotics"[All Fields]) OR "antibiotic s"[All Fields]) OR "antibiotical"[All
Fields]) AND (((CCCCCCccccccccc(infect [All Fields] OR "infectability"[All Fields]) OR "infectable"[All
Fields]) OR "infectant"[All Fields]) OR "infectants"[All Fields]) OR "infected"[All Fields]) OR "infecteds"
[All Fields]) OR "infectibility"[All Fields]) OR "infectible"[All Fields]) OR "infecting"[All Fields]) OR
"infections"[All Fields]) OR "infections"[MeSH Terms]) OR "infections"[All Fields]) OR "infection"[All
Fields]) OR "infective"[All Fields]) OR "infectiveness"[All Fields]) OR "infectives"[All Fields]) OR
"infectivities"[All Fields]) OR "infects"[All Fields]) OR "pathogenicity"[MeSH Subheading]) OR
"pathogenicity"[All Fields]) OR "infectivity"[All Fields])) AND ("duration"[All Fields] OR "durations"

[All Fields])

antibiotic AND infection AND week*:ti AND [randomized controlled trial]/lim AND [1920 2021]/py
AND 'human'/de

antibiotic AND infection AND day*:ti AND [randomized controlled trial]/lim AND [1920 2021]/py
AND 'human'/de

antibiotic AND infection AND duration AND [randomized controlled trial]/lim AND [1920 2021]/py
AND 'human'/de

EMBASE

Table 1.1: Search terms used in the literature review.
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1.3.2 Results
Overview of antibiotic treatment duration randomised trials

The initial electronic database search produced 3517 unique records published from
1969 to August, 2021 (Figure 1.1). Out of these, 283 ful lled the inclusion criteria.
Eighty-seven percent (247/283) of the trials concluded that there was either no
statistical di erence, equivalence or non-inferiority between the short and long
treatment durations when clinical outcomes were compared. The median number of
study participants randomised in the trials was 230 (IQR 100 to 448). Eighty-eight
(31%) of the trials were double-blinded.

The most frequently studied bacterial infections were upper and lower respiratory
tract infections (51 trials accounting for 18% and 61 trials accounting for 22% of the
total number of trials respectively), genitourinary infections (49 trials, 17%), and
post-surgical prophylaxis (46 trials, 16%) (Figure 1.2). Eighteen trials (6%) studied
conditions with an infection focus that required surgical removal or debridement,
and in 10 of these trials (10/18, 56%) the protocol mandated satisfactory source
control in addition to antibiotic treatment.

In terms of patient characteristics, the most frequently represented groups consisted
of adults from either the hospital general ward or the community in upper and upper-
middle income countries (Figure 1.3). Only 23 (8%) of the trials were conducted in
intensive care settings, and 35 trials (12%) enrolled patients from lower-middle or
low income countries.

Favoured trial designs and methodologies have evolved with time (Figure 1.3).
Prior to 2004, the antibiotic treatment duration trials exclusively tested various
arbitrary durations. Starting in the late 2000s, biomarkers such as procalcitonin
and C-reactive proteins were increasingly studied, but there has been a decrease in
such studies since the mid-2010s. Another type of intervention that has emerged
in recent years is the use of treatment protocols incorporating antibiotic stopping
rules to terminate treatment according to individual clinical response.

Trial designs have shifted from superiority, which accounted for 74% (178/242) of
trials prior to 2016, to non-inferiority trials, which accounted for 81% of all antibiotic
duration trials conducted in the last ve years (33/41 trials). The populations of
study participants analysed for the trial hypothesis have also changed from only the
intention-to-treat group (135/242 trials, 56%) prior to 2016 to also including the
per-protocol participants (25/41 trials, 61%) in the last ve years. The intention-to-
treat analysis includes all participants who are randomised according to the group
they were originally allocated to, regardless of the actual treatment they received.
The per-protocol analysis includes only those patients who received the originally
allocated treatment.
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Figure 1.1: PRISMA ow diagram for systematic review on antibiotic duration
randomised trials.
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Figure 1.2: Types of bacterial infections studied by antibiotic duration
randomised trials over time. The top panel shows the total number of published
randomised trials per year from 1969 to 2021. The bottom panel shows the number of
trials for each type of infection over time. The shading intensity of the green squares
represents the number of trials per year.

Figure 1.3: Characteristics of antibiotic duration trials over time. Each panel
is labeled with a trial characteristic. These characteristics include i) age group of the
trial participants, ii) the healthcare setting which the participants were enrolled from, iii)
the minimum income level of the country/countries where the participants were enrolled
from, iv) the type of intervention studied in the trials, v) the trial hypothesis design, and
vi) the participant populations which the nal conclusion of the trials were based on.
ITT: intention-to-treat; PP: per protocol. Proportion of the trials published each year
with a certain characteristic (y-axis) is plotted against the year of publication (x-axis) to
illustrate the changes in these trial characteristics over time.
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Quiality of trial design, conduct and analysis

Intervention

Of 115 trials published in the last 15 years, 58 (50%) had included multiple antibiotic
regimens within the randomisation arms. These included all of the trials using
biomarkers and antimicrobial stewardship as the intervention. An additional 23
trials (20%) compared di erent antibiotics between the short and long arms, such as
5-day nitrofurantoin vs single-dose fosfomycin for the treatment of uncomplicated
urinary tract infection.[26] In 52 trials (46%), the antibiotics prescribed were culture-
directed, while the rest were empirical.

Twenty-eight trials (24%) were double blinded. These were trials that administered
only one or two types of antibiotic treatment to the participants. Twenty-three
trials (20%) were funded by a pharmaceutical or diagnostics company. Amongst
these industry-funded trials, ve studied a biomarker as the intervention while all
others studied a particular type of antibiotic sponsored by the company.

Adherence to intervention and study population analysed

The sample sizes and analysed participant populations are shown in Figure 1.4.
In 59 trials (59/115, 51%), randomised patients were left out of the nal analysis
(median 4% with IQR 2 to 9%). The commonest reasons for exclusion of these
participants were protocol deviations, loss to follow-up, and consent withdrawal.

Eighty-three trials (72%) reported participants' adherence to randomised interven-
tion. Adherence was reported in terms of either the proportion of participants
who consumed a certain threshold of the antibiotic doses (frequently a criterion
for per-protocol population) or the mean antibiotic duration actually observed in
the respective randomisation arms. Forty- ve out of those trials that reported
a measure for adherence (45/83, 54%) reported participants from the short arm
crossing over to the long arm (median 9%, IQR 0 to 15%). On the other hand, 44
trials (44/83, 53%) reported participants from the long arm crossing over to the
short arm (median 7%, IQR 0 to 9%).

Ninety-four percent of the trials that reported the per-protocol humber of partici-
pants had non-adherence (63/67). The mean proportion of non-adherent participants
was 13% (IQR 7 to 21%). Forty-six trials reported the actual treatment durations
observed in the respective randomisation arms. The di erence between the actual
and the intended treatment durations stated in the protocol ranged from 4 to 2
days (mean of 0 days). The commonest methods for adherence monitoring were
medical chart review (46/83 trials, 55%) and self-reporting (20/83 trials, 24%).

Outcome assessment

One hundred and nine trials (95%) speci ed a follow-up period for the primary
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Figure 1.4: Comparison of randomised, analysed and per-protocol trial
participants in antibiotic duration trials 2006 2021. One hundred and four
antibiotic duration randomised trials are presented in the graph. Each horizontal bar
represents a unique trial. One trial published within the period 2006 2021 with a sample
size of more than 3000 participants is not shown on the graph to ensure visibility of the
bars plotted from other trials. The green bars on the left represent trial participants
who were randomised to the long duration arm; the gold bars on the right represent
participants randomised to the short duration arm. The shade of the colours represents
di erent populations of trial participants: the widest bars on each row represent the
number of participants randomised in each trial (lightest colours); followed by the number
of participants who were reported to be per-protocol; the darkest shades represent the
number of participants who crossed over to the opposite arm.

outcome. In seven of these trials, follow-up periods were during hospitalisation or till
the end of treatment. The median follow-up period was 28 days (IQR 15 to 40 days).

One hundred and ten trials (96%) speci ed a primary outcome. Most used clinical
recovery, infection recurrence, microbiological eradication or mortality as the primary
outcome (96/115, 83%), while the others used antibiotic duration or length of
hospital stay. Ninety trials (78%) included at least one primary outcome which
was subjective, and in only 26 (23%) were the assessors determining the outcome
blinded to the randomisation arm. Ten trials (9%) used a composite outcome.

The overall mortality reported in the trials was low (median 0%, IQR 0 to 2%).
Fifty-six trials (49%) reported the frequency of observed antibiotic side e ects.
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Similarly, fty-six trials (49%) took follow-up samples from the participants to
check for clearance or newly-acquired AMR bacteria at the sites of infection. Fifty
trials (43%) reported a health-economic outcome, the most common being length of
hospital stay (42/50, 84%). Only ve trials (3%) took surveillance cultures during
follow-up to assess for emergence of resistant bacteria colonisation.

Non-inferiority margin

About half of the trials used a non-inferiority design (61/115, 53%). Out of
these, 55 reported a non-inferiority margin (90%) and all except one used absolute
di erence between the observed outcomes in the randomisation arms to calculate
trial estimates. The mean non-inferiority margin was 10%, ranging from 0.35% to
25%. Figure 1.5 shows the observed proportion of trial participants who su ered
negative clinical outcomes reported in these non-inferiority trials. Ninety-eight
trials (85%) reported fewer than 10% of trial participants having a negative clinical
outcome.

Bias assessment

Sixty-two trials (62/115, 54%) reported sample size calculations and completed
enrolment. Assessment of the trials with the RoB2 tool identi ed 24 (39%), 34
(56%), and 4 (7%) trials to be at high risk, with some concerns, and low risk of
bias respectively. The reasons which led to most studies being classi ed as having
high risk of bias was because many of these trials were unblinded, su ered from a
high degree of non-adherence or cross-overs, and that the analysis failed to account
adequately for non-adherence (domain 2). These factors could potentially bias the
trial estimates.
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Figure 1.5: Trial estimates and respective non-inferiority margins in antibiotic

duration non-inferiority trials. Each vertical bar represents a unique comparison
between a long and a short duration. Fifty-eight comparisons are shown from 54 non-
inferiority trials which reported clinical outcomes as the primary outcome. The bars
represent the absolute di erence in proportion of participants with negative clinical
outcome in each comparison (point estimates calculated by the proportion of participants
with negative outcome in the short arm minus that in the long arm). The light coloured
bars represent trial comparisons that did not meet the target sample size. Trial comparisons
that failed to conclude non-inferiority are marked with a red asterisk. These are the trials
in which the upper bound of the con dence intervals crossed the non-inferiority margins.
None of the trials concluded that a short duration was superior to long duration based on
the primary outcomes. The dashed black line represents the non-inferiority margins.

Impact of antibiotic treatment duration trials on clinical guidelines

Well-conducted randomised controlled trials are considered the gold standard in
empirical biomedical research, and help to establish clinical practice guidelines. Some
successful examples for de ning antibiotic treatment duration include community-
acquired pneumonia, uncomplicated urinary tract infection, and post-surgery
prophylaxis, which have been widely studied with randomised trials over the
years (Figure 1.6). Antibiotic treatment duration for these infections has been
reduced to three to ve days for community-acquired pneumonia,[27] three days
for uncomplicated urinary tract infection,[28] and a single dose for post-surgery
prophylaxis.[29]
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However, there are also conditions in which the practice guidelines have continued
to support long treatment duration despite numerous randomised trials showing

non-inferiority of a short course in terms of clinical outcomes. The reasons for this
are varied and can be illustrated with the following examples:

In acute group A streptococcal pharyngitis, though the clinical cure rate was
similar between ve and 10 days of penicillin V,[30] bacterial eradication was
found to be consistently lower with a shorter treatment regimen.[31] Bacterial
eradication is important in the treatment of group A streptococcal pharyngitis
due to the potential immune sequelae including acute rheumatic fever and
rheumatic heart disease, a leading cause of cardiovascular morbidity and
mortality worldwide.[32]

In the treatment for bacterial sinusitis, it has been shown in over a dozen
randomised trials that there was no di erence in response or relapse rates
between fewer than six days and longer courses of antibiotics.[33] However, the
heterogeneity in the trials in terms of symptom duration prior to enrolment
and use of adjunctive medications led the guidelines to advise an arbitrary
intermediate range of 5 to 7 days of treatment in adults.[34, 35] The recom-
mendation for children remains at 10 to 14 days due to the lack of robust
randomised trial data.

Treatment duration for meningitis has mainly been studied in neonates and
children. A previous meta-analysis published in 2009 found that four to seven
days was similar to seven to 14 in terms of clinical cure rate.[36] Again, this
failed to shift the practice guidelines, as important methodological issues
were found in these trials including lack of blinding, small sample sizes,
and relatively short follow-up. In addition, there was high variability in
the causative pathogens in these trials. Despite one trial having over 1000
participants, it was deemed underpowered for interpreting organism-speci ¢
outcomes.[37, 38]
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Figure 1.6: Antibiotic duration trials classi ed by bacterial infection syn-

dromes. Each panel presents trial results for a type of bacterial infection. The number
of trials included in each panel is shown in brackets. The vertical lines joining the
points in each plot represent the durations compared in each trial. Red, black, and
green vertical lines denote trials that concluded that long duration was superior, no
di erence or non-inferiority, and short duration superior, respectively, in terms of clinical
outcomes. Solid vertical lines show the durations allocated to the study participants.
Dotted vertical lines show the actual duration observed during the trial. Abbreviations:
CAP - community-acquired pneumonia, VAP - ventilator-associated pneumonia, COPD -
chronic obstructive lung disease, BSI - bloodstream infection, DM - diabetes mellitus, OM
- osteomyelitis, UTI - urinary tract infections. The single trial shown in Gram positive
BSI panel studied StaphylococcusBSI. The typhoid fever panel includes duration trials
for both complicated and uncomplicated typhoid fever.
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There remain gaps regarding relatively common conditions such as Gram-negative
and Staphylococcus aureubloodstream infections and ventilator-associated pneu-
monia caused by non-fermenting Gram-negative bacilli. The existing guidelines for
these infections are based on weak or moderate evidence mainly from observational
studies.[39, 40]

1.4 Considerations for de ning antibiotic treat-
ment duration

Increasing duration of antibiotic treatment conventionally decreases treatment
failure, but this has to be balanced against more side e ects, higher costs, and
resistance selection. We can de ne optimal duration formally as one that minimises
loss of quality-adjusted life years (QALY) (Figure 1.7). The ideal duration is hence
the point where the combined QALY loss from treatment failure and side e ects is
minimised. De ning this optimal duration is challenging when treatment response
and associated costs are context-speci ¢ and di cult to pinpoint.

The above systematic review has highlighted the key issues in the current antibiotic
duration literature, which inadvertently introduced uncertainties in estimating both
treatment response and costs. These issues threaten the trials' generalisability
and internal validity in guiding decisions on treatment duration. Understanding
these pitfalls and their impact on biasing trial estimates are critical rst steps in
designing future studies. In the following sections, | highlight these pitfalls using
illustrative examples from the systematic review.

1.4.1 Evaluating treatment response

To precisely estimate treatment response, there need to be clear causal pathways
between the disease, treatment and the monitored outcome. As with most dis-
eases, there are substantial variations between patients' individual physiology and
immunology systems and external environment, leading to di erent short- and
long-term responses to the same treatment. Randomised trials address this by
considering the average response from groups of patients who are allocated the
same treatments within-group. However, there are features unique to bacterial
infections that may reduce the strength of causal relationships between disease
de nition, treatment, and outcome.

I) Disease de nition

De ning disease by anatomical site Dierent bacteria may lead to
disease at the same anatomical site, e.@Gtaphylococcusbloodstream
infection may be caused bystaphylococcus aureysvhich is associated
with relatively high mortality and morbidity, or coagulase-negative
Staphylococcuswhich is usually considered a contaminant and does not
require antibiotic treatment. Considering both organisms in the same
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1.4. Considerations for de ning antibiotic duration

Figure 1.7: Considerations in de ning antibiotic treatment duration. During
antibiotic treatment, a patient is expected to recover, and quality-adjusted life years
(QALY) lost due to treatment failure decreases with time (indicated by the yellow line
labelled f (x)); QALY lost due to side e ects, costs of antibiotic treatment, and resistance
selection increase with treatment duration (indicated by the brown line labelled b(x)).
The optimal antibiotic treatment duration is the x value that minimises f (x) + b(x). The
translucent areas represent the uncertainties in quantifying these variables. Uncertainties
in quantifying f (x) and b(x) can be introduced by study design, and by poor trial conduct.

randomised trial will introduce large variations in treatment response
among participants allocated the same antibiotic duration.[41]

De ning disease by bacteria The same bacterial infection may lead to
diseases of varying severity or disseminated disease involving di erent
anatomical sites, e.g. staphylococcal skin and soft tissue infection may
remain localised but may also be complicated by invasive bloodstream
infection leading to systematically disseminated infection. Treating both
localised and disseminated disease with the same antibiotic duration is
expected to lead to vastly di erent treatment responses.[42]

Lack of diagnostics to di erentiate bacterial infection from viral or non-
infectious conditions Many bacterial infections involve anatomical sites
which are not normally sterile, such as the respiratory or urinary tracts.
"By-stander' bacteria, which form the healthy microbiome, cannot be
easily di erentiated from true pathogens. From the above systematic
review, only 15% (43/283) of the antibiotic duration trials studied
infections involving sterile sites. In addition, many studies enrolled
patients based on clinical symptoms that are non-speci c to bacterial
infections. Examples include bacterial exacerbation of chronic obstructive
pulmonary disease,[43] fast-breathing pneumonia in children,[44] and
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ventilator-associated pneumonia.[45] This may result in a substantial
proportion of patients who may not have any bacterial infection being
enrolled into the trial.

i) Treatment

A

Multiple antibiotic regimens Frequently there are multiple antibiotic
regimens that can be used for the same infection. Seventy- ve out of
115 trials (65%) in the systematic review had either various antibiotic
regimens within the same randomisation arm or between the arms. This
is because clinically, the treatment choice is based on the susceptibility
pro le of the bacteria, pharmacokinetic/pharmacodynamic properties,
site of the infection, side e ects pro le, cost, and availability of the drug.
Further variations are introduced when the initial antibiotic choice is
often empirical, based on historical antibiogram data, and then later
adjusted according to the microbiology susceptibility report.

Source control as a key treatmentWhen infections progress to cause
tissue damage and form foci of pus and bacteria, the more e ective
immediate treatment is source control (if the foci are accessibly surgi-
cally). Antibiotics act as adjunctive treatments. When applicable, the
protocol should require adequate source control as part of the treatment
intervention in all randomisation arms.

Non-adherence to allocated durationNon-adherence is ubiquitous in
randomised trials. Unique to duration trials, non-adherence to allocated
intervention often results in the participants crossing over from the short
to long duration arm and vice versa. This direct cross-over was reported
in over half of the 85 trials which reported a measure for adherence. An
illustration of the impact of non-adherence in duration trials is the study
by Arguedaset al.,[46] which compared single-dose extended-release
azithromycin versus a 10-day regimen of amoxicillin/clavulanate for the
treatment of children with acute otitis media. Adherence was found to be
poor in the 10-day arm (88%) while adherence in the single-dose arm was
ensured by direct observation in the clinics (100%). The trial concluded
that the two duration arms are equivalent, with 81% of children in the
single-dose and 85% of children in the 10-day group (95% con dence
interval 10to 3) responding clinically, even though more in the 10-day
group had bacterial eradication (83% in the single-dose group versus
92% in the 10-day group). The authors considered the poor adherence
in the long duration arm to be evidence justifying a shorter duration.
However, if adherence to the 10-day regimen was improved there could
have been a wider di erence between the two regimens, favouring the
longer treatment. The superiority of longer treatment in acute otitis
media in children was subsequently shown in a later trial.[47]

Di culties in blinding duration : The majority of the trials were unblinded
because the study participants required di erent antibiotic treatments
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that catered to individuals' comorbidities and pathogens' antibiotic
susceptibilities. The prescribing physicians' personal perception and
practices on treatment duration will in uence their, and potentially the
patients', adherence to the allocated duration.

i) Outcome

Choice of outcome In bacterial infections, the relevant trial outcomes
could include immediate cure or long-term recurrence and relapse, mi-
crobiological eradication, and antibiotic consumption. The choice of
outcome will in uence the sample size calculation. Hence, meeting the
sample size criterion based on one outcome may not produce adequate
power to make meaningful conclusions for another. For example, in a trial
in which the intervention is using procalcitonin,[48, 49] the sample size
required to demonstrate reduced antibiotic use is usually not adequate
to show a di erence in clinical outcomes that tend to be more rare.

Follow-up period Many duration trials assess recurrence or relapse as an
outcome.[45, 50] The di erential time period during which these episodes
were assessed and the potential for erroneous classi cation of persistent
colonisation as recurrent infection may bias the short arm to appear to
su er more relapses or recurrences compared to the long arm. This was
cited as a potential reason behind the reported association between Gram-
negative non-fermenting bacilli and recurrences in ventilator-associated
pneumonia antibiotic duration trials.[40]

Blinding of outcome assessment to allocatiorin the systematic review,
85% of trials used a subjective outcome, e.g. clinical symptom resolution
or recovery. Because duration trials are often unblinded, these subjec-
tivities in outcome determination may be biased when the assessors are
aware of the allocation arm.

1.4.2 Determining non-inferiority

The majority of antibiotic duration trials in recent years have used a non-inferiority
design. This is because the existing standards of care for many bacterial infections
have been established and demonstrated to be highly e cacious, making demon-
stration of superiority against standard of care implausible, and placebo control
trials without any active comparators unethical to perform.[51, 52]

Non-inferiority trials compare the short with the standard treatment duration against

a margin which the investigators are willing to sacri ce in terms of treatment e ects,
to reap bene ts such as cost savings or reduced side e ects. A short treatment can
be shown to be non-inferior if its e ect is 'no worse than' the standard duration
by this margin of tolerance when compared to the standard duration. All of the
issues highlighted in the earlier section (Section 1.4.1) can potentially lead to the
e ects of the two duration arms appearing more similar, and thereby increase the
probability of demonstrating non-inferiority of the short arm even when the short
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duration is actually inferior in clinical e cacy.

Another important consideration in the design of an antibiotic duration trial is
deciding whether the primary interest is in e cacy, de ned as the performance of
an intervention under ideal and controlled circumstances, or e ectiveness, which
refers to its performance under “real-world' conditions.[53] To maximise the chance
of estimating e cacy, the included patients will have to be highly selected and
relatively homogeneous. On the other hand, a focus on e ectiveness may allow the
inclusion criteria and intervention to be less stringent. Hence in e ectiveness trials,
external factors from the patients, prescribers and the wider healthcare system are
incorporated, which might moderate the intervention's e cacy. The limitation of
this latter approach is that the ndings may not be easily generalisable in another
setting when the systemic and adherence patterns are di erent.

The choice of non-inferiority margin is a subject of debate across various elds
of medicine and is widely discussed in guidelines.[51, 54, 55] The non-inferiority
margin is usually de ned with prior knowledge of the standard-of-care treatment's

e cacy compared with a placebo, and consensus from subject matter experts.[52]
With antibiotic duration trials, placebo control trials are frequently lacking, and

the e cacy of standard-of-care treatments increases with time due to improvements
in general healthcare delivery.[56] In addition, the actual event rate in the trial
should also be monitored and compared against that used in the power calculations.
The systematic review showed that 31% of the antibiotic duration non-inferiority
trials reported a very low event rate of< 10%. A lower than expected event rate
can lead to insu cient power, favouring non-inferiority.[57]

1.4.3 Quantifying individual and population cost of antibi-
otic use

The penalties of prolonged antibiotic courses are the side e ects and associated costs
for both treated individuals and the population. Direct side e ects of antibiotics for
the treated individuals include allergies, kidney and liver injuries, and opportunistic
infections such aClostridium di cile colitis. Though mostly mild, these side e ects
are not infrequent and have been reported in up to 20% of hospitalised patients
who received antibiotics.[58, 59] At a population level, the hypothesis that limiting
antibiotic duration leads to a reduction in AMR remains unproven. Previous large
population-level observational studies have shown that trends between specic
antibiotic exposure and AMR are not always predictable,[60, 61] likely due to the
heterogeneity of the interventions and outcome measures.

As noted in the systematic review, the majority of antibiotic duration trials

investigated the short-term clinical outcomes of reduced antibiotic duration on
individual patients, but few followed up on treated patients to determine subsequent
AMR colonisation or infection. This is echoed by earlier reviews of studies attempting
to quantify the impact of stewardship strategies, which found that microbiology
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outcomes are seldom reported, especially those from longer term follow-ups.[8]

1.5 Thesis outline

The above appraisal of the antibiotic duration literature yields several key ndings.
Firstly, antibiotic duration trials have been successful in shortening treatment
duration for some bacterial infections such as community-acquired pneumonia and
urinary tract infections. However, gaps remain, especially for conditions associated
with higher mortality, critically ill patients and patients from low-middle income
countries.

Secondly, non-inferiority is the most commonly adopted design for antibiotic duration
trials. When designing antibiotic duration non-inferiority trials, investigators should
be cognizant of the features concerning disease de nition, treatment, and outcome
assessment that may result in outcomes in the randomisation groups appearing
more similar, as these will increase the probability of demonstrating non-inferiority.
Focusing on e ectiveness may be more informative than e cacy in many instances,
e.g. using a set of inclusion criteria that is more sensitive than speci c may
be more re ective of real-world practice. However, lapses in the conduct of the
trial, such as non-adherence, are potentially not generalisable, and should be
minimised. Non-adherence in non-inferiority trials, though commonly reported,
is not adequately addressed in terms of analysis methods and reporting from
international guidelines.[51, 54]

Lastly, there is limited evidence to show the e ectiveness of shortening antibiotic
duration in reducing AMR. The e ect of treatment duration on the development
and spread of AMR is expected to vary due to multiple pathogen, host, and
environmental factors. A clear theoretical rationale for the approach is lacking.

This thesis investigates the above issues with a multifaceted approach, using skill
sets from statistics, causal inference, mathematical modelling, and the design and
implementation of randomised controlled trials.

Chapter 2: Statistical considerations in non-inferiority trials with
non-adherence

In this chapter, | dissect the various patterns of non-adherence and assess their
e ect on non-inferiority trials. | describe a simulation study of a hypothetical
non-inferiority trial with binary outcomes to: i) explore the impact of
various patterns of non-adherence and analysis methods on trial treatment
e ect estimates; ii) quantify the probability of claiming non-inferiority when
treatment e cacy is actually inferior; iii) compare and evaluate alternative
analysis methods such as inverse probability weighting and instrumental
variable estimation; and iv) provide an accessible tool for investigators to
design non-inferiority trials that anticipate non-adherence. | also suggest
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measures to improve study design, statistical analysis and reporting to address
this issue.

Chapter 3: REducinG Antibiotics tReatment Duration for Ventilator-
Associated Pneumonia (REGARD-VAP)

The REGARD-VAP trial is a multi-centre randomised controlled hierarchical
noninferiority-superiority trial to assess the clinical e ect of a short versus
standard-of-care duration in adults with VAP. The trial intervention is a
shift from the conventional "one-size- ts-all' treatment duration, and allows
individualisation of treatment duration for patients responding to treatment.
In this chapter, | share the study protocol and ndings from the second interim
analysis.

Chapter 4: E ect of antibiotic treatment duration on AMR in the

hospital setting

| modelled within- and between-host dynamics of susceptible and resistant gut
bacteria in response to systemic antibiotic treatment to gain a mechanistic
understanding of the intermediary steps relating antibiotic duration to the
emergence and maintenance of resistant bacteria colonisation. To con rm
the model ndings, | performed a systematic review and meta-analysis of
randomised controlled trials that studied the e ect of antibiotic treatment
duration on colonisation with resistant bacteria.

1.5.1 Formation of an inclusive antimicrobial resistance
trial network

The disproportionate burden of AMR in low-middle income countries, as well as
the lack of representation of these countries in academic research, are symptoms of
inequality. Weak governance, lack of infrastructure, and limited regulated access
to appropriate antimicrobials against common infections are some of the factors
fueling antibiotic consumption in these regions.[62] They also act as deterrents for
guality research to be conducted, especially randomised controlled trials.

A research network that includes both high and low-middle income countries is
potentially bene cial on multiple fronts when an ethically sound mutual bene t
framework is upheld. Firstly, an ‘emerging' resistant bacteria in a high-income
country is often already prevalent in low-middle income countries. Potential funders
from high-income countries keen to investigate emerging AMR pathogens may
ensure enrolment from partnering sites in low-middle income countries, during
which new drugs or treatment protocols will become available in areas where the
AMR burden is high, with the potential for these treatments to become cheaper and
accessible once e cacy is shown. Secondly, on a micro-level, exchange of expertise
in conducting research activities promotes capacity building in a sustainable way.
Local ownership of data collected through research may raise awareness of important
health issues and further empower sites to initiate new quality improvement or
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research projects.[63]

The network in which REGARD-VAP was implemented initially consisted of the
Sunpasitthiprasong Hospital, Singapore National University Hospital, and Tan Tock
Seng Hospital. To ensure participation and adherence to the study protocol, | briefed
the doctors, nurses, and pharmacists from all intensive care units (ICUs) in these
centres. While it was relatively straightforward to engage with the Singaporean sites,
Sunpasitthiprasong Hospital proved to be challenging as there were no dedicated
teams in the ICUs. | had to hold individual meetings with doctors and nurses to
address their concerns. The other sites in Thailand and Nepal were established
subsequently through local collaborators.

The central values of the REGARD-VAP network are sustainable capacity building,
transparency, and equity. With the expansion of the network, there were ample
opportunities for the research teams to exchange technical expertise and cultural
practices. The teams have travelled to various other sites during monitoring
visits and attend educational courses. Many have leveraged their experience with
REGARD-VAP to pursue further studies. Local investigators were also encouraged
to utilise the data collected from the trial and propose new collaborations.

Figure 1.8: The REGARD-VAP trial network.
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1.5.2 Published work

The following chapters contain work that has been published in peer-reviewed
journals. | con rm that | authored and produced the following publications with

no more input or advice than would be considered appropriate or acceptable for
a thesis. The relevant sections which are re-used from these publications have
been referenced at the appropriate parts.

Chapter 2: Statistical considerations in non-inferiority trials with
non-adherence

i) Yin Mo, Cherry Lim, Mavuto Mukaka, Ben S Cooper. Statistical
considerations in the design and analysis of non-inferiority trials with
binary endpoints in the presence of non-adherence: A simulation study.
Wellcome Open Res. 2020;4:207. doi:10.12688/wellcomeopenres.15636.2

i) Yin Mo, Cherry Lim, James A Watson, Nicholas J White, Ben S Cooper.
Non-adherence in non-inferiority trials: Pitfalls and recommendations.
BMJ. 2020;370:m2692. doi:10.1136/bmj.m2692

Chapter 3: REducinG Antibiotics tReatment Duration for Ventilator-
Associated Pneumonia (REGARD-VAP)

1) Yin Mo, West TE, MacLaren G, et al.. Reducing antibiotic treatment
duration for ventilator-associated pneumonia (REGARD-VAP): A trial
protocol for a randomised clinical trial. BMJ Open. 2021;11:e050105.
doi: 10.1136/bmjopen-2021-050105
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2.1 Introduction

Randomised controlled trials that test for non-inferiority of the experimental arm
are performed when a new treatment is compared with an established standard of
care. Instead of being required to have superior clinical e cacy, the new treatment
might be preferred for its improved safety, convenience, or reduced cost. These trials
are increasingly prevalent because highly e cacious standard of care treatments
have been established for many diseases, making demonstration of superiority
against standard of care implausible and placebo-controlled trials without any
active comparators unethical to perform.[51, 52]

A basic weakness of non-inferiority trials compared with superiority trials is that
poor conduct of the trial or deviations from the protocol may result in false rejection

of the null hypothesis that the experimental treatment is inferior. Most trials report
that some participants do not adhere to their allocated treatment. Non-adherence,
unlike treatment assignment, will often not be an independent event but driven by
confounding and/or non-confounding factors (Figure 2.1). Non-confounding factors
a ect the probability of adhering to the intervention but do not directly a ect the
study outcome. An example may be intolerance to study medications due to mild
side e ects such as nausea or rash, which does not directly a ect disease outcome,
but may cause enough discomfort to a ect adherence.[64, 65] This contrasts with
non-adherence driven by factors that directly in uence the study outcome, such
as disease severity.[66, 67] For example, consider an open label study where more
severely ill patients are more likely not to adhere to the experimental treatment and
these patients cross over to the standard of care control arm. On the other hand,
patients with less severe disease are more willing to adhere to the experimental
treatment. In this case, disease severity is a confounder because it a ects both
adherence and disease outcome. Comparing the groups of patients according to
the actual treatments received will be biased, as they have di erent disease severities.

It is important to assess the patterns of non-adherence that might occur in a
non-inferiority trial during the planning stage both to inform power calculations
and to enable development of an appropriate analysis plan.[68, 69] However, no
easily accessible tools are currently available to guide investigators in non-inferiority
trial design while accounting for these considerations.

In this chapter, | go beyond the topic of antibiotic duration and consider all
late-phase non-inferiority randomised controlled trials with non-adherence. | rst
describe ndings from a systematic review of recent non-inferiority trials and
guideline recommendations. This is followed by a simulation study of a hypothetical
non-inferiority trial with binary outcomes. The simulation aimed to: i) explore
the impact of various patterns of non-adherence and analysis methods on trial
treatment e ect estimates; ii) quantify the probability of claiming non-inferiority
when treatment e cacy is actually inferior; iii) compare and evaluate alternative
analysis methods such as inverse probability weighting and instrumental variable
estimation; and iv) provide a tool for investigators to design non-inferiority trials
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that anticipate non-adherence. Lastly, | propose measures to improve study design,
statistical analysis, and reporting to address this issue.

Figure 2.1: Common patterns of non-adherence in clinical trials. Blue and pink
gures represent participants with di erent underlying confounding characteristics. Red
and white pills represent experimental and control treatments respectively. The directed
acyclic graphs in the right-side panels illustrate the causal pathways from treatment
allocation to outcome, highlighting the mechanisms causing non-adherence to allocated
treatments.

2.1.1 Conventional analysis methods for non-inferiority tri-
als

Intention-to-treat (ITT) analysis estimates the treatment e ect accounting for “real-
world' adherence patterns by comparing outcomes between groups of participants
de ned by their allocated treatment. Often called an e ectiveness trial, it measures
the e ect of allocating a treatment on participant outcomes, instead of the actual

e ect of treatment. If the primary research interest is the causal e ect of assigning
treatments, then this is likely to be the most relevant estimate. In other situations,
the question of primary interest is the causal e ect of the treatment itself. Because
many patterns of non-adherence result in reduced observed di erences between
the comparison arms, there is a risk that relying on the ITT analysis to conclude
non-inferiority will lead to the adoption of treatments which, when applied, lead to
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worse outcomes.[70 72]

Many trials also report the per-protocol (PP) analysis, which estimates the e ect
of the treatment only from participants who received the treatment according to
randomisation assignment. However, because adherent participants may di er
systematically in underlying prognostic factors from non-adherent patients, and
the PP participants in each allocation group may dier in terms of prognostic
characteristics, the PP analysis can give biased treatment e ect estimates. In
non-inferiority trials, this may lead to false conclusions of non-inferiority when the
treatment e ect is actually inferior.

Most non-inferiority trials continue to rely on ITT and PP analyses even in the
presence of high degrees of non-adherence. These issues have been highlighted
in international guidelines and simulation studies, but consensus on the best way
forward has not been reached.[51, 54, 72, 73] Of note, Kim has previously shown that
the standard approaches can lead to erroneous conclusions about treatment e cacy
in non-inferiority trials with non-adherence, and so proposed using an instrumental
variable estimator as an alternative statistical method.[74] Sanchez and Chen reached
a similar conclusion: depending on the pattern of protocol deviation, both PP and
ITT populations may show non-inferiority when the treatment e ect is actually
inferior.[68] Practical guidance is needed to inform trial designs on how incremental
levels of non-adherence a ect the chance of reaching di erent trial conclusions.

2.1.2 Challenges of non-inferiority trials

In non-inferiority trials, we pose the question: is the new treatment no worse
than the standard of care treatment? in contrast to is the new treatment better
than the standard of care treatment? in a typical superiority trial. This shift
in the focus of the comparison complicates non-inferiority trials for two main reasons.

The rst complication is in deciding what we mean by no worse than. If the new
treatment does lead to worse outcomes, but only by a small amount, we might
reasonably conclude that it is non-inferior. The largest such small amount that
is compatible with a conclusion of non-inferiority is known as the non-inferiority
margin. It is a practically acceptable compromise in treatment e cacy that we
are willing to sacri ce in exchange for the secondary bene ts o ered by the new
treatment. The subjective nature of this measure arises from the debate around what
margin is “clinically acceptable' and how the advantages of the new treatment are
weighed against the potential loss in treatment e cacy; it also needs to be decided
whether the non-inferiority margin should be on a relative or absolute scale.[54]
Non-inferiority margins are often chosen for practical reasons such as reduction of
sample size while maintaining adequate power to conclude non-inferiority. Despite
the development of numerous objective methods to justify the non-inferiority margin,
its determination remains contentious and highly context-speci c.[52, 55]
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The second complication is that poorly designed and conducted non-inferiority
trials will often have an increased chance of concluding non-inferiority.[54, 68]
Some examples include:

1) Non-speci ¢ endpoint measures; e.g. using 30-day mortality as the primary
outcome in a trial comparing drugs for treating cardiac arrhythmia in the
intensive care unit. Even if one treatment is more e ective than the other,
the measurable di erence will be diluted by mortality due to other reasons
such as sepsis or hypovolemic shock.[75]

i) Inappropriate participant cohort; e.g. a trial comparing conservative medical
treatment (control treatment) versus percutaneous coronary intervention
(experimental treatment) in patients with stable angina but relatively good
exercise tolerance, with a primary endpoint de ned as exercise increment at
6 weeks. The majority of participants, regardless of allocation, would not
be expected to achieve this endpoint even though there may be a clinically
signi cant di erence between the two arms in patients with lower baseline
exercise tolerance.[76] Conversely, choosing patient groups with a high chance
of spontaneous cure may also give misleading results; e.g. in malaria-endemic
areas adults commonly self-cure, and treatment responses with ine ective
medicines may produce excellent outcomes, but the same treatments in children
can lead to high failure rates.[77]

i) Markedly di erent pharmacokinetic properties between the treatments with
insu cient follow-up; e.g. when the outcome of interest is recurrence in the
treatment of malaria, recurrence may be delayed by slowly eliminated drugs.
Terminating follow-up before all recurrences have occurred will favour the
more slowly eliminated drug.[77, 78]

To counteract such problems, all major guidelines for non-inferiority trials emphasise
choosing appropriate control treatments that have been previously demonstrated to
be superior to placebo, and ensuring consistency in study design with the historical
placebo-controlled studies that established the standard of care.[51, 54, 78] While
these are useful regulatory approaches for licensing new drugs, in situations where
placebo-controlled trials were never performed, the appropriate choice of participants
and outcomes becomes a more contentious issue.

Another challenge prevalent in clinical trials is non-adherence to allocated treatment:
when non-adherence leads to a lower average treatment e ect measured in the control
group, or similar treatment e ects measured in both groups, the experimental
group will be more likely to appear non-inferior. Both types of non-adherence
are frequently observed in non-inferiority trials. Because the control is usually a
clinically available standard of care treatment, non-adherence often leads to study
participants taking up a treatment from the opposite arm or taking an alternative
treatment with similar e cacy to the control.
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2.2 Systematic review of recent non-inferiority
trials and guideline recommendations

2.2.1 Recent non-inferiority trials

| searched ve medical journals publishing clinical trials (New England Journal of

Medicine, the Lancet, Journal of American Medical Association, Annals of Internal

Medicine and the British Medical Journal) from 1 January 2017 to 31 May 2019
for phase Ill and phase IV randomised clinical trials. These articles were retrieved
from MEDLINE, Web of Science, Google Scholar and EMBASE.

Out of a total of 425 unique phase Ill and phase IV randomised controlled trials,
100 aimed to demonstrate non-inferiority in their primary outcomes (24%). The
main specialisation domains of the studies were infectious disease (27%, 27/100),
cardiology or cardiothoracic surgery (23%, 23/100), and oncology (12%, 12/100).

A majority (86%, 86/100) concluded non-inferiority. The primary analysis popula-
tion used to determine non-inferiority was ITT in 82 (82%) and PP in 15 (15%); 3
(3%) used both ITT and PP populations. Eighty-three (83%) trials reported the

number of participants in PP populations, out of which 82 (99%, 82/83) reported a
proportion of non-adherent participants. The median di erence between the number
of patients included in the ITT and PP populations was 9% (IQR 5 16%). Out

of 70 trials that analysed the PP population (excluding three with protocols not
published online), 44 (63%, 44/70) prede ned PP in the protocols.

PP de nitions were varied, and included adherence to protocol-speci ed interven-
tions, measurement of outcomes, and/or follow-up schedules. Out of 95 trials that
reported the pattern of non-adherence to the allocated intervention, crossing over to
the opposite arm took place in 55 trials (58%, 55/95). Fifty- ve out of 74 trials (74%,
55/74) with prolonged time-varying interventions had some measures for adherence
to trial interventions, of which the most common method was patient-reported
compliance via pill count or diaries (33%, 18/55). Seventy- ve trials (75%, 75/100)
reported the degree of adherence to allocated interventions.

Thirty-eight trials (38%) reported non-adherence in more than 10% of the study
participants. In these trials, 15 calculated unadjusted ITT and/or PP estimates
as primary and supplementary analysis (39%, 15/38). Seventeen trials (45%,
17/38) adopted PP estimates adjusted with prognostic factors as either primary
or secondary analysis.

Case study demonstrating the e ect of non-adherence on intention-to-
treat and per-protocol analyses in a non-inferiority trial

A study compared disease activity guided dose reduction versus continuous pre-
scription (control treatment) of biologic disease-modifying antirheumatic drugs in
patients with rheumatic arthritis.[79] The primary outcome was the proportion of
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participants who experienced a major are by day 180 of follow-up. In the continuous
treatment arm, 15% (9/59) of patients had dose reduction, as the participants either
had low disease activity or developed side e ects and could not tolerate continuous
treatment. In the dose reduction arm, 37% (45/121) had continuous treatment due
to poorly controlled disease. The study concluded non-inferiority based on a PP
analysis (absolute risk di erence 2%, 95%Cl 12% to 12%) given a non-inferiority
margin of 20%. Supplementary analysis with ITT concurred with the PP analysis.

However, crossing over of participants may have resulted in the PP patients in the
dose reduction arm including more patients with mild disease, and the PP patients in
the continuous dosing arm including more patients with severe disease. Were there
such a di erence in baseline disease severity in the two per-protocol groups, the dose
reduction group would be likely to have fewer patients with major ares than the
continuous group. The PP estimate may therefore be biased in favour of the dose
reduction group. Crossing over of participants resulted in a proportion of participants
receiving the treatment of the opposite arm. In an ITT analysis, this dilutes the
treatment e ect di erence measured between the two arms. In this example, both
ITT and PP estimates have a heightened risk of claiming non-inferiority.

2.2.2 International guidelines on non-inferiority trials

International guideline recommendations for study analysis and reporting are
heterogeneous.[80] On the issue of addressing non-adherence, most guidelines caution
investigators to design and conduct non-inferiority trials carefully to reduce non-
adherence as much as possible, as adjustment for poor adherence may not be
possible.[51, 73] The FDA guidelines in 2016 warned against using ITT analysis
but did not recommend any alternative methods of analysis.[54] The most recent
guidelines from EMA in 2000 stated that ITT and PP are equally important and
that similar results should be demonstrated for the full analysis set and PP analysis
set.[81] The latest CONSORT 2012 guideline advised using a non-ITT analysis
method as a supplementary analysis or a hybrid ITT/PP method, without specifying

its methodology.[51, 68]

In addition, there is no requirement for reporting the de nitions of the analysis
populations. Varied de nitions of PP and the frequently used modied ITT
population often lead to di erent estimates, and therefore impact the determination
of non-inferiority.[80, 82, 83]
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2.3 Impact of various non-adherence patterns
and analysis methods on non-inferiority trial
treatment e ect estimates in the presence of
non-adherence: A simulation study

2.3.1 Methods
Simulation models and analysis methods

| simulated a two-arm non-inferiority randomised controlled trial, where the ran-
domised treatment,Z, and outcome,Y, are binary and time xed. Randomisation,
Z,is done in a 1:1 ratio. Actual treatment received is denoted. An example of
such a trial is the study on optimising antibiotic treatment duration for community
acquired pneumonia.[84] The experimental treatment is ve days of antibiotic
treatment (A = 1), while the control treatment is a duration as decided by the
physicians @ = 0). Outcome is treatment failure as de ned by a set of questionnaire
scores on day 30Y =1 represents treatment failure,Y = 0 represents treatment
success). With this single end-point, | consider adherence as a binary variable
where non-adherent patients in the short arm would receive more than ve days of
treatment, and non-adherent patients in the long arm would receive fewer than ve
days of treatment. The e ect estimate is the absolute risk di erence, calculated
as the di erence in the proportion of participants with treatment failure between
treatment arms.

| calculated the sample size based on the assumption that 40% of patients in both
experimental and control arms experience treatment failure, with a non-inferiority
margin of 10% and tolerable type 1 error of 0.025. This required 505 participants
per arm for 90% power.[85] Each simulation was done with 1000 iterations. All
simulations and analyses were carried out with R.[86] The simulation code is
available on GitHub (https://github.com/moyinNUHS/NItrialsimulation).

Notation

| broadly adopt the notation of Herndn and Robins.[87] In the subsequent para-
graphs, Y2 represents the potential outcome if the control treatment were to
be administered A = 0); Y& represents the outcome that would occur if the
experimental treatment were to be administeredA = 1) ; and Y& represents the
potential outcome if an alternative inferior treatment compared to both the control
and experimental treatments were to be administeredA(= 2). For an individual i,
Y20, Y;**! and Y,#=2 are therefore counterfactual outcomes. | use the shorthand
Y; and Y;? to refer to the actual and potential outcomesY and Y2 respectively
for a given individual i. Because only one of the outcomes is observed in the real
world, the actual observed outcomey;, is either equal toY,2©, Y, or Y32
depending on the treatment received, i.eY; = Y& Ai whereA; = 0 if the individual
received the control treatment,A; = 1 if the individual received the experimental
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treatment, and A; = 2 if the individual received an alternative treatment inferior to
both the control and experimental treatments.[88] Similarly, the observed outcomes
depending on randomisationZ) are represented byY;>=! and Y;>° respectively,
and the actual treatments depending on randomisation are represented By
and A7, C refers to the confounding factors that may increase or decrease the
probabilities of adhering to the allocated treatment and outcome.

Simulation models

| generated individual level data which included the following variables: treatment
allocation, participant characteristics that may a ect adherence and outcome, actual
treatment received, counterfactual outcomes and observed outcomes. Allocation is
a binary variable with each individual having a 50% probability of being allocated
to the experimental treatment. Participant characteristics were represented by a
single continuous variable on the interval [0, 1] drawn from a beta distribution. This
can be thought of as a disease risk score.[89]

| considered two common reasons for non-adherence. The rstis when non-adherence
is due to factors that a ect the probability of taking up the allocated treatment but

do not a ect the study outcome through any other pathway (Figure 2.2, panel A).
The second is driven by confounders, de ned as the study participants’ prognostic
factors that a ect both the probability for taking up the allocated treatment and

the outcome (Figure 2.2, panel B).

Figure 2.2: Directed acyclic graphs demonstrating the causal relationships

of the variables generated for each study participant in the simulation study.

In scenario A, factors that cause non-adherence a ect the probability of the participant
taking up the allocated treatment but do not directly a ect the outcome; e.g. minor side

e ects of the treatment drug. In scenario B, factors causing non-adherence a ect both the
probability of the participant taking up the allocated treatment as well as the outcome;
e.g. disease severity.
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The actual treatment received by an individual di ers from the allocated treatment
when there is non-adherence. | considered scenarios where non-adherent participants
cross over to the opposite treatment arm, or receive alternative treatments that
are inferior to both the control and experimental treatments. In the case where
the participant characteristics encourage an individual to switch to an experimen-
tal treatment, the individual's probability for crossing over to the experimental
treatment when randomised to the control arm is increased. An example is a trial
studying an experimental treatment for a terminal disease which has few e ective
treatment options. An individual with more severe disease may be more likely
to switch to the experimental treatment even when the person is randomised to
the control treatment. In another case where the factor causing non-adherence
discourages an individual from taking up an experimental treatment, the individual's
probability for adhering to the experimental treatment after being randomised to the
experimental arm is decreased. The individual might take up the control treatment
or refuse treatment altogether. An example is a trial comparing an experimental
exercise regime to nicotine patches for smoking cessation. An individual with chronic
obstructive lung disease may be more likely to be non-adherent to the experimental
exercise regime and take up the nicotine patch or decline all treatments.

| generated counterfactual outcomes for each individual, one for experimental
treatment, one for control treatment, and one for alternative treatments inferior

to both the control and experimental treatments. The overall averaged di erence
between the counterfactual outcomes for experimental and control treatments
for all study participants is the pre-de ned true treatment e ect assumed in the
simulations. The participant characteristics may cause an increase or decrease in
the probability of having the outcome, depending on the direction of in uence the
confounder has on the outcome. The observed outcome is then chosen from one of
the counterfactuals depending on the actual treatment that the individual received.
Detailed descriptions of the simulations are included below in Box 2.1.

Box 2.1 Details of the simulation model

The simulation model generates four key random variables for each study
participant, namely:

1) treatment assignment (i.e. randomisationZ)

i) participant characteristics score which may a ect the probability of
adhering to treatment assignment and treatment failureC

iii) actual treatment taken up, A
iv) outcome, Y

Subscriptsi andj are used to indicate the values of these variables for participan
| in iteration j. In each iteration, an independent set of simulated trial data is

—
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generated and analysed to give an estimate of the treatment e ect.

The strength of association between the participant characteristics score, prob-
ability of adhering to treatment assignment, and treatment failure directly
a ects the degree of bias in commonly used treatment e ect estimates. | de ne
these relationships by generating these variables independently of each other
and then, in each iteration, using the participant characteristics scores to rank
the participants in terms of their probability of adhering to the treatment

assignment and treatment failure. The ranking approach is adopted to ensur
that the model used to generate the data is di erent from the models used to
analyse the data.

D

In each iteration j, data for n participants per arm were generated. Half of the
participants were randomised to the experimental treatment arm4 = 1), the
other half to the control treatment arm (Z = 0).

Step 1: Generating distributions for participant characteristics scores,
probabilities of adhering to treatment assignment, and treatment
failure.

i) Let C; represent the participant characteristics for participanti in iteration
j that a ect the participant's probability of treatment failure,

Cij Beta( =2; = 2)

Without loss of generality, | assume that the patient indices are ordered such
that Clj <C2j < <an.

i) Let pf represent the probability a participant in iteration j adheres to the
allocated treatment, Pr[A* = z],

pjz Beta( i J),
where
8j Uniform(2; 10);
< i@ k) when z=1
.= 1
P al o) (T(O ko) when z=0

wherek; and ky are the means of the corresponding beta distributions i.d; is

the expected proportion of adhering participants in the experimental treatment
arm, and kg is the expected proportion of adhering participants in the control
treatment arm. z = 0 and z = 1 represent randomisation to the control and
experimental arms respectively. ; is drawn from a uniform distribution from

2 to 10, which was chosen to prevent the generation of very small or large
probabilities for p?. This ensured positivity in our data generation mechanism
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meaning that there will be study participants in both the experimental treatment
and control treatment arms across the various participant characteristic values

iii) Let ¢f represent the probability a participant in iteration j has treatment
failure, Pr[Y?2 = 1],
qa Beta( j; j);
where
i Uniform(Xmin ; Xmax);

% when a=0
P 61 when a=1
- =& whena=2

wherea=0, a=1 and a= 2 represent control, experimental and alternative
treatments respectively. Xmin and Xmax determine the distribution of the

probabilities of treatment failure, and therefore the in uence of the confounder
on treatment failure. |, is the expected proportion of treatment failure in the
experimental treatment arm, | is the expected proportion of treatment failure in
the control treatment arm, and|l is the expected proportion of treatment failure
in the non-adhering participants receiving an alternative inferior treatment
compared to both the control and experimental treatments.

Step 2: Ranking of participants according to participant characteris-
tics and probability for adherence.

i) In the scenario where non-adherence is driven by non-confounding factors, ije.
patient characteristics do not a ect adherence to assigned treatment, values
from pf are drawn and randomly indexedy; @ i 2 (1;::: ;n).

i) In the scenario where non-adherence is driven by confounding factors, ile.
patient characteristics do a ect adherencen values are drawn frompf and
indexed according to the patient characteristic<;; .

There are two scenarios:

a. In the case when patient characteristics increase the probability of taking
up the experimental treatment in both arms, the probabilities are indexed
such that the values are strictly increasingf; < p3 < <pgp - This
ensures that patients with larger values o€;; have larger values ofy; .

b. Conversely, when patient characteristics decrease the probability of taking
up the experimental treatment in both arms, | index the probabilities
such that the values are strictly decreasingj; > p3 > > pgi - This
ensures that patients with larger values o€;; have smaller values ofy; .
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Step 3: Ranking of participants according to participant characteris-
tics and probability of treatment failure. n values are drawn from ¢
and indexed according to the patient characteristics Cj .

There are two scenarios:

1) In the case when patient characteristics increase the probability of treat
ment failure, the probabilities are indexed such that the values are strictly,
increasingdf < g3 < < gy - This ensures that patients with larger
values ofC; have larger values ofy; .

i) Conversely when patient characteristics decrease the probability of treat
ment failure, the probabilities are indexed such that the values are strictly
decreasingsf; > q5 > > @5 - This ensures that patients with larger
values ofC;; have smaller values of}; .

Step 4: Actual treatments received and treatment failure.
i) Let A; represent the actual treatment received by each individual

Aj  Bernoulli pf

i) Each individual has three counterfactual outcomes. Le‘lrij""z0 be the outcome
if an individual takes up the control treatment, Yija:1 if an individual takes up
the experimental treatment, andY;?=* if an individual takes up the alternative
inferior treatment compared to the control and experimental treatments.

a=0 H =0 .
Y Bernoulli o{j‘ :

where q?:o is the probability given participant i takes up the control treatment.

a=1 H =1 .
Y, Bernoulli q? :

where q"fl is the probability given participant i takes up the experimental
treatment.
Y2 Bemoulli 7 ;

Whereqj?:2 is the probability given participant i takes up the alternative inferior
treatment compared to both the control and experimental treatments.

=)

The observed outcomey; , is one of the counterfactual outcomes depending o
the actual treatment received.

Analysis methods

The ITT analysis considers all randomised participants according to their assigned
arms, regardless of whether the participants had the intended treatment. It estimates
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theeectof Z onY,ie. Pr[Yy =1jZ =1] Pr[Y =1jZ =0]. The PP analysis
only considers participants who received treatment according to their allocation
stated in the study protocol, i.e.Pr[Y =1jJA=1;Z =1] Pr[Y =1jA=0;Z =0].

In addition, | used an inverse probability weighting approach on the PP population
to estimate the causal e ect of treatment on the outcome. This approach applies a
logistic regression model incorporating the confounder as an explanatory variable
to estimate an individual's probability of adhering to a particular allocation arm.
The inverses of these predicted probabilities are used as weights to in ate or
de ate the individual's in uence on the overall treatment e ect in the arm.[90] The
inverse probability weighting estimate, iy, iS given by (for simplicity iteration
subscripts | are omitted):

) — EhYaZI YaZOi — E)@ AIYI 1)@ (1 AI)YI
o n . P[A=1jC] n .1 PrfA=1jC]

where C represents measured confounders.

The denominators are estimated probabilities of taking up the experimental treat-
ment conditional on confoundersC, for those who were randomised to the experi-
mental arm; and estimated probabilities of taking up the experimental treatment
conditional on C for those who were randomised to the control arm.

These probabilities are estimated using a logistic regression with the following link
equation:

logit(PrfA=1jC])= o+ :C
| further stabilised the individual-speci c inverse probability weights by using
the estimated probability of receiving experimental treatmentPr[A = 1] in the
experimental treatment arm, and the estimated probability of receiving control
treatment Pr[A = 0] in the control treatment arm.[91] Stabilising the weights
addresses the issue of potentially very large weights when the propensity scores
(denominators) are very close to O (i.e. those very unlikely to be treated).

For the experimental treatment arm the weightsW”=! are de ned,

] Pr[A = 1]
A=1 _
W= PrfA =1 C]

For the control treatment arm the weights WA= are de ned,

WA = 1 PrlA=1]
"1 Pr[A=1jC]

Lastly, |1 used instrumental variable estimation in scenarios where non-adhering
participants receive the treatment of the opposite arm. This approach analyses all
participants by quantifying rst, the degree to which allocated treatment predicts

actual treatment; and second, the degree to which treatment predicts outcome.[92] |
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adopted the structural mean model, rst proposed by Robingt al. for estimation of
the received treatment e ect on a binary outcome in randomised trials.[93] The main
assumptions in using instrumental variable estimation are that: i) the instrument
Z is associated with the actual treatment receivedA; ii) Z does not a ect the
outcome, Y, except through its potential e ect on A; and iii) Z and Y do not share
causes.[94] Out of these conditions, only the rst is veri able. In the context of a
randomised controlled trial, randomisation is an appropriate instrument. When
done correctly, randomisation satis es the rst and third conditions as it randomly
allocates treatment to the participants, independent of the nal outcomes. The
second condition is satis ed in a successfully double blinded study. When the
non-adherence pattern involves switching of treatment to an alternative other than
the experimental or control treatment, preference-based analyses using a framework
involving “compliers', “preferers' and “insisters' allows for comparison of treatment
e ects if two active treatments are available.[95] However, this involves additional
assumptions on the treatment e ects in the various arms of participants which are
often not veri able.

Instrumental variable estimation is typically used to deal with continuous outcomes
in a linear model. Because the simulated trial has a dichotomous outcome, |
used structural mean models. These have no explicit constraints other than the
mean model for the causal e ect of interest.[94] | used the semiparametric two-
step generalised method of moments from the R packagenm Further details
can be found in the package description available at: https://cran.r-project.org/
web/packages/gmm/gmm.pdf.

Non-inferiority hypothesis testing

The null hypothesis is tested by comparing the upper bound of the two-sided 95%
con dence interval of the e ect estimate with the non-inferiority margin. Non-
inferiority is concluded if the upper bound of the 95% con dence interval for the
absolute risk di erence between the experimental and control treatments is less
than the non-inferiority margin.

| simulated 18 di erent patterns of non-adherence. The conditions of these non-
adherent patterns are shown in Figure 2.3.

Comparing the analysis methods

To examine type 1 error, i.e. concluding non-inferiority when the experimental
treatment is actually inferior, 1 assumed a di erence of 0.1 in the probability of
treatment failure between the control and experimental arms (i.e. the experimental
treatment is inferior and the true treatment e ect is 0.1 on an absolute scale). In
the case of non-adherent participants receiving an alternative inferior treatment
compared to the experimental and control arms, | assumed the di erence in the
probability of treatment failure between the control and alternative treatment, and
experimental and alternative treatment to be 0.1 and 0.2 respectively. Since the
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Figure 2.3: Simulation scenarios. Simulation scenarios explored permutations of four
factors: i) non-adherent population (both arms, experimental arm, control arm); ii) actual
treatment received by the non-adherent population (crossing over to the opposite arm,
another treatment inferior to both the experimental and control treatment); iii) reason

for non-adherence (due to confounding factors or non-confounding factors); iv) if non-
adherence is due to non-confounding factors, direction of in uence of the confounders on
the probability of taking up the experimental treatment and outcome (both probabilities
may increase or decrease, or the two probabilities are in opposite directions). The left
panel shows the six possible scenarios when non-adherence is due to non-confounding
factors. The right panel shows the 12 possible scenarios when non-adherence is due to
confounding factors. Each coloured line represents one scenario.

non-inferiority margin is assumed to be 10%, simulation iterations which concluded
non-inferiority were considered to have committed type 1 error (Figure 2.4).

Power, given by one minus the type 2 error, is the proportion of non-inferiority
trials which conclude non-inferiority correctly. Here, | assumed the true treatment
e ect to be zero. Thus, the experimental treatment arm has the same probability
of having treatment failure, i.e. non-inferior to the control treatment. Simulation
iterations which concluded inferiority were considered to have committed a type 2
error (Figure 2.4).

The above assumptions on treatment e ects used in calculating type 1 error and
power for the scenarios below are arbitrary and intended for illustrative purposes.
Other assumptions can be explored with the Shiny app (https://moru.shinyapps.
io/samplesize_nonadherence/).
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Figure 2.4: Derivation of type 1 and 2 errors in the simulation. Non-inferiority
margins are represented by black dotted lines. True treatment e ects are highlighted in
blue broken lines. Trial estimates falling to the left of O favour the experimental treatment,
while trial estimates falling to the right favour the control treatment. Panel A: The type
1 error rate is estimated by simulating trial data based on the null hypothesis with the
true trial e ect equivalent to the non-inferiority margin (10%). The upper bound of the
treatment e ect estimate's 95% con dence interval is compared with the non-inferiority
margin. Iterations with the upper 95% con dence interval boundary less than the non-
inferiority margin (marked in red) are considered to have committed type 1 error. | report
the proportion of iterations that commit type 1 error in the results. Panel B: The type
2 error rate is estimated by simulating trial data based on the alternative hypothesis
with the true treatment e ect less than the non-inferiority margin (10%). Iterations
where the upper 95% con dence interval boundary is greater than the non-inferiority
margin (marked in red) are considered to have committed a type 2 error. | report 1 minus
proportion of iterations that commit type 2 error as power in the results.

2.3.2 Results
Non-adherent participants receive treatment from the opposite arm

Non-adherence due to non-confounding factors

In most patterns of non-adherence, ITT estimates tend to shift towards a zero
di erence between the control and experimental arms. The only exceptions are
when study participants allocated to the experimental arm actually received no
treatment or a treatment inferior to both treatments o ered in the trial. Compared

to treatment e cacy estimates, ITT analysis has a higher tendency to claim non-

inferiority when the experimental treatment is actually inferior and when there is
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non-adherence. Figure 2.5 illustrates the case where non-adherent study participants
cross over to the opposite arm. Even at a relatively high adherence of 90%, the
type 1 error of the ITT estimate can be as high as 10%. All other analysis methods
are unbiased in this case where non-adherence is due only to non-confounding factors.

Figure 2.5: Non-adherence caused by non-confounding factors. A: Dots represent
trial estimates calculated from each iteration. Coloured lines are the locally estimated
scatterplot smoothing (LOESS) lines through mean trial estimates from all iterations.
Because the outcome in the simulated trial refers to treatment failure, higher e ect
estimate values favour the control treatment. The red dotted line is the true e ect size
estimate assumed in the simulations. B: Dots represent type 1 error calculated from all
iterations at various degrees of adherence. The tolerable type | error is set at 0.025 at full
adherence.
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Non-adherence due to confounders and no unobserved confounding

In the case where confounders in uence non-adherence behavior, PP analysis
Is biased in estimating the causal e ect of treatment. Figure 2.6 illustrates an
example where increasing confounder value decreases the probability of taking up
the experimental treatment (with a corresponding increase in the probability of
taking up the control treatment) and increases the probability of treatment failure.
Participants with the highest confounder values in the experimental arm cross over
to the control arm and participants with the lowest confounder values in the control
arm cross over to the experimental arm. This will lead to an in ated type 1 error
rate. In this case, inverse probability weighting and instrumental variable estimation
give unbiased estimates with conservative type | error rates.

Figure 2.6: Non-adherence caused by confounding factors I. Non-adherence
caused by confounding factors where participants with higher confounder values have
lower probability of taking up the allocated treatment regardless of the allocation, and
the probability of treatment failure is increased.
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The more in uence the confounder has on treatment failure, the more biased PP
estimates will be, leading to higher type 1 error rates (Figure 2.7). When the
confounder increases both the probability of taking up the experimental treatment
and of treatment failure, the treatment e ect estimated with the PP analysis will
be higher than the true value (Figure 2.8).

Figure 2.7: Non-adherence caused by confounding factors II. Non-adherence
caused by confounding factors where participants with higher confounder values have
lower probability of taking up the experimental treatment regardless of allocation, and
the probability of treatment failure is increased. Per-protocol analysis is shown (in various
shades of blue) to illustrate the impact of increasing direct confounder e ect on treatment
failure, in terms of the treatment estimates and associated type 1 errors. The magnitude
of direct confounder e ect on treatment failure is calculated with treatment failure as
the dependent variable and confounder as the independent variable in a regression. (a)
magnitude of direct confounder e ect on treatment failure = 1; (b) magnitude of direct
confounder e ect on treatment failure = 5; (c) magnitude of direct confounder e ect on
treatment failure = 9.
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Figure 2.8: Non-adherence caused by confounding factors IIl. Non-adherence
caused by confounding factors where participants with higher confounder values have
higher probabilities of taking up the experimental treatment regardless of the allocation,
and treatment failure.

Non-adherence due to confounders with unobserved confounding

In practice, not all confounders will be observed, and those which can be observed
may not be measured perfectly, so that it will only be possible to partially adjust for
confounding. In such cases, inverse probability weighting can become biased (Figure
2.9). Adjusting for more confounders can reduce but not eliminate bias in treatment
estimates. Instrumental variable estimation, on the other hand, remains unbiased
even with unobserved confounders, as it does not depend on knowledge of the
confounders to compute treatment e ect estimates when all the above-mentioned
assumptions are met.

Non-adherent participants receive alternative treatment that is inferior

to both the experimental and control treatments

If non-adherent participants do not cross over to the opposite arm, they may receive
an alternative inferior treatment or default care. The e ect of this on the ITT
treatment estimates depends on the allocation arm that is predominantly non-
adherent. When most of the non-adherent participants are from the control arm,
the control treatment will appear worse compared to the experimental treatment
using the ITT analysis, thereby favouring the experimental treatment (Appendix
A.l1 Figures A.6, A.12, A.18). However, when most of the non-adherent participants
are from the experimental arm, the experimental treatment will appear worse
compared to the control treatment using the ITT analysis, thereby favouring the
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Figure 2.9: Non-adherence caused by both known and unknown confounders.

Four confounders were added in the simulation. ITT, PP and instrumental variable
analyses did not adjust for any confounders. For the inverse probability weighting
analysis, the four lines represent situations when one, two, three, and all confounders
were adjusted for. With more confounders accounted for, treatment estimates become
less biased.

control treatment (Appendix A.1 Figures A.4, A.10, A.16).

Where non-adherence is caused by confounding factors, PP estimates become biased.
The direction of bias is determined by the di erence in the underlying prognostic
characteristics of the non-adherent participants, similar to the cases where non-
adherent participants cross over to the opposite arms.

Graphs illustrating e ect estimates and associated type 1 errors for all simulated
scenarios are included in Appendix section A.l.

E ect of non-adherence on power

In addition to a ecting treatment estimates, non-adherence decreases the power
to detect truly non-inferior experimental treatments. | consider the e ect of non-
adherence on inverse probability weighting and instrumental variable e ect estimates,
as these methods can potentially give unbiased treatment e cacy estimates despite
non-adherence.

To maintain power, the sample size required for instrumental variable estimation
increases drastically (approximately quadratically) when adherence falls below 90%.
In contrast, required sample size for inverse probability weighting increases only
linearly with the decrease in adherence (Figure 2.10). In the presence of non-
adherence, the more in uence the confounder has on treatment failure, the lower
the power.
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