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Abstract

This thesis investigates the problem of estimating the effectiveness andeffestiveness of
prescribed medications in the presencepatient nonadherence, which is a major issue when making
reimbursement decisions. Poor reimbursement decisions caa bgnificant negative consequences

for both patient outcomes and costs.

This research aimed to develop a methodological framework to account for the impact ef non
adherence on the costffectiveness of chronic medications in the context of health teabgyl
assessments (HTA) using titeeevent outcomesSucha framework dd not exist when this research

started. The framework put forward in this thesis was informedidyr linked stages of this research:

(1) a systematic review of methodological paperattidentified 12 noradherence adjustment

methods and assessed their suitability for use in HTA; (2) a simulation study that assessed the
performance of four adjustment methods in 90 scenarios; (3) a case study that applied two generalised
methods (gmethods) to a trial of maintenance immunosuppressants in kidney transplantation in
ordertoproducecos6 FF SO A BSySaa SaidAYl (Sa -alhete®Rda®;indS E (i S Ny
(4) the development of an analytical framework for incorporating -4adherene into cost

effectiveness models.

The review suggests thatrgethods andpharmacometricdhased method using harmacokinetics

and pharmacodynamics (PKP&nalysis appear to be more appropriate to estimate effectiveness in
the presence ofa@alworld nonadherence. The simulation study demonstrates thahgthods and
per-protocol (PP)analysis are the begierforming methods for adjusting estimates of treatment
effectiveness for normdherence compared tmtention-to-treat analysisalthoughthe PPestimandis

not theoretically appropriateThe case study findings show reduced net health benefits and increased
cost per patient when realorld nonadherence is taken into accounthe framework provides
guidance on the steps that could be followed to account for -meaild norradherencewhen
undertaking coseffectiveness analyse&uture research is recommended to use the framework in

different case studies for evaluation
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EM ExpectatiorMaximisation

EW Efficient ore-step Weights

eGFR Estimated Glomerular Filtration Rate

EMP Electronic Medical Packaging

EmpSE Empirical Standard Error

FG FunctioningGraft

FL Full Likelihood

FMPR Fixed Medication Possession Ratio

FPM Flexible Parametric Model

GL Graft Loss
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HEAP Health Economics Analysis Plan
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HIV Human Immunodeficiency Virus

ITT Intentionto Treat

ICER Incremental Cost Effectiveness Ratio
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IPTW Inverse Probability of Treatment Weighting
IPW Inverse Probability Weighting

1PV Intra-Patient Variability

IPD Individual Patierevel Data

\% Instrumental Variable

KM KaplanMeier

LOCF Last Observation Carried Forward

MAR Missingat Random

MCAR Missing Completelgt Random

MCSE Monte Carlo Standard Error

18



MEMS
MNA
MSM
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MSE
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NEC
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oD
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National Health Service
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SEM
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TDM
TDS
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Standard Error
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SharedMemory Parallelism
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Therapeutic Drug Monitoring

Three Times a Da
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Chapter 1Thesisntroduction and background

1.1Introduction

Economic evaluations and Health Technology Assessments (HTA) are increasingly used to inform
decision making around the adoption of new treatments worldwide. An econewailtiationtypically
assesses the cbeffectiveness (value for money) of a new treatment compared to standard
treatmentusing evidence on both clinical effectiveness and costs of adopting each treatment option.

In practice, clinical effectiveness evidence usually comes from randomised lgeohtigals (RCTS)

where the intentionto-treat (ITT) analysis typically use@s a conventionaanalytical approachrhe

ITT analysis mixes the benefit of receiving the treatment among adherent patients with the lack of (or
suboptimal) benefit among patents who experience neadherence, whichmay generate biased
estimates of treatment effectivenesompared to thatseen in standard clinical practide. addition
non-adherence to treatment would be expected to alter the costs borne by the health sehvitiee

HTA context, decision makers ayenerally concerned with costs and effectivenesstéamdardclinical

LIN} OGAOS 62NJ 1KS WN3XE I BothglipidhEflRcvenessdd costghave ¥ didgcNI |y
impact on coseffectiveness; and thefore, adjustment oéffectivenessand costs for noradherence

is neededf adherence in standard clinical practice differs from that observed in.RCTs

The subject of this doctoral research study is the development of a methodological framework to
accountfor the impact of noradherence in the context of HTAs in chronic conditions. The focus is on
methods for adjusting the causal effect of treatment on tioeevent outcomes and cost
effectivenessThisinvolves a systematic review to identify nadherenceadjustment methods and

the applicationof thesein a simulation study and a case study on maintenance immunosuppressive
therapy after kidney transplantatiolthoughthe focus is on kidney transplantatiorgnvisagehat

the methodological framework will be applicable in any chronic disease areaawithe-to-event
outcome. Chronic conditionare choserbecause noradherence to medications taken over a long
period of timeis more likely to hava substantialimpact on cost and outcomes.Non-adherence to
medication was raised as an issue in a recd@BNappraisal of immunosuppression following kidney
transplant and this was thought to provide an important and topical case study. Given that this was
based on timeo-event outcomes, my work has focussed on this, however, it is recognised that the
same ssue will be relevant to all forms of patient outcomésg. continuous and categorical
outcomes) However, noradherence is also ammportant issue in acute conditionsand the
methodological framework may also be applicable in these conditidresea time-to-event outcome

is used Many aspects of the methodological framework put forward in this thesis will be applicable
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for handling noradherence in instances in which a tifteeevent outcome is not used and this is

discussed in further detail in Chaptér

This introductory chapter defines nofadherence and key concepts used throughout thesis
specifies the problem and its importance; identifies the gaps irhgedth economicditerature; and

outlines the research questionand theaim and objectves of the study.

1.2Definition of noradherence to medications

Adherence to medications definedas Wi KS LINRPOS&aa o6& ¢KAOK LI GASyla
LINE & Q'™ inflGeRtial taxonomy of adherence to medications set ouvhijenset al! (seeFigure

1) identifiesthree components: d) initiation of the treatment (whenthe first dose is taken by the

patient); (b) implementation of the dosing regimeno( what extendthe actual dosage of a patient
corresponds to the prescribed dosing reginieand €) discontinuation (end of therapy)Based on

this taxonomy, noradherence can occur in one or a combination of three situations: late or non
initiation, suboptimal implementationand/or early discontinuatior(non-persistence} 2 A number

of other terms are commonly used in the literature to describe sadheSy OS Ay Ot dzRA y 3
02 YLX midiPPBHZ vy O2 NFRNhijstG&@ @uthors suggest differences between the precise
meaningf these different termsfor the purposeof thisthesis | will treat themas being synonymous

with non-adherenceandthe Vrijensetal.W! . / Q {(illlb@ugedb¥ standardThe acronynABC

d0F yREASCHNIZING yWR y 3 . | NNA Pdjict, whith i¢ anYy indérdatiogat@&earch

collaboration in the field of adherence to medicatidhsat led to the etvelopment of the taxonomy.

Figurel: Adherence to medications taxonomy

— Adherence to medications —>

€——— Persistence ——3&——Non-persistence—>
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First dose Last dose! End of prescribing;
Time

Discontinuation

First prescription

Adapted from Vrijensgt all
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There are some arguments in the literature considering ottmedicationtakingbehaviours such as
treatment switching as a type of neadherence.The counterargumentto this is that switching
prescribed medications a different typeof change in therapy ai$ must beinitiated by a medical
practitioner. Another related term isearly discontinuation' which happens before the end of

prescribingoy the patient'sown behaviour, which | would consider as radherence(seeFigure 1).

9PARSYOS adza3asSada GKFG LIGASYdaQ LINBFSNByOSa
consistantly affected by side effects, age and experieh@alherence may also be affected by the
impactof a specific disease, thrwmplexityof the dosingregimen? and potentially other medications

taken by the patienti.e. polypharmacy)

It is important to measure adherence using the three components specified bjBi@taxonomy
(initiation, implementation, persistence) and to be explicit about whabésng measured For
instance, initiation and persistence can be measured using-tovevent variables (i.e. time to
initiation and time to discontinuation). Conversely, implementation asrdiooous process requires

a different approach to quantify. Implementation cé® measuredas a summary statistic using
proportions of prescribed doses taken over a particydariod. However, summary statistics have
their own limitations andcansometimesbe misleading, especially if tmeedication adherencé&end

over a longeperiod of timeis considered important. As an alternative, longitudinal comparisons using
a medicationeventmonitoring device such athe medication event monitoringystem (MEMSxas

an example, can provide a better estimate of rafherence at the implementation stage.

In practice, there have been considerable inconsistencies in measuringdh@nence with many
researchers considering it as a unidimensional prodlevtany tools are available for measuring
medication adherence including both subjective and ofijec measures.Existing medication

adherence measures can be broadly classified into five groups:

0] Direct measures such as drug cemtration levels in the blood

(i) Measures involving secondary data analysis such as the medication possession ratio (MPR)
calculated as thelays of medication supply for all prescription refills dividgdte days
of the interval period

(iii) Hectronic measures such as MEMS

(iv) Pill counting

(v) Measues involving clinical assessments and-sggbrting such as questionnaires.
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Other highlevel groupings are: (a) objective versus subjective measures; (b}ysactsnal versus
longitudinal measures; and (c) direct versus indirect measUfiégere are different approaches for
calculating each of these adherence measures. For instance, MPR can be calculated using the fixed
MPR approach (FMPR) using a fixed days interval as a denominator, or the variable MPR (VlJIPR) usi
the time betweenthe initiation of therapy and the end of supply fdhe last acquisition as a
denominator® Each tool has it®wn strengths and weaknessebence, no perfect measure of

adherence existandthis may lead to measurement error.

1.3Definition of key concepts

A number ofkey conceptare useahroughout thisthesis it is, therefore,important to define these
from the outset. The concepts includmunterfactual outcomecausal effegtestimandand estimator
confounding directed-acyclic graphs (DAGsglection biascensoring and drug forgivenessThese

conceptsare bridly introducedin the following subsections.

1.3.1 Counterfactual outcome

The counterfactual outcome framework was originally developed by NeYyraad Ribin'® for

estimating the effect of timdixed treatments Whichdo not vary over time), and further extended by

Robing" 2 to time-varying treatments (which vary over timg To introduce the counterfactual

outcome, suppose we want to estimate the effect of treatment A on outcome Y for individual
O2YLI NBR (2 y2 GNBIFIGYSYyldd ¢KS ARSdnindivilakifs/hed (2 02
had received the treatment with the outcome that would haween observedf the same individual

had not received the treatmentWe cannd observe treatedanduntreated outcomes for an individual

patient (except in @rossovetrial design), and whicheveromeedonai 206 a SNWS Aa G(KS wWO:
2 dz(i O 2Hér8edhe counterfactual outcome fagach individuatanbe definedas the outcome that

would havebeen observedinder a hypothetical condition (e.g. if the individual had not received the

treatment orvice versa

1.3.2 Causal effect

Estimating the causal effect of treatment is the main objective of most epidemiological studies using
data from RCTs. Howeveave cannotestimate the causal effed¢or an individual patientbutwe can
estimate the average causal effect (ACE) of treatni@npeople like that individualthisisknown as

the population causal effect.
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The population causal effect is the primamyeirest in estimating clinical effectivenessd| refer to

this asthe WO I dz& | ,for AGHhFfoSgbdiutdhisthesish LG Aa ¢2NIK y2GAy3 (KL G
can refer to different groups of individuals depending on dagisal question andbjectives of the

study. The causal effechayinvolvel WRA NBOG Q S T €.&résidengetin minléySwesing L2 & dzNB
on the outcome €.g.depressiop. ltmayl f a2 Ay PRARB OGN Y YRTFSOnithe2 ¥ GKS
outcomevia an intermediate variable (e.g. the indireetfect of mouldy dwellingon depressiorvia

affecting physical heal)hThe total effect cornines direct and indirect causal effectsK S Ga@ddly W
AYFSNBYOS YSGK2RAQ Aa dzaSR Ay (KAa GKSaAra G2 NB

literature and this is further clarified in Chapter 2.

1.3.3 Estimandestimatorand estimate

TheWstimand? A4 RSFTAYSR | & ( Kabwe lcin Nde 16 3nakd Mdereénges dbguti &S NB A
population using a sample from that populatibiin the context of RCTs, the estimand can be defined
usingfour attributes:** (i) the population(patients ofinteresttargeted by the scientifiquestion);

(i) the outcome variabler endpoint(e.g. ime to incidence of graft loss); (iii) the specification of how

to dealwith intercurrent events (e.g. includeompliersonly); and () the populationlevel summary

of the outcomevariable, that is, themeasurement of theausakffect of the intervention (e.g. hazard

ratio [HR]).Using the examples given above, a possible estimand would be the HR relating to graft
survival inthe compliersordy ¢ KS SadAYlFYyR Aa IAMyaRSNBARZGSYQd a (KS

Ly O2y (N} adz GKS WSadAYl (2N Aikelihdo& &Stima&{VkE R 2 F S
that can be applied to any sample from a population to produce a numerical value for the estimand.

The estimate is the numerical value of théiesnd obtained from a paicular sample (e.g. HR=0.78).

1.3.4 Confounding

Confounding is a major risk for causal inference in epidemiological studies (includingaR@ragyre
to control for it may lead to a biased estimate of tA€Eof treatment. To beter understand the
conceptof confounding, | use the examplekigure Zepresenting the causal effect afzidothymidine
(AZT) treatment (an antiretroviral drug used for prevention and managementhwhan
immunodeficiency virugHIl/ acquiredimmunodeficiency syndromeAlD$) on the survival of HNV
positive patients with timéndependent and timedependent confounding variables (sEgure 2)In

this exampleFigure 28 K2 ¢ & WI 3-Bdepehdaént donfoilirfdef.$n this figure, AZT treatment
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has a direct causal effect on mortaligs(indicated by the arropwHowever, this causal relationship is
confounded by age which is a common cause of the expdqauaitgerence toAZTtreatment) and the
outcome @leath). In this case, the analyst should adjfor age using traditional methods such as

stratification or regression analysis.

Figure 2Bshows timedependent confounding where theluster of differentiation 4CD4count - a
measure of the immune system functionality used in HIV/AIDS diagnesiansidered as a time
varying confounder dr the effect of AZT treatment oneath. CD4 amt is a timedependent
confounder because: (&D4countaffects AZT prescribing, and AZT treatment affects CD4 ;canuoht
(b) CD4 count predicts survival outcome @ito death). In this case, standard methods for estimating
the ACBof time-varying AZT treatment on survival may produce biaseideses, and therefore, more

advanced methods are needed.

Figure2: Timeindependent andime-dependent confounding

A - Confounding B. Time-dependent confounding

7/

AZT » Death AZT » Death

Note: In Figur@A, confounding refers to timadependent confounding

Sterne and Tillin§ characterised the confinding biashy CD4 counand its implicationsising three

possible analytical strategies:

(@ Crude analysis (without controlling for CD4) will prodadeasedestimate because AZT
is more likely to be given to patients with higher CD4 count who tend toreqme a
higherdeath rate

(i) Controlling for CD4 count at baseline will also prodaceiased estimate because it
ignores the fact that patierstwho actually initiatehe treatment after baseline are more

likely to be those who had higher €Bount (immunosuppressed patients).
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(i) Controlling for timedependent CD4 couri$ problematidoecause the causal effect of AZT
is partly mediated via timeipdated CD4 cour{Figure B)and contolling for it will block
the indirect causal effect AAICD4 Death causal path resulting in an underestimafe

the total treatment effect of AZT treatment
1.3.5 Directedacyclic graphs

51 DaX $gKAOK I NB 3ISANWILIKEAEDZ] y NBY || 38 NP QIKdOH ff NS LI
inference to conceptualise the causal links between the treatment, outcome and other varidbtes.

illustrate the concept of DAGSs, | use a generic exampleHigere 3onceptualising the causal effect

of treatment A on outcome Y, with two other random variables L and U representiagured and

unmeasured confounders, respectively. The nodes in the DAG representing variables A, L, Y, and U are

Ol t teBi¢e® ¢KS G NAIFIGES | WTRNDESEFRANENIbeBause & Bas & f f S K
R A NS peihSRAW leading to variable > | YR GKSNBEFTREBOS yoRrAAEE DI f { SK
unmeasured confounder U (e.g. genetics) occurs prior to treatment A and the outcome Y assuming

that time goes from left to ght as illustrated in the DAG.

Figure3: Directedacyclic grapfiDAG)

U

This causal DAG has five arrows representing directed causal relationships. For example, treatment A
has a direct (nommediated) causal relationship with outcome Y, that is the causal effect of interest.
Each arrow connéing two vertices(variable3A y G KS 51 D dgehr | hrcQ@adsR DAGE WS
areWl O &érhusedh@re are no loops which imply that a variable in the DAG cannot have a direct or
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indirect causal effect on itself (i.e. no cycles). The¢YAausalJl i K A Eronfabof LI Sjakdihis W

Ol dzal £ NBf Il GA2yaKALl A dackildoy F ZrdhOR FHe bazkiloopatiNiBdise f S |
calledaWy ®Y dza | throlgh wihician association probability can flow from A to Y via L, creating

a confounding biagnd the analyst can control for this by conditioning oiisee Section 1.3.4).
Similarly, AUaY is an open backdoor path which can create confounding bias, but in this case, we
cannot control for it because U is unmeasured. To address this problem, the investigator may find an
intermediate variable M that mediates theslAor U Y causal relationships and control for M in order

to control for the confounding effect of U. This indicates that investigators need to identify and collect
sufficient data on all variables that have important causal relationships in the causal rkeaso
conceptualised by their particular DAG. The main disadvantage of DAGs is that they describe causal
relationships based on discrete times which may not reflect the continuous process ofaffarte
relationships, but DAG<an include time-varying evets as an attempt to overcome this
shortcoming'’ Despite this limitation, causal DAGs can be useful in identifying important variables

that need to be measured for use in estimating an unbiased causal effect of treatment.

1.3.6 Selection bias

Selection bias is another risk for cauisdtrence caused by an association link which may be created

by the process of selecting individuals included in the anaf§/#isthis section, | introducevo specific

types of selection bias(i) WO2 Y RAGA 2 Yy Ay 3 ; and (ii) onfouhding byRiGdNatia® A | & Q
Conditioning on a collider bias isspecifictype of selectionbiasthat is distinct and often confused

with confounding biad® To ntroduce this concept, | usthe causal DAG presented Figure 4
representing a direct causal effect of treatment A on outcome Y via the frontdoor path Ahe

variable L is descendanbf treatment A and unmeasured variable U. Consequently, the causal effects

2F | yR | O2fttARS 2y [ I [ITHiRmeang thai grdbabilitpdogs®& [ A a

flow and thee is no association between U and Acigure

In this partcular DAG, variables L and U have no confounding effect on the causal effect of A on Y
because the backdoor pathaAa Up Y is already blocked by the collider variablénLother words,
conditioning on L will essentially create a backdoor path from A taoughLa U. This indicates that

the analystshould not condition on L because conditioning on it will open the closed backdoor path
creating selection biasthis is called conditioning on a collider bidkerefore, it isrery importantto
investigate eaclrariablein the causal networko ensure that it does not meet the conditions of being

a collider before incision in the adjustment model.
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Figured: A causal DAG illustrating conditioning on a collider bias

u

g
L ]
-

Confounding by indication is another formsalectionbias which is common imé context of clinical
decision analysisThis is best described using the causal DABjure 5 In this DAG, the causal effect

of treatment (Aspirir) on the outcome (isk ofstroke) will be confounded because Aspitmeatment

is commonly prescribed to patientswith heart disease, whichis both an indication for Aspirin
treatment and a risk factor fothe outcome(stroke). That is becausedih heart disease and stroke
are affected by the common cause atherosclergsiseFigure 5.2 Confounding by indication ialso
known as¥hannelling? a term commonly used to describe confounding bias in specific situations
where theselectionbias is due to patient risk factors that influence doctors to prescribe a particular

treatment within aclass of drug$?

Figureb: A causal DAG illustratingefounding by indication

Heart disease > Aspirin » Stroke

Atherosclerosis
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1.3.7 Censoring

In epidemiological researctsurvival analysis used to estimate th&CEof treatments on timeto-

event outcomes. Censoring is an important issue in analysing RCT data witht@-&xwent outcome.

An individual is said to be censored at a jaiar time point when data on the timt®-event outcome

is unknown due to reasons such as loss to follow up ofgumurrence of the outcome before the end

2F GKS atGdzRRed 9yR 2F adiddzRe OSy awhiddigfkaly thlde oh-y 2 6y |
informative in RCTsAdministrative censoringan be addressed using standard methods of survival

analysis that allow for data from censored observations to be included in the andlgtendard

parametricd dzNIDA @I f Y2 RSt & | & & dd\6F 20Ndvithail is @B yQinavalidhe 3 A &\
outcome is prognostically independent of censoring. In other words, patients censored at a particular

time point have the same probability of experiencing the event of interest compared to uncensored
patients at the time of cermingYhformativeOS Yy a2 NA Yy 3 Q> 2y (GKS 20KSNJ KI yF
outcome and timeto-censoring are dependent, for example, if a patient is censored when they
stopped taking the treatmen{discontinued)or switched to another treatment® 2° This is also
NEFSNNBR (2 | a WR&LISKER ® yhtrodudeSogrdoprdihgybmwhen standard

survival analysis methods are us€@ecause censoring happens over time, potential ttle@endent

confounding is an issue, and therefoneore advanced methods than standard regression adjustment

may beneededto address this particular problem

1.3.8 Drug forgiveness

Drug forgiveness is defined as the number of consecutive doses that can be missed by a patient while
still maintaining the intended therapeutic effett.?? To determine the drug forgiveneshe analyst
needsto define the adherence level above which the therapeutic effect will be maintained (i.e.
adherence threshold). The adherence threshold can be objectively determined using the PKPD
characteristics of the drug. However, there is no universal adherence thresholdiplasato all drugs

as this will be drug/diseasspecific. For drugs with a short duration of action, there may be no
adherence threshold (i.e. adherence threshold equals 100%). Formally, drug forgiveness (F) can be
calculated as the difference between tpestdose duration of beneficial action of the medication (D)

and the prescribed dosing interval (1) using the following equatios.

0O 0 O p
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1.4What is the problem?

This section describes the impacts of remtherence on clinical outcomes, treatment costs and-cost
effectiveness based on existing evidence. The differencadimerence levels in the real world
compared to trials and the problem faced in HTA (due to impacts on costs, effects, different adherence

levels) is provided.

1.4.1 Existing evidence

Nonadherence to prescribed medicatiofs a major and intractable problem irealth care, with
significant negative consequences for batinical outcomes and healtare cost$* 2°To identify the
relevant evidence, | undertook lgerature review that identified 43 paperssee Appendix A for
details of the search strategy and siftifithis review was used to provide a summaryhef existing
evidenceon the impact of na-adherence on clinical outcomes, costs and ef&tctiveness (see
Sctionl1.4.2and1.4.3. The differences between adherence levels in clinical trials and the real world

are discussed iBection1.4.4

1.4.2 Impact of noradherence on clinical outcomes

Non-adherenceto prescribed treatment may have a major negative impacthmcaloutcomes by
affecting the link between the process bfalthcare provision and the outcomé& The clinical
consequences of neadherence may be determined from the complex interplay of three fac(drs:

the typeg(s) of nonadherence (ii) the nature of the disease, an@i) the pharmacokinetics ¢ and
pharmacodynamics (PRjthedrug” Ly &AYLIX S GSN¥Xaz tY A& GKS aiddzRe
body in terms of aborption, distribution, metabolism and excretion (i.e. what the body slée the

drug). PD is the study of the biochemical and physiological effect of the drug (i.e. what the drug does
to the body)?® A review of 10 cohort studies on diabetes mellitus revealed an increase in hospital
admissions of 10.3% and 15% when t®R, a measure of adherence, was lower than 80% and 40%
respectively’®Kidney transplantation is an important chronic condition whereithplications of non
adherence to maintenance immunosuppressive therapysagaificant. These may includejection

of the transplanted kidneyreturn to dalysis, and potentially death.
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1.4.3 Impact of noradherence on costffectiveness

The economic consequencetnonadherenceare driven bythe reducedefficacy of the drug leading
to an increased probability of therapeutic failure, acmhsequently impacs on costeffectivenesg’

In the USAcrude estimates reported thprevalence of noradherenceas30-50% of all patientsn
chronic medications, with the total cost of all nadherence estimated at $100 billion annu&fiyrhe
cost of noradherence to just 10 medicationsas estimated between $396 and $792 million per

year.?

In England, findings from a modelling study aimed at estimating the impact eddizgrence for five
conditionswere striking®! These conditions were: asthmiaypertension diabetes schizophrenia and
cardiovascular diseases. In this study, 1aaierence was found to be associated with both increased
cost and deterioration in health outcomes. For many of theseditions, the treatment cost alone
associated with nomadherence was estimated to be nethan £100 million per yedt The study
suggeststhat investment to improve adherae appeas to be a straig casein asthma and
schizoghrenia in particular, where the expected annual cost savings to the NHS are significant (130
million ard £190 millionrespectively)! If there is a high level of discontinuation (rparsitence) to

an expensive medicine, there may be savitigst outweigh the costs of reduced benefitlany
treatmentsare marginal/not coseffective, and not taking them e.g. in patients who do not perceive

a benefit, could be costaving.

| have identifieda relevant systematic revieHugheset al3?) which outlines a number of methods
used for modelling nomadherence in coseffectiveness analyseslowever, there are three main
limitations associated with the Hughest al® review: (i) it is more than 10years old and newer
methods may have been proposed since its publicatidhtt{e literature search was run on two
databases only (MEDLINE and NHEED); and ii{) the review scope wasrestricted to
pharmacoeconomic evaluations and therefore does not capture releyapersfrom the clinical and
statistical literatureunless they also relate to pharmacoeconomic evaluaidhese approaches and

their limitations are discussdad Sectionl.6.2

1.4.4 Adherence levels in clinical trials and the real world

RCTs are considered the getdndard for providinginbiased estimatesf the ACEof treatment as a
key component of economic evaluations for HTA. However, a keywstuéhe evidence from RCTs

is their generalisabilityat routine clinical practicé® A major factor which could impact on treatment
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effectiveness is patient neadherence Evidence suggests that adherence levels in the real world are

likely to differ from clinical triaf8 ¢ this leads to uncertainty in the a4l effectiveness of treatments.

¢tKS (SHENWRRBIBIFYR Alda LRLMZIINRAlIGAZ2Y Ay GKS LXKI
the context of healthcaredég A 2y Y| {Ay3 FyR L dza$8 AG AydaSNOKIy3
in this thesislin this context, noradherence varies dependiron the type of treatment, disease area,

and healthcare setting®* * For instance, in a case study of statins, adherelesels based on

evidence from pivotal trials with 4 t6 years followup were estimatedto range from81% to 99%,

whereasin pragmatic studies community settingshe level ofadheence ranged from 21% to 87%b.

1.5Why is it important?

In the context of HTA{ is dso well recognised that most health economic models do not adequately
addressthe issueof non-adherence® In many casespon-adherence observed in RCiBseither
assumed to be apggable outside of a clinical trial settingr addressed using very simplistic
approachegqe.g. assuming proportionate reduction in treatment effect with noradherence ratg

The key issue is that the simplistic approaches are unlikepyroduce robustand externally valid
estimates of the treatment effeaue to the complexities associated with patterns of radherence

and their link tatime-dependent confoundingnd clinical outcomegdhis could lead to any associated
costeffectiveness analysis prodag misleading resultsvhich may lead tdhe wrongdecisiongeing

madeabout the allocation of scardeealthcareresources

In the HTA context, resource allocation decisions are usually foadespecified population defined

by the scope for eacHecision problemIn this context, HTA needs to consider effectiveness under
realworld conditions, where noadherence levels typically differ from those obs= in clincal trials.

With this analytical requirement in mind, methods for adjusting estireaiétreatment effect in the

preserce of patient noradherence needs to be assessed for suitability for use in HTA. This will require
defining features of HTA that will Inence the choice of methods (e.gopulation estimates and

relevance to clinical pacticeintherealworl. KA & A a 0SS0 0 SpwoRG&F EH S R- PEd YR
adherence adjustment methodsr the HTAcontext and this concept is further developed@hapter

3, SectiorB.7.
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1.6What are the potential solutions?

1.6.1 Existing evidence: accounting for radherence in estimatinipe clinical

effectiveness of treatments

ITT and PeProtocol (PP) analyseare the most common analytical approaches used for estimating
the ACEof treatment using data from RCTs. However, ITT analysis may fail to producdiased
estimate if the estimand of interest is the effectiveness of treatment in the preserce of non-
adherence in standard clinical practi&® is a different analytical approach as it answers the question
of effectiveness according to adherence to the trial protocol (which may or may not include patient
non-adherence to the assigned treatment as defil by the estimand). PP is an unbiased estimate of
the effectiveness of following the trial protocol, conditional on the assumption that protocol violations
are noninformative. If this assumption is violatedhen the analyst should consider alternative
methods to adjust for nowadherence.In the methodological literature, several papers have
introduced alternative methods for correctingstimates ofthe causal effect of treatmenti the
presence of noradherence. For instance, proposed adjustment methiodludethe g-computation
algorithm, g-estimation, inverse probability weightingstructural nestedmodels and marginal
structural models®® Many of these methods have been described and/or compared empiri€aily,

in simulation stutes and case stuiés®¥“° Latimer reported a systematic review of methods for
adjusting the casal effect of treatments in thpreserce of treatment switching which has identified

a range of relevant method$.However, to the best of my knowledge, therenis existing systematic
review of the alternative methods explicitly used for adjustggjimates of the causal effect of
treatment for noradherence on timdo-event outcomes. This research contributes to filling the gap

and provides new evidence on this area (§kapter 2).

1.6.2 Existing evidence: accounting for ratherence in estimating the cest

effectiveness of treatments

The healtheconomics literature has adopted five different methodological approaches for correcting
estimates othe costeffectiveness of treatments for neadherence, as characterised by Hughes and
colleaguegseeTablel).>? The classification of these approaches is not perfantthere is substantial
overlap between he categories. The classification was partly based onir@ementation of
methods in pharmacoeconomic evaluations (including-seded and modebased analyses) rather

than on adjusting for the impact of needherence on treatment effects. Nevertheless, this was very
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helpful in identifying current practicdor modelling on-adherence in the health economics literature.

These méhods are described in Table 1.

Theseexistingapproaches are mostly based on attemptittghandle the noradherence problem

using structural assumptions in economic models, rather than by estimating the causal leffibet.
health economics literaturektS WG NI RAGA2y I Q YSGK2R A& G2 | LILIX &
effect and osts. Generally, theseapproaches share the same characteristics and limitations. The key
limitation is making strong assumptions about the causal relationship between patieradimrence

and treatment effect. For example, some approaches assigned eeduceatment effects
proportional to the level of nomadherence (e.g. 20% reduction in treatment effect for 20% lower
levels of adherence). This does not take into account the complexity of the relationship between
medication adherence and treatment effees discussed in Sectidh4.2 Consequently, those
simplistic approaches are more likely to produce misleading-efisttiveness results, leading to
suboptimal albcation of scarce health resources for the NHS and other healthcare systems around the
world. The summary of each approach is describeflablel including the designfahe economic
model, the disease area where the model was applied and howadberence was incograted into

the economic model. The PKPD modelling approach is more promising and the theoretical

characteristics and application of this methack further discussed in Chapter 2.
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Tablel: Summary of methodological approaches used to account for the immpacotradherence on costffectiveness

Methodological

Description of thenethodologicabpproach

Disease area iwhich

The economic

Incorporation of noradherence into the economic model

approach the methodological model design used
approach was used
Regressiotbased By modelling adherence as an interaction terr| Urge incontinencé? The ret benefit Includingadherencemetricsas a covaate in aregression

covariate adjustment

the regression coefficient could hesed to

and Tuberculosi®’

regression model,

model using individugatient-level data on costs, health

estimate the incremental net benefit of 32 empirical outcomes and adherencé? 4°
treatment at differentlevels of adherence. treatment effect
model*? or
structural mean
model**
Categorization of Modelling relapse rates as a function of ron | Schizophrenia’ Decision tree Differentiatingmodelledpatients to broadstrataof adhered
patients into clusters | adherence andreatment effect or Severe depressiof® | model and nonadhered, or by different levels of adherence (i.e.

with different levels of
adherence

spontaneous remission rate for those who
discontinued treatment after apecifiedperiod
andhigherremission rates for premature
discontinuation ¢

48 Childhood attention
deficit hyperactivity
disorder®

XYy B Z¢ 8p%rand <50%) based on tablet coumtother
measures of adherencé® 4’Branches of the decision tree ma
be used to model different levels of adtemce. This approach
requires data on the relationship between adherence and th
outcome based on evidendeom the literature

Incorporating non
adherence as a
modifier in deriving the
rate of transition
between health states

Adjustment of disease progression rates by
level of adherence; proportionate reduction in
outcomes with noradherence rate and
assuming therapeutic failuf®r non-adhered
patients.

Urge incontinence
related with

overactive bladders®
Idiopathic epilepsy ang
epileptic syndromes*
and Tuberculosi®

Markov model

For eab cycle in a Markov model, a proportion of patients w
a specifiedlevel of noradherence experience a higher
probability of disease progressiacompared tothosewho
adhered to theassignedreatment?’. Movement between the
modelled health states is determined by a set of transition
probabilities with noradherence modelled as orparameter
in deriving transition rates

Specifying non
adherence as an event
within time-based
simulation models

The modekimulatestime-dependent
adherence variable based on patient history
where patients were considered as ledtr

WI RK S NB R R K2SNIBSRy02Dyith
greater adherence were assighe decreased
probability of suffering aelapse

Schizophreni&®

Discreteevent
simulation model
(DES)

Within the DESnodel, patients are specified as entities and
non-adherence as timdased events®® *This approach
allows patient attributes to be assigned which could be alter
over time based on continuous measures of ramherence.
DES also allow for the interaction between rafherence,
time and individual paéint characteristics to be modelled

Characterising non
adherence effect on
the Pharmacokinetics
(PK) and
Pharmacodynamics
(PD) parameters

Quantifying variability in drug exposure
according to different adherence profiles for
time-averaged and trough drug concentrationg
(i.e. Gwgand Gnin) and the percentage of days
spent below Gin (PK)55 5¢and quantifying
adherence effect (as eovariate on dose

response (PDY.

Kidney transplantation
SSand HIV/AIDS®

PKPDnodelling

Individual doses$or each patientare simulated according ta
particular patternof adherence or different adherence profile
and the PK and PD consequences are then propagated for
estimating thereductionin treatment effect. 2" 33 58,59
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Thereare limitations associated with the identified approaches summarised in Table 1. Generally, they
are different ways ofattempting to model the impact of notadherence using structural models
(Decision trees or Markov models) based on simplifications thightmot reflect the complexity of

the relationship between noadherence levels and treatment effect. The key issue is that they make
strong assumptions about the causal links between adherence levels and treatment effect rather than
adjusting the treatmat effect for nonradherence to obtain valid estimates for incorporation into the
economic model. Moreover, guidance is needed to provide researchers with the data requirements
and analytical steps to properly adjust file impact ofnon-adherence in econaic evaluations for

HTA. This gam the health economics literatureas motivated me to undertake this doctoral study

as a contribution to resolve this issue.

1.6.3 The gaps in the methodological literature

Despite the increased attention to modelling radherence in the literatee, Muszbek and
colleague’ suggest that theémpact of non-adherence on the costffectiveness ofmedicationsis
inconclusiveandtherefore, further research isvarrantedto resolve the issues. Despite this, methods
to account for noradherence in economic evaluations remain underdeveloped, with no consensus

on the appropriate approach to deal withe key issues.

The National Institute for Health and Care Excelle@BCEproduces evidencbased guidance to

NHS England on the clinical effectiveness and-efisttiveness of health technologies including
pharmaceuticalsThe NICEuide to the Methods of Technology Appraisal (2013) recommends that
the value of additional benefits from the mode of treatment delivery through its impact orradice
should be quantified® However, the guide does not mention any preferred method(s) for modelling
non-adherence. There seems to be a gap in the health economics literature on conceptualising and
modelling the link between noadherence andreatment effectiveness, and hence, the impact on

costeffectiveness.

1.7Aim, objectives and research questions

1.7.1 Research questions

This doctoral research study aims to address the following research questions:
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a. What are the key methodological approaches dige account for the impact of nen
adherence on the effectiveness and cestectiveness of health technologies used in chronic
conditions with timeto-event outcomes?

b. What is the relative performance of the alternative methods in estimating the impawbef
adherence on treatment effectiveness?

c. How should economic evaluations incorporate the impact of-adherence using evidence
from both RCTs and rewalorld data?

1.7.2 Aim

The aim of this doctoral research study is to develop a methodoldgérakwork to account for non
adherence to prescribed chronic medications with tioeevent outcomes when undertaking

economic evaluations for HTA.

1.7.3 Objectives

a. To undertake a systematic review to identify relevant famtherence adjustment methods
used inanalyses of clinical effectiveneasd costeffectiveness (Chapters3.

b. To assess the relative performance of alternative adjustment methods using simulated RCT
datasets(Chapters 4b).

c. Toadaptan economic model as a case study for estimating atieeence-adjusted cost
effectiveness of immunosuppressants used as maintenance therapy for kidney
transplantation in adult§Chapter 6)

d. To develop a methodological framework outlining the appropriate methods for incorporating

non-adherence into economic euadtions for HTA§hapter 7)

1.8Expected contributiom of the thesis

The main contributionof this research studywill be the development of themethodological
framework. Tis framework willhelp to improvethe overall quality of economic models used for
edimating the costeffectiveness oprescribed chronic medications with timie-event outcomesThe
framework will provide guidance to academic researchers and the pharmaceutical industry for
choosing the appropriate method to incorporate radherence intocosteffectiveness analysis,
providing better evidence for healthcare decision makers such as NICE Technologisahppr
Committees. Better evidence about adhereradjusted coseffectiveness will lead to improvements

in healthcare decision makingJl G A Sy G a Q , rpdumltidn Anim@rtal@y FislahdicdsBsavings to

39



the NHS and other healthcare systems, and ultimately improvements in population health through

better healthcare resource allocation.

Other expected contributions include: (i) sgstatic review evidence on methods for adjusting
estimates ofthe causal effect of treatment in the presence of radherence for timao-event
outcomes; (ii) simulation evidence on the relative performance of alternative adjustment methods;
and (i) new e&idence on the longerm adherenceadjusted coseffectiveness of
immunosuppresants used afte kidney transplantation for adults in the UK based on data from an

RCT anthe realworld used within a decisicanalytic model.

1.9Thesis structure

This thesids structuredinto eight chaptersincluding this introductory chapterChapter 2 reports
methods identified to adjusestimates oftreatment effectivenessn the presence of patient non
adherence based on a systematieview of methodological papers€Chapter 3 compares the
alternative non-adherence adjustment methods based on existing evidenickentified by the
systematic review Chapter 4describesthe design and implementation of the simulation study
Chapter 5 presents and discusses the results of thelatinn study. Chapter 6 presents the case study
on kidney transplantation. Chapter ptesents the methodological framework put forward in this
thesis to account for the impact of neadherence on the costffectiveness of prescribed chronic
medications. Capter 8provides a recap of the thesis and highlights the contributions in the context

of the health economics literature, and draws the overall conclusions.
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Chapter 2: @stematicreview ofstatistical methods for adjusting
estimates of treatment effectiveneasd costeffectivenessor

patient noradherence

2.1Introduction

Part of this chapter iszproduced from Alshreef et &.This is an open access article distributed under
the terms of the CBY 4.0 licensehttps://creativecommons.org/licenses/by/4.0/ which permits
unrestricted use, distribution, and reproduction in any medium. The text includes minor additions and

formatting changes to the original”.

This chapter presents a systematic review whias undertaken to identify the key methodological
approaches used to account for the impact of patient famiherence on the causal effect of
treatments. The intention of the review was systematicallydentify each relevant method published

in the methalological literature® ¢ KS NBGFASgs F2ff26SR (G(KS W/ 2YLINEB
search techniqu® as described igection2.3.2.1 The review also followeguidance fronthe Centre

for Review and Dissemination (CRBDundertaking systematic revievs.

This dapter is structured as follows. Sectigr (this section) introduces the topic and set out the aim
and objectives of the review. Secti@r? specifies the review question. The review methods are then
introduced in Sectior2.3, includingthe review protocol, search strategy, selection criteria, quality
assessment, data extraction and data synthesis. The results of the review are presented inZ>&ction
These include the search results and details of included and excluded papaxenomy of methods
for adjusting estimates of treatment effectiveness for radherence in the context of timm-event
outcomes is proposeth Section2.5. A summary of estimands and key assumptions of identified
methods is presented in Sectigh6. A narative synthesis of the identified adjustment methods is
provided in Section.7-2.10. The discussion and conclusions of the review are presentgetciion

2.11

In the methodological literature, @nge of methodsasbeen proposedor adjusting the causal effect

of treatments® 37 ®4and costeffectivenes$” 32in the presence of patient neadherence Most of
thesemethodsthat have been developedttempt to estimate what treatment effectiveness would

have been in thebsence of noradherenceatermtha A da 2FGSy NBFSNNBR G2 I a
thesis.In the HTA contexthe analyst need$o consider effectiveness under reabrld conditions,

where nonadherence levels typically differ from those observed in triagl | use the term
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sometimes used interchangeably.

Somemethods arenot making adjustments at aluch as ITT analysither methods use th€ACE
estimand ly simply estimating the effect in complierBhe standardPCW is estimating the effect in
the population, had they all complieHlowever, in the HTA context vege interested in methods that
estimate the effect inthe presence of nofdherence (e.g. realorld adherence levels)so that
adjusted effectiveneseastimates can be used in economic models other words, | am interested in
finding methods that givéhe relevant effect estimates that allothe analystto make adjustments

for different adherence levels. However, all methods identified are reviewed with this analytical
requirement in mind and then the appropriateness of each method to the HTA context is assessed in
the next Chapte(Chapter 3) The subset of appropriate nmedsisthen carried forward for assessing
their relative performance in the simulation study (Chaptets)4nd further applied in a case study
(Chapter 6).

Several papers have compared some of these metleodgirically, in simulation studies and/ors=
studies. However, to the best ofy knowledgethis is the firssystematic reviewvhich has attempted
to identify all the existing methods for adjustitite causal effect of treatments faron-adherencen

the context oftime-to-event outcomes.

The aimwas to undertake a systematic revietw identify relevant noradherence adjustment
methods used for estimating clinical effectiveness and-effsictiveness. The focus is on adjusting for
the impact of noradherence using individual patiefgvel data (IP) in the context oRCTs and cost

effectiveness analyse

The objectivesvere:

1 To dentify potentially relevant paperased in the methodological literatur® adjust the
causal effects of treatmentnd/or costeffectivenessn the presence ohon-adherence

1 To select relevant papers to be includadthe reviewfor narrative synthesis using the
selection criteria (see Secti@3.4).

1 To appraise the papers included in the review using a framework for critical appraisal of
methodological papers

1 To identify relevant methods for adjusting for nadherence andextract the key
characteristics for each method identified

1 To undertake a narrative synthesis for each method identiéiad developa taxonomy of

non-adherence adjustment methods
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2.2Review guestion

The review question wasWhat methods have been gposed in the methodological literature to
account for the impact of neadherenceto treatments on clinical effectiveness and cost
effectiveness?Specifically, the review wdscused on methodological papers reporting methods to
adjust for nonadherencedn estimating the causal effect of treatmeand costeffectivenesgor time-

to-event autcomes.

2.3Review methods

2.3.1 Review protocol

A review protocol was developed setting out the methods used for undertaking this review. The

review protocol was agreed whitthe supervisory teamand advisos (Professor Dyfrig Hughes [DH],

Professor lan White [IW], Dr James Fotheringham [JF] and Dr Ruth Wong [RW]). The prasocol

Lz f AAKSR 2y GKS /w5Qa AYGSNYyFdAz2ylf LINRPaLISOGA
database®® The review methodswere prespecifiedin the protocol to reduce the risk of bias in
conducting the review. The review therefore strictly followed the published version of the protocol

and no protocol amendmestwere made during the review process. Tismarch strategy is
summarisedin Section 2.3.2 and more details are published in the protocghvailable from

http://w ww.crd.york.ac.uk/PROSPERO/display record.php?ID=CRD42018095544

2.3.2 Search strategy

The search strategy involvadcoping search, databasearching, citation searches and reference list
checking and advice fromethodological expertsThese strategies ardescribed in thefollowing

subsections.

2.3.2.1 Pearl growing iterative search technique

The CPG search technique was used to identify potentially relevant papers. The CPG process was

described by Schlosset al®? and involved the following step

a) The search started with a compilation of nine relevant pagesgarls .3 26 32 36, 53, 57, &8
These peds were identified from a citation search for three key papefé ®®anda scoping
search using termextractedfrom thesepapers. The three papers were originathentified

as highly citegbublicationswhich address th@roblemof non-adherence andfurther agreed
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with an expert in theareaof medication adherence researchProfessor Dyfrig Hughdthe
first author of the previous revietf);
b) Relevant actronic databases were determined to specify where the identified pearls are

indexed. This was done using the Ulrichweb totib://ulrichsweb.serialssolutions.com/

c) | determined how each pearl imdexed (bythe journad Ay RIFGFo6FasS W-Q
heading,author-assignedkeywords and index terms. This analysis was done using the Yale

MeSH Analyzer http://mesh.med.yale.edu/ and the OnlineUtility Text Amlyzer

https://www.online-utility.org/text/analyzer.jsp

d) Steps (c) was repeated in other databases;

e) Other relevant pearls in database X were found by undertaking two search iterations using
new search terms identified frote papers identified isteps (c)and (d) and

f) The search wagerminated when the point of saturation was reachedten retrieval of
relevant articles diminishes).hie diminishing rule was applied after discussion with the

supervisonjteam, as spcified bythe protocol
2.3.2.2 First search iteration

The first iteration of searching started with terms and MeSH headings identified from the analysis of
pearlst 26 32. 36 53, 57, 88 These included terms relating to patieaidherence (compliance) to
treatments  Specifically, the adherence terms used wereompliance adherence
pharmacoadherenge persistence persistency concordance initiation, implementation
noncompliance nonadherence nonpersistencediscontinuation pharmionics therapeutic alliance

patient irregularity or treatment refusét aS{1 KSIFIRAYy 344 | yR YSGK2Ra

AY

aSh

a0 adAadAOlrtée 2N aY2RStas adNUzOGdzNI fé¢ 2NJ aY2RSTt &

A2t 23A0I f ¢ drateyKapplier dzthe firsh i datidiKprodided in AppendXx

Q1

Six database#edline, Embase, Cochrane Library, EconLit, Scopus, Web of Sesgacsarched for
potentially relevant papers published in Englisbm inception toan end date betwee®" February

to 8th May 2018 (see AppendipA2 for the exact end date used for each databas#)e database
searches were complemented by citation searches and reference list checking for all relevant papers
identified at that stage. The citation searchiagd reference list checking were conducted udimg

Web of Scienceatabase.
2.3.2.3 Second search iteration

The search strategy for the second iteration was informed by the results from the first search iteration.

Specifically the new pearls identified wee analysed using the MeSH and Text Analy3etsas
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outlined in Stage (c) of the CPG search process. Consequently, new search teriaemédied and

used in the secondh 4t SN GA2y RIFGFolFasS aSINOKAy3d o6So3od adad
Y2RSftaéx af23araidr0 Y2 RA8dgisakeind werg/reconfmBrided bR ekert (G 62 Y
I ROAE&A2NE 0 a Ol dziphatmacanyeFSNByYy O£ YPB @ SN¥Ya AyO2NLR

iteration search strategy are provided in AppendB

As specified by the CPG search process (stédaefgermined how eaclpearl identified (by the end of
the first iteration of searches) wasdexed in database8ased on discussions of threlexing analysis
resultswith the supervisory teanfinformed by the review protocol and expert advickedecided to
limit the second iterationsearches to four databasedlédline, Embase, Web of Scienced an
MathSciNet This meanthat three datdbasessearched in the first iteration werexcluded/Cochrane
Library, EconLit and Scopus) and a new dataslsehSciNetwas includedEconLitand Cochrane
were excluded because no/few relevant papers were idadiffrom these databases in the first
iteration. Scopusvas excluded to minimise duplicates as all papers identified by this database were
also indexed ithe Webof SciencelatabaseMathSciNetwas included because many relevant papers
were indexedon this databasgtherefore, it was added to avoid missing relevant papessience
Citation Indexvasidentified as a relevant database, but it wast included because it is a subset of

the Web of Science

The four databases were searched fatentiallyrelevant papers published in Englisbm inception
to the end date of 22 May, or 239 May 2018 (see Appendix3 for exact end dates). The second
iteration database searclsewere complemented by citatiosearclesand reference list checkingif

the new relevant papers identified.

2.3.2.4 Second reviewer andert advice

My primary PhD Supervisor (Professor Simon Dixlmojle-checked a set of papers which were
AyAGALtte YENLISR a4 aSEOfdzZRSRE o6F &SR 2y (GKS Ay

discussion and agreement on decisions to exclude or include each one of these papers.

As a final check to ensure thab nelevant methods were missed by search, the list of identified papers
was checked by two expert advisors. The expert advisors:\igrerofessor lan White (Institute of
Clinical Trials & Methodology, University College London)(igretofessor Dyfriglughes (Centre for

Health Economics and Medicines Evaluation, Bangor University). The expert advisors recommended
an additional list of potentiallyelevant papers which were further assessed against the inclusion and

exclusion criteria.
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2.3.3 Data management

EndNote bibliographic softwarevérsion X8R was used for managing references retrieved from
different sources. This included removing duplicates, finding and storingeftllarticles, coding
records into groups and combining records identified fronsallrces irasingle ibrary for use in data

synthesis and referencing.

2.3.4 Selection criteria

The selection of papers included for narrative synthesis was conducted in two s(ggesords
retrieved from all sources were screened by titles and abstract{igmotentiallyrelevant fulttext

articles were assessed for eligibility. The PRISMA flow chart was used for reporting the selection
process’?2 The inclusion and exclusioniteria (as specified by the review protocol) were applied for

selecting the relevant papers included in the revi@@eTable2).

Table2: Inclusion and exclusion criteria the selectionof papers included in the review

No | Inclusion criteria Exclusion criteria

1 Peerreviewed methodological papers which | Nonpeer reviewed reports, books or book
describe the method(s) in detail such that the| chapters, theses, or other grey literature;
can be applied without the need for further
assumptions;*

2. Methodsexplicitly applied to adjust for nen Papers which merely apply previously developeq
adherence in estimating treatmergffects for | method(s) without any additional extension to th
survivaltime outcomes and/or cost original method(s}
effectiveness;

3. Papers published from databases inception tq Methodswhich arenot explicitly appliedo adjust
date; and for non-adherence to treatments

4. Papers published in the English language Methods based on aggregated data such as me

analysis; or

5. Theoretical papers with no application of th

method.

* This criterion is not objective and required a judgement on my part informed by expert advice

+ This implies that the first paper proposing the method is included and any paper pubfisiedrds with
the applicationof the method without any methodologicaltexsion is excludedlthough these papers were
excluded, ftetained them because theyigit have explained the miebd better than the first paper and
further used a subset of these papers for comparison of identified methods presented in Chapter 3.
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2.3.5 Quality assessment

To the best of mknowledge, there is10 existing tool for assessirtge quality of methodological
papers. A frenework was adapted from Latimérand used to critically appraise the papers included
in this review (Table3). This framework was also used to extract the key characteristics for each

methodidentified by the review

Table3: Framework for critical appraisal of the methodological papers included in the review

Domain Issues considered

Origin of the method Was the method originally developed to adjust fmn-adherence?
If not, what was the original context and how the method was adapted?

Does the method represent an extension to another method adjusting for
non-adherence?

Theoretical suitability How does the method work?

What are the key assumptions?

Whatare the potential biases?

Why might the method not be appropriate?
What are the advantages and disadvantages associated with the method?

What are the similarities and differences of the method compared to other
methods identified?

Application Has themethod been applied to adjust for neexdherence in a case
study/simulation study?

What disease/conditioris applied in the case/simulation study?
Whatis/are the intervention(s) assessed in the case/simulation study?

What were the results compared teaditional methods (ITT, PP, AT,
compared with these methods?

Adapted from Latimer (2018

2.3.6 Data extraction

A standardised data extractioiorm was developed to extract the basic information and the key
characteristics for each method identified. The basic information exrhoicluded author; year of
publication; journaliand the number of citations (Web of Science). The key characteristics included
the details for each component included the framework presented able 3. In addition, | also
extracted information about the disease areawhich the method was applied (i.ease study and/or

simulation study), the interventions assessed and the primary outcome.
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2.3.7 Data synthesis

A narrative data synthesis approach was followed for each relevant method identified. This ethclude
adescriptionand discussion of the key afa&teristics of the method based on three domains (origin,
theoretical suitability and practical applicatigsee Sections 2.7-2.10). The extensions identified for
each method are also described and discusaeSiectios 2.7-2.10. A taxonomy of methods to adjust

for non-adherence for timeo-event outcomes is proposed in thisesis(Section2.5). A @mparison

of methodsbased on existing evidencedscussedn Chapter 3

2.4Results of the review

2.4.1 Search results

The searches identified a total o422 records fromall rounds othe iterative search process applied

in this review. The PRISMA flow diagréffigure 6)shows the number of records identified from all

sources during the first and second search iterations. The dashed lines illustrate that the citation
searches and reference tlishecking were done for relevant papers identified from the database

S NDKAYy3 2yféed ¢KS 2yfeé SEOSLIIAZ2Y 61 a LI LISNA&
considered relevant for that purpose. The red numbers and dasheslifiirégure Gepresent reords

identified from the second search iteration.

The PRISMA diagram shows the number of records excludbe ttle and abstract screening, full
text eligibility assessment aradfinal number of records included for qualitative synthesis. Details of
the included papersire provided inSection2.4.2.1 The number of fultext articles excluded is also
provided in thePRSMA diagram.
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Figure6: PRISMAlow diagram
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(n =895+291)

Additional records identified
through other sources
(n=29)

Records identified through
database searching
(n= B20 +1757)

Identification

Screening

Eligibility

Economic evaluations (n=t2)
Application ofknown method
without extension (n9 +8)

Not a methodological paper (A=t2)
Not met definition of noradherence
(n=3)

Assessedssociatios (n=1)
Theoretical paper (n=1)
Comparisons of known methods
(n=6 +2)

Economic evaluation (i
Application ofknown method
without extension (n¥ + 3)

Not a methodological paper (8%
Not peerreviewed (n2 +1)

Not met definition of non
adherenceg(n=2)
Assessedssociatios (n=1)
Theoretical paper (n=1)
Comparisons of known methods
(n=3 4)

Included

I

I

4 |

Duplicates removed l |
(n =373 +764) : :

I I

Records screened I |

(n= 1156+993 : :

I I

Records excluded | Records excluded |
(n = 109 +960  (e—————— 1 (n =870 +281) I
By title (n=1048 917) r By title (n:848 +271) I
By abstract (n=3% 43) : Bv abstract (n22 +10) :
Fulktext articles assessed : Fulktext articles assessed |

for eligibility | for eligibility |

(n=77+33) [ (n=25+10) :

| |

Fulktext articles excluded, with reasons | Fulktext articles excluded, with :
(n=70 +32): | reasons (19 +9): |
- Contiruous outcomes (n=1% 10) I - Continuous outcomes (n&+ 1) |
Binary outcomes (n=165) I - Binary outcomes (n8 +1) |
Categorical outcomes (B=t+1) I - Categorical outcomes (%) |

No patientoutcome (n=75) | - No patient outcome (n3+1) |
Pharmacokinetics and | - Pharmacokinetics and |
Pharmacodynamics only (n= 9} J Pharmacodynamiasnly (n= 3) |

I

I

I

I

I

I

I

I

I

I

I

I

I

I

Paper included Papers included
(n=7+) (n=6+)

11

Papers included in qualitative synthesi
(n =20)

Papers suggested by expert
(n=4)

PRISMA= preferred reporting items for systematic reviews and-ametigses. Numbers in red represent records from the 2

stage of searches. The dashed lines show that citation searches and refeisteadgetking were done for pearls identified

FNREY RIGlIolasSa &aSENOKAYy3Iod tI| LISNBE SEOf dzRSR T2NJ GKS NBIl azy 2
searches and references lists checking as these were considered relevant for this purpose

49



2.4.1.1 Results from the first iteration

The first search iteration of databases identified 1520 records; plus 9 records (original pearls) which
were identified from the initial citation search of key papers and expert recommendations.tidter
removal of duplicates, 1156 unique records wereesoed by title and abstract resulting in 1079
records being excluded. The ftéixt papers for the remaining records (n=77) were retrieved and

assessed for eligibility. Seven of these papers met the inclusion criteria.

Results from the citation searchiagd reference list checking generated 895 unique records tfter
removal of duplicateecords Based on thditle and abstract screening, 870 records were excluded
resulting in 25 records. A further 19 records were excluded because they did not meatligon
criteria leading to 6 new papers identified as relevant for inclusion in the review. A total of 13 relevant
papers were identified from the first search iteration (databases=7; citation search and reference

checking=6).

2.4.1.2 Results from the seconrdration

The second search iteration on four databases identified 1757 records; 993 of these were unique
records. The latter were screened by title and abstract resulting in 960 records being excluded. The
full text of the 33 remaining recordsere assesed against the eligibility criteria leading adurther

32 exclusionsandonly 1 record was included from the second iteration databases searching.

The subsequent citation searching and reference list checking generated 291 uniques o @aoers

After excluding 281 records at the title and abstract screening stagetefa# for the remaining 10
records were retrieved and assessed for eligibility. This resulted in 9 further exclusions and 2 inclusions.
Hence, a total of 3 records were identifieaifin the second search iteration (databases=1; citation

search and reference checking=2).

The diminished number of relevant papers identified in the second search iteration (n=3) from a large
volume of records screened (n=1284) was used to inform the dignuwith the supervisory team to

stop further searching. The stopping rule (the point of saturation beyond which no further searching
was done) was prepecified by the review protocé?.By the end of this stage,tatal of 16 relevant

papers were identified from the first and second iterations of searches combined.

50



2.4.1.3 Papers suggested by expert advisors

The two expert advisordW and DH and my PhD supervisor (Dr Nicholzgimer) suggested a
combined list of 42 potentiallyelevant papers after checking the final list of included papers. After
further investigation, 29 of these papers had already been identified by the searchexelnded as

they did not meet the revievinclusion criteriaPapers which were excluded at title screening were
revisited with fulltext retrieved and assessed for eligibility. The main reason for exclusion was that
the method did not relate to the analysis of tirte-event outcomes (i.e. contirous, binary,
categorical outcomes). The details of all papers excluded as well the methods discussed in these

papers are provided in AppendixBable32-34.

The remaining papers suggested by expert advisors which were not picked up by the searches (n=13)
were retrieved and fultext assessed against the eligibility criteria. At the end of this process, 4
additional papers met the eligibility criteria and thereforens included in the reviewOf those, one

paper was an article in press that has not been published when the search was conducted and hence
not picked up by databases search. One paper was not picked up by the databases search because the
outcome was not dime-to-event but further included on the basis of assessing-effstctiveness
usingthe PKPEbased method with nofadherence incorporated in the analysis. The other two papers
were picked up by the searches but excluaggdhe title screening stage ahé¢ adherence related

term is not mentioned in the title.

2.4.1.4 Summary of results from all sources

A final list of 20 relevant papergasincluded for narrative synthesis in this review. The number of

papers included by theourceis summarised ifTable4.

Tabled4: Summary of the number of papers includedtbg sourceof identification

Source Number of papes
included

First database search

First citation searches and reference list checking

Secondteration database search

Second citation searches and reference list checking

A N | O N

Expert advice

Total 20
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2.4.2 Details of included and excluded papers

2.4.2.1 Included papers

Thebasicinformation of included paperss shown inFigure 7and 8. The year of publication ranged
from 1992 to 2018 with one or two papers published gearover the past three decadeand some
years with no papers includdé&igure 7)The number of citations pepaper since publication is shown

in Figure 8This is considered as a proxy measure of impact indicating thetdoytemhich the method

may have been uskin practiceRobins and Finkelstefollowed byHernanet al. were the most cited
papers. Theséwo papers proposed Marginal Structural Models (MSMs) with Inverse Probability of
Censoring Weighting (IPCW) dnderse Probability of Treatment Weighting (IPTW3pectively. Pink

et al, who propose a Pharmacokinetics and Phaoodynamics (PKPD) based hethadarelatively

high number of citations, despite ftavingbeen recently published(seeFigure8). Three out of 20
included papers looked at adjusting for nadherence in coseffectiveness analysis with the
remaining 17 papers focused on methods for adjusting estimates of treatment effect. This provides
further evidence about the gap in the healthomomics literature in terms of methods for accounting

for non-adherence in economic evaluations.

Figure7: Years of publication for papers includedhe review

3
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Figure8: Number of citations pgraper included sindée publicationdate
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2.4.2.2 Excluded papers

A total of 130 of the potentially relevant papers were excluded at thetdéuli eligibility assessment

stage The details ofhe excluded papers are provided in Appendjx Bble32.

2.5Taxonomy of methods identified to adjust for refherence

A taxonomy of methods for adjusting estimates of treatment effectiveness foraubrerence in the
context of timeto-event outcomes is proposad Table5. The purpose of the taxonomy is to increase
understanding of the concept behind each method and its relatiowtteer methods in terms of
estimands and estimators. Thitial structure of the taxonomy was revised based on consultations

with advisorgDH, F) and an expeiih causal inference methods ()W

In the proposed taxonomy, methods are broadlgissed into four groups: (1) simple methods which

do not appropriately adjust for necadherence(e.g. exclude not adhered patients from the analysis)

(2) principal stratification methods for estimating the Complier Average Causal Effect [CACE]
estimand?® (3) generalised methods gethods) which are based on the counterfactual outcome
framework originally developed by Neynfaand Rubi’ for estimating the effect of timdixed
treatments, and furtler extended by Robifs *?for time-varying treatments; and (4) pharmametric-

based methods as a unique approach using pharmacokinetics and pharmacodynamics (PKPD) analysis
commonly used in clinical trials for evaluating newly developed pharmacological interventions. The
estimand and key assumptions used by each method areigied inTable6. | provide an overview of
methods in each groupm the following subsectiondgzach method identified is describ@udetail in
Sectiors 2.7-2.10. However, an overview of methods included in each group of the taxonomy is

provided in the following subsections.

2.5.1 Simplemethods

Simple methods include ITT, PBnd AsTreated (AT)analysis. The ITT and PP represent the
conventional methods applied in practice in analysing clinical trials Th&alTT analysis strategy is to
include all patients randomisertgardless ohon-adherence, protocol deviation, switching or any
other postrandomisation event. The intention is to maintain the prognostic balance between
treatment arms as generated kihe original randomisationPP is anothesimple method which
includes a subset dhe study population who complied with the study protocol. The intention is to
estimate theefficacyof the treatment among those who followed the protocol. The PP analysis

strategy, therefore, excludegprotocol nonrcompliers, though different definitions of protocol
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deviations are used. The AT analysis estimates the ACE among individuals who actually received the

treatment; therefore, it does not respect the randomisatidm the trial.

2.5.2 Principal stratification methods

This group coversfive methodologicalapproaches.t KS YSGK2R& NB ol aSR 2y
AONI GAFAOILIGAZ2Y FNIYSS2N] Q PLINRrhShSIS Rre domside@dhl y I | 1 A 2
extensionto traditional methodsandthey are based ostratifying patients into different classes of

adherence These methods can be used to estiméte ACBEwithin principal strata (e.g. compliers).

The methods covered by this groape: (i) Cox PH model with Partial Likelihood Estimator (RLE);

Markov Compliance Class (MCC) model in a T&tage Method (3SNJiii) Weighted PetProtocol

(Wtd PP) analysis usind®& nodel with an ExpectatioiMaximisation (EM) Estimatp(iv) Compliers
PROPortional Hazards Effect of TreatmenrPROPHET) model; and (v) Instrumental Variable (IV)

methods

2.5.3 G-methods

G-methods arelargelybased on the counterfactual outcome framewakd includedifferent models
compared to those introduceth the previous two categories. This inclgderee methods and their
extensions:(i) MSM with IPCW/IPTWii)X Structural Nested-ailure Time Models (SNFTMg}h g-
estimationt and (iii) RankPreserving Structural Failure Time Modd®PEFTMswith g-estimation.

SNFTMs and RPSFTMs belong to a broader class of models kntnwatagaBNested Models (SNMs).

2.5.4 Pharmacmetrics-based méods

This class includes one methate Pharmacokinetics and Pharmacodynamics (PKPD) based method
which isa unique approach based gwharmacometris analysis commonly used in clinical trials
evaluating newly developed pharmacological interventions. This is a mechaased method for

modelling varying adherence patterns to estimatdhererce-adjustedcausal effects
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Table5: Taxonomy of methods for adjusting for ratherencen the context of timeo-event

outcomes
Methods group Method sub Method/Extension Reference
category
Simple methods | ITT * Intention-To-Treat (ITT) analysis Yu et al., 2018
PP PerProtocol (PP) analysis Wu et al., 201%
AT AsTreated (AT) analysis Korhonen et al., 1998
Principal CPH with PLE | Cox Proportional Hazards (CPH) Modg Cuzick et al., 2067
stratification with Partial likelihood Estimator (PLE)
methods MCC Markov Compliance Class (MCC) Mod( Lin et al., 2007
in a ThreeStage Method (3SM)
Wtd PP Weighted PeiProtocol (WtdPP) analysig Li and Gray, 2018
using a Proportional Hazards Model wi
an ExpectatiofiMaximisation (EM)
Estimator
GPROPHET CompliersPROPortional Hazards Effec{ Loeys and Goetghebeu
of Treatment (PROPHET) 2003°
v Instrumental variable (IV) with Baker, 1998
Likelihood Estimator
IV with Plugin Non-Parametric Empirica| Nie et al., 201%
Maximum Likelihood Estimation
(PNEMLE)
Transformation Promotion Time Cure | Gao and Zheng, 2087
Model with MLE taestimate the
Compliers Average Causal Effect (CAC
and the Compliers Effect on Survival
Probability (CESP)
G-methods MSMs Marginal StructuraModels (MSMs) with| Robins and Finkelstein,
Inverse Probability ofensoring 20008
Weighting (IPCW)
MSM Extension: MSMs with Inverse Hernanet al., 200F2
Probability of Treatment Weighting
(IPTW
SNFTMs Structural Nested Failure Time Models| Robins et al., 1992
(SNFTMs) witly-estimation
RPSFTMs RankPreserving Structural Failure Timq Loeys et al., 2061

Models (RPSFTMs) wigkestimation

RPSFTM Extension: Incorporating
covariates to improve the precision of
estimators

Korhonen and
Palmgren, 2002

RPSFTM Extension: Improving the
efficiency of the estimators

Loeys and Goetghebeu
20027
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RPSFTM Extension: Allowing for
dependent censoring

Matsui, 20048

RPSFTM Extension: Choice of model 3
impact of recensoring

White and
Goetghebeur, 1998

Pharmacometrics
based methods

PKPD

Pharmacokinetics and
Pharmacodynamics (PKPD) based
method

Pink et al., 201%

PKPD Extension: Modelling varying
implementation and persistence types

of non-adherence

HilF-McManus et al.
2018*

*|TT does not adjustforneh RK SNBy OS o6dzi Ay Of dzZRSR
ignoring noradherence)

2.6Summary of estimands and key assumptions of identified methods

The estimand for each method identified and key assumptions are summariJedbiie6. The main
point is that different estimands are used making comparability across alternative methods
problematic. For example, the ITT effect of treatment assignment in the entire study piopula

cannot be compared with an estimate from the IV CACE estimand which is restricted to the subgroup

of compliers.
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Table6: Estimandscausal interpretations and key assumptions for-adherence adjustment methed

Method Estimand Estimand Attribues Causal Interpretation of the Estimate Key Assumptions

ITT The effect of Entire study population; ignoring Theaverage causal effect of treatment assignment or] The randomisation assumption (i.e.
treatment events such as neadherence | the survival outcome in a particular study (regardless| group membership is randomly
assignment (not | and dropout FRKSNBYy OSs RNERLRdzi 2 S OX assigned), which implies that groups
the effect of are comparable oexchangeable.
treatment itself)

PP The effect of Subpopulation of the protocol | The average causal effect of treatment on the survivg The groups of patients who adhered
following the study| compliers in the study; excludin¢ outcome in individuals who adhered to the protocol in to the protocol in each arm are
protocol protocol non compliers from the| terms of eligibility, adherence, outcome assessment, | comparable after ceariate

analysis set etc... adjustment.

AT The effect of Subpopulation of patients who | The average causal effecttoéatment on the survival | The group of patients who received
treatment actually | initiated treatment; with outcome among individuals who actually received the the treatment is comparable to those
received patients who switched treatmen| treatment in the experimental group (including contro| Who did not, regardless of their

analysed with the group they | group patients who switched on to the experimental | treatment assignmenéafter covarate
switched to regardless of treatment) compared to those who actually received | adjiustment
randomisation the standard treatmen(or those actually not received

the treatment in placebeacontrolled trials) regardless o

treatment assignment

CPH with PLE | Thecomplier Subpopulation who adhered to | The average treatment effect on the survival outcomg Covariates included in the model are
average causal the protocol; excluding patients | in the compliers sukpopulation (patients who adhered| independent of adherence
effect (CACE) who did not adhere to the to the protocol)

protocol in each arm of the stud
MCC CACE As above As above - The Markov assumption

- Timevarying adherence depends ¢
the history of adherence

- Latent and ignorable missing data
mechanism
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wtd PP CACE As above As above The mtient population consists of
three (pos§ibly Ia:cent),subgroups:
YYOoADI Sy (ntdRefudbksy
GPROPHET CACE As above As above The exclusion restrictioassumption
v CACE As above As above - The exclusion restriction
assumption
- Randomisation has no effect on thg
probability of adherence to
treatment
- Monotonicity assumption
MSMs with The effect of Entire study populationhad The average causal effect of treatment that would hal - No unmeasured confoundsr
IPCW/IPTW treatment had everybody adhered to the been observed if everybody adhered to the prool. - Positivity assumption
everyone protocol with perfect adherence| MSMs estimate the average treatment effect in the
remained to the prescribed dosing regime| entire population, but the causal effect in a subset of
adherentto the (or had everybody adhered to | the population (defied by a combination of variables
protocol the protocol at an alternative can also be estimated. The IPCW estimand can also
level of adherence to the interpreted as a comparison of the potential
prescribed dosing regimen than| (counterfactual) outcomes under different levels of
what was observed in the trial | adherence in the same group of subjects.
(e.g. realworld adherence level)
SNFTMs witlg- | The effect of As above The average treatment effect that would have been | - No unmeasured confounders
estimation treatment had observed if everybody adhered to the protocol (or - Survival times and treatmerftee

everyone
remained
adherent to the
protocol

remained at a particular adherence level such as-rea
world adherence level). SNFTMs can be used to

estimate the average causal effect in a subset of the
population defined by a combination of factors (L), e.

men, patiens aged >60 year§ (i O X

survival times are proportional by
an unknown factor that depends or|
the exposure
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RPSFTMs witly | The effect of As above The average treatment effect that would have been | - The randomisation assumption
estimation treatment had observed if everybody adhered to the protocol - The common treatment effect
everyone compared to none treated. assumption
remained - Survival times and treatmerftee
adherent to the survival times are proportiondly
protocol an unknown factor that depends o
the exposure
PKPD method | The effect of Entire study population; given a| Theaverage causal effect of treatment if individuals | - The exclusion restriction
following a particular pattern of adherence | followed a particular adherence pattern. assumption
particular to the prescribed dosing regime| - Correctly specified modéihere are
adherence pattern at least 2 components to thighe
in the study link between adherence and PKPD
population and the link between ARD
(surrogate) and the final endpoint

* The estimand is the parameter of interest defined using four attributes: (i) the population, (ii) the outcome variablgpoire, (iii) the specification of how to deal with
intercurrent eventge.g. include compliers only), and (iv) the populatiemel summary of the outcome variable. The description of the estimand in this table is focused on
two attributes (the population and specification of how to deal with intercurrent events)) as the tilweattributes (the outcome variable and the populatievel summary

of the outcome variable) are expected to be similar in theteghof time-to-event outcomes.
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Narrative synthesis of identified methods

The following sections provide thearrative synthesis of the identified neadherence adjustment
methods. The sections describe the identified methods (categorised based on the proposed taxonomy
(Tableb) including their extensions. Details are not given for ITT and PP as they are so commonly used,
but all subsequent methods are described in terms of their origins, theoretical characteristics and
applications.The latter providethe application of the rathod in a case study, simulation studies or
both. These were reported as demonstrative case studies in the included methods papers. No
additional case studies or simulation studies were included to describe these mefffwamethods

that | subsequently ksose not to take forward (including their extensions) are only described briefly,

whereas the more relevant methods are described in more detail.

2.7Simple methods

This section descris the identified noradherence adjustmenmethodsincluding their extensins
Details are not given for ITT and PP as they are so commonly used, but all subsequent methods are

described in terms of their origins, theoretical characteristics and applications.

2.7.1 Intention-To-Treatanalysis

In the ITT analysispproach individuas are analysed as randomised regardlessvhether they
adhered to their assigned treatments or ndtThe treatment effect estimated from an ITT analysis
will reflect observed adherendevelsbut does not include any causal link between adherence and
treatment effect The focus is to maintain randomisatidii.Tanalysigproduces an unbiased estimate

of the observed treatment strategiehowever, the question is whether these strategies represent
the estimand of interesin answering the scientific questiolf there is noradherence, anthe analyst
needsto know what the effect is witla different level 6adherencege.g. realworld adherence level)

then ITT analysis does not answer the question we are interested in and so will likely not give an

accurate estimate of th effectthey are interested in.

In RCTs with neadherencethe ITT analysis likey to mix the benefit of treatment among individuals
with a high level of adherence with the absence(of suboptimallbenefits among those with low
level of adherencé® "8 Therefore, in a situation wherthere exist non-adnherenceto the assigned
treatment, the ITTanalysisnaynot be the apropriate analytical approacln RCTs with tim&o-event

endpoints, the conventional model used to estimate treatment eéxthe Cox Proportional Hazards
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(CPH) mode® In this context, he KaplarMeier (KM) norparametric survival model is commonly
usedfor creating survival curves using the fraction of patients surviving for a certain amount of time

after receiving the treatment

2.7.2 PerProtocol analysis

The PP analysis approagxcludes protocahon-compliersfrom the analysis® The idea is to estimate

the efficacy ofreatmentamong patients who adhered to the study protocbhemainconcern is that
excluding some patients from the analysis may undermine the prognostic balance generated by the
randomisation which may introduce selection bi&his is likely to be the cagenon-adherence is not
random,i.e. if non-adherence is influenced by other patient characteristics and prognostic factors.
Therefore, estimates using unadjusted PP analysis may produce biased estimates as a result of failure
to adjust for confounding by meared and unmeasured factors. Even if prognostic factors which are
associated with noradherence are correctly identifiethe standardPPanalysis will introduce bias if

there is timedependent confoundingThe key issue with PP analysis is that the esiinis not
marginalised to the entire study population, therefore, the method does not answer the queasition

interest

The limitations othe PP(and IT)analysisapproachin adjusting for noradherence is well established

in a wide body of the causalference methodological literaturé® ° The key limitations include
difficulty in adjustingfor time-dependent confounding and potential bias introduced by excluding
patients from the analysis when using PP analysis to estimate treatment effect in the presence of non
adherence As ITT and PP are widely used as conventional methods for estinraiiiment effecs,

it is, therefore, important to know how their estimates differ from other naaherence adjustment
methods.Therefore Iwill present estimates based on these methods (where repairietie reviewed
paper9. It is worth noting that theresults estimated by the alternative methods may not be directly

comparableo ITT and PBue to different estimands.

When there exists tim@&lependent confounding, more complex methods are needed to adjust the
causal effect of treatments in the presendenon-adherence. These includemethods such as MSMs

and SNMsthese methodsire introduced irSection2.9.
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2.7.3 AsTreated analysis
2.7.3.1 Origin of the method

The AsTreated analysis approach was first introducedkairen et al®® to adjust for patient non
adherence inthe analysis of trial data from the Alpkeocopherol Beta Carotene Lung Cancer

PreventionSudy (ATBC study) as described in further deétaectior2.7.3.3

2.7.3.2 Theoretical characteristics

AsTreated (AT) analysis is a simplistic approach for estimating the ACE of treatmentamtinet of
RCTs. Thmethod estimates the causal effect among patients who actually received the treatment
compared to those who did not receive the treatment, regardless of randomisation, theréfdoes

not respect the randomisatioim the trial The main issue is thitte group who actually received the
treatment is unlikely to be comparable to the group who do not, making this approach prone to
selection bias. The method has been used to adjust foramtirerence at the initiation stage, mostly

for time-fixed treatments

2.7.3.3 Application in a simulation study and case study

Kdhren et al*® appliedthe AT approach for adjusting for neatdherence using a simulation study and
further application using real data in a case study. The simulation study was designed to mimic a two
arm trial (active treatment vs placebo) with a sample sizZE080 and simulations repeated 500 times.
Scenarios assessed includetbutcomedependent case where the survival time dependpatients
receivingthe active treatment (time on treatment) and an independease scenario. The simulated
dataset also inclded a case with baseline unmeasured confounders as common causes of the survival

time outcome and the exposure. The method was compared with ITT and RPSFTM stithation.

The results from this simulation study found that the AT approach can pradisieading estimates
when ahon-adherencedependent outcome exists in the data. In contrast, RPSFTM produced a valid
causal effect, under the assummgns male by this approach, even in scenarios with outceme
dependent noradherence. The paper concluded tHRPSFTMith g-estimation would be the best

alternative in these situations.

In addition, the investigators applied the three methods in a case study using real data from the ATBC
study. In brief, the study compared the causal effect of beta carotemsus placebo on the survival

of lungcancerpatients The level of persistence natherence observed in the study westimated
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as25% The AT estimated an HR of 2.13 (95% Cl:233compared with an ITT HR of 0.92 (95% CI:
0.86:0.99) andan RPSFTMiith g-estimation HR of 0.93 (95% CI: 68%9). The results from the case
study are consistent with the findings from the simulation study, which concludes that the AT analysis

may produce misleading results when estimating the ACE in the presence @fdienence

2.8Principal stratification methods

2.8.1 Cox Proportional Hazards Model with Partial Likelihood Estimator

2.8.1.1 Origin of the method

The Cox PH model with Partial Likelihood Estimator (PLE) approach was originally proposed by Cuzick
et al. to adjust for thenorinitiation type of noradherence for binary outcoméé.n the context of

RCTs with tim&o-event outcomes, the standard Cox PH model is widely useesfonating the ACE

of treatment® The method was extended by Cuzick et®ab deal with noradherenceand the

description of the methodbelowis based orthis paper.

2.8.1.2 Theoretical characteristics of the method

The CPH model with PLE is a method for adjusting foradterence while respecting the
randomisation (randomisatichased). This is a seqparametric model where the treatment effect on

the distributons of failure times is the parametric part. A simple (iitenative) version of the method

can be used when there are no covariates to adjust for (or if the analyst decides not to adjust for them).
This simple version is considered as a generalisatitheaflassical MantdHaenszel (MH) estimatd¥f.

The more general PLE version of the method was developed to incorporate covariates assuming that
they are independent of adherence. The method is designed to incorporate-itidependert
covariates. An extended version of this method which can incorporate-tiependent confounders

is introduced in Sectiod.8.2

The concept of this method ibasedon patient stratification by adherence status (i.e. binary
adherence) and then incorporating covariatesadjust for confounding under a strong assumption
that covariates are independent of adherence. The method caappéied to estimatehe treatment
effect based onthe CACE estimandlhe method works by stratifying the study population into
different classes and then estimiatjthe ACE by comparing the outcomes between different strata of
interest (e.gcomplierg. The method can also be used to adjust for raatherence in situations where
non-adherence is dependent on covariates, but this approach requires a more complex estidator.

important assumption is that covariates are independent of adherence (which mighnhiealistic).
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Therefore, the method can be generalised to situations where-amimerence is dependent on

covariates.

To introduce the basic model, the method classifies patients (randomised inartwérial) into three

classes: (a) insisters (indiuals who always want the new treatment; (b) ambivalent (individuals who

accept any treatment offered to them); and (c) refusers (individuals who refuse the new treatment, if

randomised into the intervention group). Each class is divided into two gretupsdom for receiving

the new treatment (T) or the control (C). This is best explainddgure 9which was adapted from
GKS SELX I YylILiGA2y®

Cuzick et alt (i 2

adherence class, we can only observe the following four groups in thel&&®lso sed-igure 9)

I AR

- CT (yellowy; insisters assigned to the control arm

. S0l dzasS Ad

- CC (greem) ambivalent and refusers assigned to the control arm

- TT (blue); insistersand ambivalent assigned to theeatmentarm

- TC (orangeq refusers assigned to theeatmentarm.

Figure9: Groups of patients by compliance class and randomisation group

Randomised to:

compliers)

Control arm Treatment arm
Insisters CT TT
Ambivalent CC TT
Refusers (non CC TC

A a

In the basic model provided by Cuzick et%an individuawith covariatesK, », z) will have a hazard

function presented in equation?].
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where <t is the treatment effect in compliers (CACE estimand) expressed in tefrie hazard at
time t for a cumulative hazard function(t) (this is only observable for ambivalent clags)is the
adherence class of theMkindividual, z, is a vector ofbaseline covariates, andis a set of time
dependent covariatedn some cases, $hould also be noted thabandk are not observed in the RCT

data.

Themethod proposed three different estimators to estimate the CA@QBo covariates adjustment
using the CPH estimator or using the iterative approaches of M#tgehszel weights (MH) or
efficient onestep weights (EW); (ii) using covariates which are considered as independent of class
membership; and (iii) using covariatesrelated with class membership. The latter two methods rely

on the partial likelihood estimator (PLE) or full likelihood estimator (FL). Further details about the

technical properties of these estimators are reported in Cuzick &t al.
The method makes three assumptions:

(a) The proportional hazards assumption, which implies that cumulative hazard fuactien
proportional in the absence of treatmenthat is the treatment effect (HR) must be constant
over time

(b) Independent (norinformative) censoring; and

(c) Covariates included in the model are independent of adherence.

In terms of potential bias, the proposed method is generally powerful in producing unbiased estimates
of causal effect when there are no, or minor, deviations fitmassumptiong® However, the method

may produce biased estimates of treatment effect in extreme cases (extremely unequal proportions
of insisters and refuserdy.This was found in a simulation study desigrniedest this method’®
Moreover, the EW and MH approaches are less powerful when therkigh&vel of noradherence

in the trial population’® The findings from the simulation study suggest that the EW agprdas no

substantial benefits compared to the MH approach.

The method has some advantages and disadvantages. The FL approach performs well across different
classes of noadherence for scenarios with both small sample size and large sample &ireefdly

to compute and also showed good performance except in a situation where thahégh insister or

refuser effect. The method can be applied for adjusting for-adherence in the context of twarm

RCTs as well as placetantrolled RCTs. Moreovethe method can easily handle ties between
censored observations and wensored observations by making an additional assumption that un

censoring occurred firstThe main limitation of this method is ttafficulty of modelling timevarying

66



treatments andother forms of horadherence beyond initiation (i.e. implementation and persistence
non-adherence. This is formally possible, but the causal interpretation of estimates from these
models is difficult. Finally, the CACE estimand used by this approacdhiermatic and not
appropriate forthe HTA context as discussed earlidherefore, | do not provide detail on the more
advanced applications of this method (tirdependent covariates and other forms of nradherence)

as the method does not give estimatiémit are useful for an HTA perspective.

2.8.1.3 Application in a simulation study

The method was applied in a simulation study for evaluating its perform&ides involved a detailed

study for assessing the performance of five estimators proposed by this method (i.e. PH, MH, EW, PL
and FL estimators). The simulation study was conducted for evaluating the ACE of hypothetical
treatments a survival time outcome. The study was done for two main scenarios of sample sizes (200
and 2000 observations) for a twarm RCT design with dualassignment. The simulation study also
considered three scenarios of covariate structures (no covariatesariet®@s independent of

randomisation, and two covariates).

The simulation study showed that the treatment effect was underestimated by the standard CPH
model. An underestimation was also reported for models with weighted estimators without
adjustment forcovariates. Further details about the performance of the proposed estimators in

different scenarios are reported in Cuzick eféal.

2.8.2 Markov Compliance Class Model in a Ti8&ge Method
2.8.2.1 Origin of the method

The Markov Compliance C#a$MCC) model was originally developed by Lin éf aking the
compliance class model framework of Imbens and ReimLin et al., the method was extended to
adjust for timevarying noradherence in the context of longitudinal studies where patients are

randomised at baseline and randomisation is maintained over.time

2.8.2.2 Theoretical characteristics

The method is based on specifying two possible adherence classssaralfollow-up time points,
e.g.five-time points resulting in a total of 32 {Radherence patterns. A stratification strategy can then
be used to stratify adherence patterns into sugmasses (low compliers, decreasrgmpliersand

high complierg. This can then be used to estimate tA&€E of treatment accounting foihe non-
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adherence superclass variable. CACE is the estimand used by this method which means the treatment
effect estimated cannot be marginalised to the entire study population. A nested MCC model was
extended to incorporate baseline covariates (patient characterjstisspredictors of tim&arying

adherence’’
The MCC model relies on the following key assumptions:

a. Timevarying adherence depends on the history of adherence
b. Missing data mechanism is latent and ignorable

c. Data are missing at random conditional on adherecless and the covariates.

The MCC method works by searching for relevant individual paléset baseline predictors of the
superclass strata that describe tinvarying adherence patterns and assess the relationship of these

superclasses and the outene. The analysis follows three stages:

€) Principal stratificatiorof patientsto describe timevarying adherence patterns;

(b)  An hcompleteRI G Y2RSf G2 O02YLMziS (GKS aLI2AGSNA2I
I RKSNBEY OS &dzLISNDf | 43P RK SNENVDSa GIHABZNOGE K& a ¥
missing dataand a multiple imputationtechniqueis applied using the Markov Chain
Monte Carlo (MCMC) simulations to compute the posterior distributions; and

(© A ompletedata model to relate the imputed adherence superclass to baselinarizig

and the survival outcome, which is a model that gives the CACE estimand.

As reported in Lin et &f, the method can be used to estimate the CACE estimand among the
compliers superclass. Mel [3]can then be used to account for thelatonship between adherence

and survival time at timé.
Y 0 MMoAgp OY 0 [3

wheref for one of the adherence superclasses is assuthfad identification (referencsuperclass)
andYAd AYRAQGARdzZ f AQa f I (QBwhiter df supeRiNsSSes. Qi et®lalzolS NOf | &
provided formulae for estimating the survival function using the Kaparer model for computing
the hazard rate when there are no covariatés a limitation, the method cannot deal with time

dependent confounding.

In a twoarm RCT setting, Lin et®lspecified the following four possible adherence classes. These

classes are considered as latent because they are not observable at baseline.
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0] Adherers who would always adhere to the treatment they were randomised to;
(i) Always takers who want to receive thew treatment regardless of their randomisation;
(iii) Nevertakers who choose to be in the control arm regardless of their randomisation; and

(iv) Defiers who always take the opposite treatment they were assigned to receive.

In terms of situations where the MCGCethod might not be appropriate to use, one was identified
relating to the pattern of noradherence. That is when the number of subjects experiencing a
particular adherence pattern is too smatie method may produce estimates which are not clinically
mearingful. In these situations, inference will be sensitive to the modelling assumplioraoid this

broader adherence superclasses should be used.

While the MCC method allows us to assess the relationship between baseline covariates, adherence
and the sirvival outcome, the method does not allow the analyst to understand the reason why
particular adherence patterns lead to poor health outcomes. Similar to previously described methods
(principal stratification methods), the method estimates a treatmeneefffor each latent adherer

class of patients (e.gcomplier§ which wouldmake it difficult for policymakers to make decisions
based on evidence estimated by this methdtiis is because they are not identifiable at baselike.

a limitation, the method an not deal with timedependent confounding.

2.8.2.3 Application in a case study

The MCC method was applied in a case study on depression. This was applied using data from the
Prevention ofSuicide in Primary Care Elde@gllaboration Trial (PROSPECT) studyng this study

data, three initial latent adherence classes were assumed, but one class was found to be very small
leading to clinically nomeaningful estimates, and therefore, excluded. This left only two latent
superclasses in the analysis (increagiognpliersand high compliers) which were assessed for five
follow-up time points (4, 8, 12, 18 and 24 months). The analysis showed that a beneficial effect
(improved survival) amongomplierscompared to norcompliers (HR=0.32; CI:0:0%8). Further

details about this case study are reported in Liraet’ This case study shows that the method has

beenapplied, but no information was provideabout the performance of the method

2.8.3 Weighted Peirotocol using PH Model with EM Estimator
2.8.3.1 Origin of the method

Li andGray® proposed the Weighted Pd?rotocol (Wtd PP) by extending the approach introduced in

Section2.8.2 This method is focused on the ambivalent class with twain contributions: (i)
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proposing a Wtd PP estimator by using thrarying weights in the in the PH model; and (ii) proposing
an EM algorithm to maximise the FL and PL which were originally considefedzinket al.’® The
method was developed to adjust for timelependent confounders which are associated with non

adherence.

2.8.3.2 Theoretical characteristics

The theoretical characteristics of this method are similathi® CPH approach introduced in Section
2.82; therefore, | briefly describe the advantages and disadvantages in this section. The key advantage
of the Wtd PP approach is its ability to update the baseline risk over bignasing a weighted Cox
model. In other words, the method attempts to estimate the ACE of treatment weighted by-time
varying confounders included in the model. In addition, the method prdedak robust in modelling
misspecification in both insisters and refusers classes as no distributional assumptions are imposed

among these two groups in the analysis.

2.8.3.3 Application in a case study

The Wtd PP approach was tested in a simulation study wdfiolved good performance in terms of

bias; but in most situations, the method proved less efficient than the likelihood estimator. Details
about the simulation study are reported in Li and Gfayhe method was further applied in a case
study on breast &ncer for evaluating combination chemotherapy, CMFP (cyclophosphamide,
methotrexate, 5fluorouracil prednisone) versus observation. The analysis included 424 patients with
analysable data with 11% nedherence level in the CMFP arm and 16% in the obgenvarm. The

Witd PP estimated an HR of 0.48 compared to 0.40 and 0.41 estimated by unweighted PP and ITT

analysisrespectivey. Further details about this case study are reported in Li and Gray.

2.8.4 Compliers PROPortional Hazards Effect of Treat(GHROPHET)
2.8.4.1 Origin of the method

The Compliers PROPortional Hazards Effect of TreatmePRPHEThethod was proposed for
estimating the ACE of treatmeattuallyreceived. The method was originally developed by Loeys and
Goetphebeuf® to adjust forthe initiation type of noradherence iman RCT contextThe estimand
which could be estimated by this method is CAOGEPROPHET ismsidered as a senapiarametric

model with the parametric side being the effect of the exposure on the survival times distributions.
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2.8.4.2 Theoretical characteristics

The concept of this method is thtite analyst coulddentify adherent patients (compligy at baseline

and estimate the treatment effect in this group, adjusting for baseline covariates. If individual patients
who actually adhered to the assigned treatment can be predicted at baseline in the intervention and
control arm of an RCT, then oneutd fit a PH model for this subgroup of the study population to
estimate the treatment effect. The ACE estimated by this method is not marginalised to the entire

study population, which is a limitation.

The GPROPHET model assumes that the hazard ofvalitime(T) is as povidedin equation #]:

_o pio p _o 1o pAgp T

where Z is the randomisation variable for individugldo  p for the intervention groupgd  Ttfor
the control group),O representsthe principal stratum at the treatment initiation stageThe
parameterf denotesthe causal proportional hazards effect in the subpopulation of complignis

is the parameter of intereghat is called EPROPHE™.

The@ wht!l 9¢ YS{iK2R HNEAFSD ANHalhwe&X wgEOUSOKYAIljdzS G
correction of the point estimate’® The jackknife technique showed a conservative esdi® of

variance (with 1% standard error) and high coveralge fercentage of simulations where the 95% CI
includes the true outcome) based on a simulatistudy used to evaluate the performance of tfie

PROPHET method.

The GPROPHET method relies onrfiey assumption$’

(a) The randomisation assumption;

(b) No access to the new treatmentinthe ¢ G N2t | NY O 0 KA & NB&5E dz¥¢ 8z 0@ &S
when an individual is randomised to the control arm);

)¢t KS GSEOfdaAAZ2Y NBAGNAOGARZ2Y | 4a4dzYLIWiA2yé 6KAOK
assumptionthat is randomisation affects the survival eome only through the exposure;
and

(d) The independent censoring assumption.

Regarding potential biases associated with thReROPHET method, the violation of assumptions
(particularly the exclusion restriction assumption) is the main risk diass. The method can

incorporate baseline covariatebowever, the causal effect of timgarying treatments with more
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levels of adherence cannot be estimated using tHRROPHET model. This is a limitation given the
time-varying nature othe non-adherenceproblem,and this is considered as a situation where the

method may not be appropriate to use.

Analysis using the-BROPHET method is easy to communicate which is an advantage. However, the
estimates are only valid if the exclusion restriction assunmpkiolds. This assumption is likely to hold

in doubleblinded RCTs, but this may not hold in sidAgiaded or nonmasked RCT designs. On the
positiveside, the EPROPHET method does not reqive application of artificial censoring as it does

not constrict individual counterfactual outcomes. The method rather works by fitting adherence

specific distributions of observed outcomes to estimate the treatment effect.

On thenegativeside, the @PROPHET cannot be used to deal with ftapendent noradherence.

The method is restricted to the binary initiation type of nadherence and therefore may not be

F LILIX AOF 6f S (2L Reldia GA WIDING YZSad A& 2 § 00 Smlkidnyedsa 2 F
The method relies on the neimformative censoring assumpti, and if this assumption does not hold,

then the method may produce biased results.

2.8.4.3 Application in simulation and case studies

The GPROPHET approach was applied in both a simulation study and a case study. The simulation
study was used to evaltmthe performance of ®ROPHET compared with RPSFTNroposed by

Robins andrsiatis®’ In the reported simulation study, 21 sequences ofadatere generated under

three situations: (i) a situation where only the PH model specifi@dtion2.8.4.2holds; (ii) only the

Robins and Tsiatis model holdsidg(iii) both models hold. The simulation study used a sample size of
150 observations randomised in a 1:1 ratio between the intervention and control arms, with 400
simulations (repetitions). The datgenerating mechanism used an exponential distribution for failure
times and varying causal effects with adherers havibgtéer prognosis compared to neadherers.

The generated data also includadime-varying hazard which was changed at 20, 40 and 60ths

from baseline.

The simulation study showed that theRROPHET model and the RPSFTM model are generally similar
in terms of producing unbiased results with thd®®OPHET estimator producingraallerempirical
standard error. The method showed higioverage of the 95% CI with 1% standard error
demonstrating conservative variance estimates based on theljaif& technique. The method also

showed ahigh reduction in mean square error (MSE) in tieuation (ii) where the RPSFTM model
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only holds butarger MSE in theituation (i) where the PH model only holds. Further details about the

asymptotic properties of the estimator are reported in Loeys and GoetphelSeur

The method was further applied in a case study on colorectal cancer using data from an RCT comparing
surgical resection followed by chemotherapy administexeaan atrial device (intervention arm)
compared with surgical resection alone (standard treatment arm). The ITT analysis estimated a causal
effect (in terms ofan HR) of 1.26. The-BROPHET estimate of the causal effect was-1tHi8 is the
proportionalhazards effect amongompliers i.e. the estimate from the CACE estimaffd)though

these are two different estimates, they are not directly comparable due to different estimadinits.

point is relevant to the simulation study undertaken in this research and will be discussed further in

subsequent chapters.

It should be nted that the RCT used in the case study wablimded which raises questions about

the possibility of violating the exclusion restriction assumption. However, the authors reported that
they have no reason to believe that has happened. The danger ofinpldie exclusion restriction
assumption is based on an intuitive suspicion that individuals assigned to the intervention arm may
have received more attention. If that is the case, then this may have had a direct effect on survival

outcomesthat is not caged through treatment received.

2.8.5 Instrumental Variable Methods

2.8.5.1 Origin of the method

The Instrumental Variable (IV) approach is an overarching term for a set of methods whicheould

used to recover thdCBIfG NB I G YSYy i Ay (GKS LINBaSyOS 27F adzy YS! ad:
traditionally been used by econometricians based on origimak by Wrigh{1928) and Golderberger

(1972)in the context of structural equation modelling (SEM). This approach has dusgried by

Angrist et aP* with further work by Imbens and Ruliinto adjust for noradherence using the
counterfactual outcome framework. The IV method was developed to estimate the ACE of treatment
received, rather than treatment assignment employed the ITT analysis. The technique was
originallydevelopedin a nonrtime-to-event endpoint context, and further extended to tint@-event

outcomes.

If the investigators are interested in estimating the causal effectbeiho longer prepared to assume
no unmeasured confounding because they have not collected data on potential confounders, then the

IV approactprovidesan attractive alternative. The key characteristic of this method is that it does not
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rely on the strong assumption of no unmeasured confing. Howeverjnstead it relies on the

exclusion restriction assumptipowhich isdescribedn the next section.

Threeversiors of the IV approach have been identified for adjusting for-4agiherence in the context
of time-to-event outcomes: (i) IV wit Likelihood Estimatd® (ii) IV with Plugn NonParametric
Empirical Maximum Likelihood Estimator (PNEMLEid (iii) Transformation promotion time cure
model with MLE to estimate the CACE ahé compliers effect on survival probability (CESP
estimands®?| discuss method (i) in Sectio2$.5.2and 2.8.5.3and further discuss the two extensions

in Sectior2.8.5.4

2.8.5.2 Theoretical characteristics

The concept of this method is based on SEM where the ACE can be estimated in two steps. The key
assumption to all IV methods is the requirement to identify a-r& LJ2 & dz8By Fzdayy RS RQ
instrumental variable thatlsi A 8 FAS& G(KS GSEOf dzAA2Y NBAGNRAOGAZY
survival outcome only through its effects on the exposure. This is best explained by a causal DAG, as
presented inFigure 10 In this DAG, the instrumental variable Z affects thecome Y only through

the exposure A (e.g. adherence to the assigned treatmdrtte absence of an arrow from Z to Y
indicates no direct causal effect of the IV on the outcome which satisfies the exclusion restriction
assumption. The variable U represents an unmeasured confounder (e.g. genetics). The exclusion
restriction assumption is likely to hold in doudsénded FCTs where randomisation is used as an

instrument. The IV variable must be-oonfounded,; this condition implies that Z is inéeent of U.

FigurelO: InstrumentalvariablecausalDAG

U
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The IV method works by adjusting for binary ramtherence for estimating the causal effect uding
CACE estimand. This can simply be done using atlge estimating process which can dggplied
easily in standard software. (a) estimate the effect of th on treatment initiation to predict A for
each individual patient; and (b) estimate the effect of the predicted treatment initiation on the

outcome Y, which will produce the causal effect of A on Y amongptimglierssubpopulation

The approach oBaker® approach used the randomisation factor, denot{gin the DAG. This is best
explained by imagining an RCT where individuals are randomised to the intervention group (Z=1) or
control group (Z=0). Individuals in the intervention group who immediately initiate treatment are
denoted T and those who refuse to initiate treatment denotedy)Tindividuals randomised to the
control arm are also denotedoTThe method works by consideg an experiment classifying
individuals in the trial population into four groups (similar to the classification used by Liricattak

MCC method) using a variable (R) to indicate the subject type as outlined below:

N - Nevertakers (bif either Z0 or Z=1)
Cc¢ Adherers (Tif Z=1 and dif Z=0)

D¢ Defiers (Fif Z=1 and Tif Z=0)

A ¢ Always takers (Iif either Z=1 or Z=0)

Because the randomisation variable R can be considered as a baseline covariate, its distribution will
beindependent oZ and therefore R can hisedasan IV. Under specific assumptions (outlined below)

the maximum likelihood estimation is formulated using cagpecific hazards. This is used to compute

the probability of having the causspecific event of interest (e.f@preast cancer death) at timefor

each latent adherence type. Then the joint probability of receiving the treatment at tiaxross
adherence types should be estimated (e.g. the sum of the joint probabilitiesofdng N and C types
conditional on Z=1)Then the treatment effect in terms of tt@ifferencein hazards or hazards ratio

can be computed. It is worth noting that individuals in group D and some individuals in group A are
actually switching treatment rather thaexhibiting non-adherence. Thisssuewas observed in a
number of methodological papers included in this review. Group D is excfuoiedhe analysis by

0KS aY2y202yA0Ale laadzyLlirAz2yé aaz20AFiSR 6A0K

In the context of survival analysis, The IV methodkesahe following assumptions:

(a) The exclusion restriction assumption (discussed above)
(b) The randomisation assumption
(c) Randomisation has no effect on the probability of adherence to treatment

(d) Monotonicity assumption which excludes defiers
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(e) Independence of failre time and censoring times

() Onlycompliersand never takerare included in the model

The exclusion restriction is a strong assumption which is difficult to evaluate systematically. However,
evaluation of this assumption could add credibility to tltharenceadjusted causal effect estimated

using the IV method. Therare a number of formal tests which can be used to evaluate the IV
FaadzyLJiA2ya &adzOK a GKS aLz AySlidzadftAade GSade oKA

Regarding potential biases, thmaethod considers death from competing risks as a type of-non
ignorable missing data, and this might be problematic. This is because, in some cases, death from the
cause of interest and death from other competing risks may both depend on treatment adherence

making the reliance on the randomisation assumption more vulnerable to bias.

The IV method witlihe likelihood estimator is easy @pply, andif the assumption$old, the method

can produce a valid estimate of causal effect in the presennemmfidherenceHowever, the method
estimates the CACE estimand which is not marginalised to the entire study populdt®method is
widely accepted in the economic literaturand its results would be easy to communicate. The MLE
used in this method caproduce negative estimates of hazards. This problem can be avoided by fitting
a polynomial logistic model of the causpecific hazards. The polynomial model can also smooth
estimates over time. As a disadvantage, the method may be inefficient in soreg dd® reason for

this asymptotic inefficiency relates to the standard IV approach observed irsunwival analysis
settings. Another disadvantage is that, finding an instrumental variable that meets all the criteria of a
valid IV can be challenginglore importantly, the method usethe CASE estimand which might not

be relevant to HTA policymakers and this is a limitation (This is discussed in further detail in Chapter
3).

2.8.5.3 Application in a case study

The IV method with likelihood estimator wapplied in a case study for estimating the ACE of breast
cancer screening on survival using secondary data from the Health Insurance Plan for Greater New
York (HIP) studf The HIP stug had a sample size of 60,000 women randomised to screening
(intervention group) and usual care (control groupiie analysis estimated the causal effect in terms

of life-years saved adjusted for initiation type of nadherence. Baké&tfurther applieda polynomial

model to estimate adherenceadjusted coseffectivenes® CdzNIKSNJ RSGIFAf & | NBE N

paper®®
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2.8.5.4 |V extensions

IV with Plugn NorParametric Empirical Maximum Likelihood Estimator (PNEMLE)

The IV with Plugn NonParametric Empirical Maximum Likelihood Estimator (NELME) was developed
by Nie et af* This is an extension to the standakidpproach formproving efficiency by making use

of the mixture structure in the data without making any assumptions on outcome distributions. The
mixture structure was previously used by Imbens and Rubin in a latent compliance class model. The
method classifies individuals in@o-arm RCT into four adherence classes (always tagenspliers

never takers and defiers) as previously defined. This means there will be a mixtompliersand

never takers in the control arm. The method relies on the same assumptions reportekction

2852

The PNEMLE approach assumes the following survival functiom®rguliersin the intervention
group denoted ass®%V) and control group denoted &yV), while nevetakers haveasimilar survival

function in both groups denoted &(V).
YSY po ‘YR p “ Y ® v
YY o ‘Yo p Y o ®
where” cis the fraction ocompliersin the intervention goup.

The PNEMLE estimator works by imposing a constraint in the estimation such that the probabilities of
survival among neveiakers at that particular time point are similar in both arms. Based on this
constraint, and assuming that the proportionsaimpliersare similar in the two arms, the following
three analytical steps should be followed to estimate thiferencein survival probability among

compliers(in the two arms) at specific time point:

(@) Estimate the survival probability amorgmpliersin the intervention group [&(V)], the
survival probability for never take&:(V) in the two groups, and the observed proportion
of compliersin the intervention group .. The first two parameters can be estimated using
the KaplaAVieier estimator.

(b) Estimate survival probabilityddV) in the control arm using the ngrarametric empirical
likelihood estimation.

(© Estimate the treatment effect using estimates from steps (a @).
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The PNEMLE method was evaluated in a simulation study and also applied in a case study showing
how the analytical steps should be applied. A #aron RCT data with a sample size of 2000 patients

and 1000 simulations @re used. The simulation studyas restricted to include only compliers and
never takers. Generally, the PNEMLE performed well compared to the standard IV method in terms of
unbiasedness and efficiency. Relative bias was 11.1% in the worst situatimhdje PNEMLE is
proved to be atéast asefficientas the standard IV approach, and in many cases more efficient (28%
reduction in RMSE}.An advantage is that PNEMLE does not rely on parametric assumptions used in
accelerated failure time models. As a disadvantage, a finite sample size bias was observed in the
simulation study. Further details about the asymptotic properties of the PNEMLE estimator are

reported in Nie et af!

Nie et alf! reported that theyhad not investigated a situation wheby the probability of non
adherence depends on baseline covariates. This is a serious concern as adherence is more likely to
depend on baseline patient characteristics such as comorbidity and it is not clear if this method would
produce an unbiased estimatender these situations. This issue falls under a broader methodological
guestion of estimating ausal effect under dependencelowever, in theorylV methods have the

advantage of not relying on the no unmeasured confounding assumption.

In the case studythe PNEMLE estimator was applied to the HIP study (an RCT designed for estimating
the effectiveness of breast cancer screening on sundvahe PNEMLE method produced very similar
estimates and confidence intervals compared to the standard IV method. The PNEMLE estimated a
12.3%higher probability of survival over 10 years amangplierswho received treatment compared

to those who adhered to receiving contréfsThe ITT estimates are smaller than PNEMLE indicating
that the level of noradherence in the HIP study wasryhigh. However, the estimands frothe two
approachesare not directly comparable to the ITT. This is because the ITT estimates the effect of
treatment assignment on the survival outcome; while the PNEMLE estimates the effect of treatment

actually received

IV using transformation promon time cure model

Gao and Zheri§ proposed a semparametric causal transformation model with MLE for estimating

the CACE and CESP estimand in aafmwo RCT setting with nenitiation (alktor-nothing) non
adherence. This moded 1 KS A Y RAQGARdzZ f Qa A dzZNBAGIE GAYS Ay
conditional on covariates and latent adherence type based on a key assumption that censoring time

and survival time are independent.
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The method makes the same \samptions described by Angrist et®4and Nie et af! ¢ see Section

2.8.5.2 The randomisation assumption used is a weaker version conditional on covariates to allow fo
confounders to be taken into consideration. The method makes an additional assumption known as

0KS aO2yRAAEAR yOZ Y2V YOS Of  4a¢ | &adaomlidrsgny & KA OF
the data. The cured individuals considered by the CACEsauengd to have infinite survival time.

For the potential outcome (event time) detonated by The conditional survival function in the

transformation promotion time cure model is provided by the following formula:

Y 00 001 -4 - ® 060Y 0

where(.) is an unknown link function, G(.) is an unknown transformation funci@denotes a
baseline distribution function an®8 represents the indicator function. The parameter of interest
— is the causal effect in classK, is a vector of parameters that relates the covariates to the

survival function anfl is the intercept in the regression output.
Based orthe causal modeh the above formula, the CACE estimand for cured patients is given by the
following equation:
606® YHSY ¢chd & Y HSY ¢chid 1]

Considering the CESP estimand foicured patients, thecompliersurvival probability igiven by this
equation:

60w Y &Y ¢hid dfiY B Y 8Y ¢id @Y B
However, the estimand specified by the above formugabe effects at theindividualpatient level,

conditional on covariates. Once the individual effects arenestied, then a populatiotevel causal

effect can be estimated usirtge following unconditional versions of equations.
606 O°Y HD Y HESY ¢ [10]
60Y® OY gAY B Y &&AY HSY ¢ [17
whereO is an expctation parameter related to the distribution ot

This method was evaluated in a simulation study and further applied to real data in a case study. The
mixture structure in the data and infinitdimensional parameter in the model resulted in
computational difficulties. These difficulties were dealt with using the EM algorithm proposed by this

method to estimate the parameters. The CACE and CESP estimators used by this method were proved
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to be consistent as well as asymptotically normal. The method sbaeasonable performance and
NEBadzZ 6SR Ay SadAylidSa Of2alSNJ (2 (GKS adNHSe @It d
details about the asymptotic properties of CACE and CESP estimators are reported in Gao affd Zheng.

The model was further demonstrated by thgplicationin the HIP study data with samplesize of

60,696 women randomised to receive screening (intervention grouPrt31) or usual cangontrol

group, n=30,565). The analysis using the causal transformation model showed that the intervention
(screening) has a beneficial effect on survival and cure rate, conditional on covariates. The CACE
estimated that compliers (women who adhered taethcreening intervention) have a 17.97% higher
probability of being cured compared to women who adhered to usual care (no screening). For CESP,
the causal effect among necured women who adhered to the assigned screening interveritasa
3.82%higherprobability of survival over 3 years follow gpmparel to women who received usual

care (conditional on being uncured).

2.9G-methods

2.9.1 Marginal Structural Models with Inverse Probability of Censoring

Weighting

2.9.1.1 Origin of the method

The inverse probability of censoring weighting (IPCW) is a method that can be used to address
informative censoring. It can be used to address-adherence by censoring neadherers and then

using IPCW for estimating tReCEof treatment usingMSMs Exchageability in an RCT context implies

that individuals in one randomised group are comparable to the other group (i.e. they have the same
baselinerisk had they received treatment assigned to the other group). The IPCW approach relies on
WOR2YRAGAAGI DABEDKOQY YSIyAy3a (KIG GKS 2dzid2YS A

QX

treatment, conditional on variables included in the model. The MSM estimates the marginal
(unconditional) effect, that is thACE of treatmerdcross the study population, had eyene adhered

to the assigned treatment.

The IPCW is a form of a generic method known as inverse probability weighting (IPW). IPCW was
originally developed by Robins and Rotnif#ky2 I R2dza i T2 NJ Wiy BicaPofaliyy & OSy
data on tme-dependent confoundersThe Robins and RotnitZkpaper was excluded because it was

focused on continuous and binary outcomeghich are both outside the spe of thisreview.

Therefore, the description ahe IPCW approach reported here is mainly based on the Robins and
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Finkelstein paper, as it focused on tifreeevent outcomes® ThelPCW method foces on two key
aspectssA 0 GUKS AYRAGARIZ f Qa ¢SAIKG Aa AYyOSNRESE @
probability of remaining uncensored up to timeand (ii) this estimate is obtained by fitting a time
dependent CoPHmodel for censoring incporating timedependent prognatic factors.In other
words, f we are concerned about informative censoring, we weight patients to avoid the related
selection bias. Patients with similar characteristics to people who are censored aveigipted to
accountfor themselves and for the censored patients, thereby avoiding the selection bias associated
with the censoringln order for the method towork, the analyst needslata on baseline and time
dependent variables so that we can appropriately weight peopl® whve not been censored

according to their similarity to psple who have been censored.

2.9.1.2 Theoretical characteristics

In the context of noradherence, the IPCW method caa bsed to obtain a valid treatment effeby
adjusting for baseline and timgependent prognostic factors that predict both naxherence and
the survival outcomdi.e. confounders)To adjust for confounding in causal analysis, the analyst
should adjust for all baseline and tingdependent confouders. The issue is that theoretically baseline
confounders can be adjusted for using simple regression; however;dépendent confounders
cannot be adjusted for using simple methods. The IPCW is a méthbdan attempt to remove

selection bias causday such timedependent confounders.

LJIN

¢KS Lt/2 YIFI{1Sa (GKS 1S@& lFraadzYLliazy 27F Wy2 dzy YS!t a
I & & dzY Lligh@afility2 ¥ WOSy az2NAyYy3IQd | yRSNI GKAA | aadzyYLliAzy

the IPCW method can produ@n adherenceadjusted treatment effect. The IPCW adjustment is
based on the counterfactuautcome framework (introduced in Sectioh.3.1) for estimating
weighted sirvival times in people who haveot been censored. The analysis involves censoring
patients at the first time they become neadherent, which is likely to introduce informative censoring.
The application of IPCW weighting attempts to remove this infoweatiensoring by uveighting
individuals with characteristics similar to those who have been censored based on the exchangeability
assumption.IPCW also requires positivity assumptiorwhich implies thatthe probability of non
adherence is noizero. The method assumes that adherence is binary which could be considered as a

limitation of accountingdr implementation noradherence.

The IPCW estimation involves four steps:

0] Censor observations at the time of neadherence;
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(i) Model the probability of censang (norradherence) for each individual patieat each
time intervalk adjusting for baseline and timdependent confounders;

(iii) Compute the probability of remaining uncensored for each individual patient up to time
t; and

(iv) Use the inverse probabilities of remaining uncensored as weights in a weighted analysis
which can be applied to any survival analysig.MSM) to estimate the ALEof treatment.
In step (i), it is very important to fit noradherence models (e.g. logistic models)
separately for each randomisation ayas the reasons for neadherence (or censoring)

maydiffer by treatment assigned to each arm.

The IPCW weights prRdzOSR FNBY G(GKS Ay QOSHAKSO MlNma® edtbut i A Sa 6
not efficient. Acceding to Robins and Finkelstell,a i 6 Af AASRQ ¢SAIKGA aKzdzZ R
weighting can be inefficient compared to straightforward regressagiustment if only baseline

variables are important. To estimate the stabilised weights, the analyst should first construct-the un
stabilised weight({{ ) for each individual in time intervalt by multiplying all the probabilities of

remaining uncensore¢adhered)up to timet using the following equation.
0 B — [12]

where nHuis the predicted probability of noradherence in time intervat given the randomisation
group and adjusting for baseline covariate and tidependent covariates. The stabilised weights for

each individual(( can then be estimated using equatifii].

0 5 —J — B —— [13]

wherenH is the probability of noradherence given the randomisation group and adjusting for
baseline covariates onlyHu should be estimated using the same model applied to obyadrin the
denominatorof the stabilised weights equation, but without including thidependent covariatedn

the stabilised modell[3], baseline variables cancel out as they are in the numerator and denominator,
so if timedependent variables are actually not important, theiglagswill just be equal to 1. Then,
because the baseline variables are included in the outcomes model, the method collapses to just a

straightforward regression adjustment.

A pseudepopulation should then be created by weighting each individual in theyspopulation
using the stabilised weights obtained from equatidS3][ The last step is fitting the outcome model

adjusting for baseline covariates that have been used in the numerator of the stahilegtts in
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equation [L3]. The IPCW Kaplavieier estimator andCox partial likelihood estimators (or any other
survival analysis) can be fitted to obtain survival curves and estimates of HR weighted by the inverse
of the conditional probability of remaining uncensored using stabilised weights. This estimalio

produce a valid treatment effet adjusted for noradherence.

One problem withapplyingthis approach ighat it is impossibldo formally test whether there are no
unmeasured confoundershowever, there are some strategies which can be followedassess
whether it is a feasible assumption given the data. Reviewing the literature and developing a causal
DAG can help understand the relationships between covariates in order to identify known important
variables which are potential confounders. To itiigrthe prognostic factors of interest, one could fit

a model (e.g. timalependent Cox model of failure) which includes all potential confounders and then
keep only those which argtatisticallysignificant There are some limitation® this approachg for
example a prognostic factor can be important without being statistically significkenbather words,

the analyst should just include anything believed to be prognostic irrespective of signifiéaatieer
approach is to run tests of independence Wween the potential confounders, the exposure and the

outcome to determine if there are common causes.

In terms of advantages, the IPCW method (similar to the ogfreethods) theoretically has a greater
power to detectthe effect of treatment in the presence of noadherence compared with the
standard ITFanalysis approach. The method may allow us to estimate a valid causal effect at different
counterfactual (norobsewed) levels ofadherenceif the assumptionshold. The main limitation of

IPCW is the assumption of no unmeasured confounders, which cannot be proven empirically.

2.9.1.3 Application in a case study

Robins and Finkelstéfhapplied the IPCW approach to adjust for radtherence using data frothe

AIDS Clinical Trial Group10study to estimate the treatment effect of Aerosolised Pentamidine (AP)
(versus Bactrim) on overall surviv@he study enrolle@10 patients with time tgpneumocystisarinii
pneumonia(PCR recurrence used as a primary outcome and survival as a secondary out€ome
IPCWanalysis used stabilised weights and both the IPCW Kapdéer and IPCW Cox partial likeldod
estimators were used inwo separate analyses The analysis included three tirgependent
prognostic factors: haemoglobin levels, Karnovsky score (a measure of functional status), and asthenia
score (a measure of weight loss and lean body mass). firlee prognostic factors that met the
conditions of being confounders were selected by fitting a stratified 4itependent Cox model for
failure - the investigators only kept these three factors which were significatttep=0.12level. As

reported, it sems that this was the sole criterion used to assess whethecdméoundingconditions
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were not met and the cubff point seems rather arbitraryAfter checking the data, the investigators
eliminated three other potential prognostic factogswhite cell caunt, PCRepisodes and CD4 count
from the adjustment as they did not meet the conditions of being confoundéis. means thewere

not common causes of the exposure and the outcome.

Robins and Finkelstéfhundertook four causal analyse@) standard ITT analysis with censoring
applied atthe point ofthe patient being losto follow-up or end of followup; (b) applying dependent
censoring athe point of the patient beinglost to follow-up and treatment switchingfc) applying
dependent censoringt the point ofthe patient being lost tdollow-up, switching and discontinuation
(for nonmedical reasons); an@) applying dependent censoring thie point of patient being losio

follow-up, switching and discontinuation (for any reason).

Robins and Finkelsteéfhapplied the IPCW legank test for adjusting for dependent censoring which
takes into account data on the incdead timedependent confounders. The IPCW partial likelihood
estimate of mortality HR (AP compared to Bactrim) was 0.84 (IPCW 95% confidence interval {CI]: 0.21
1.57, zvalue of IPCW loetank test=2.55§5 The ITT estimate of HR was 0.63 (95%0CQKL.5, zvalue

of logrank test=1.7f° The IPCW estimate shows that thed@gk zscore is greater than 1.96 and the

95% CI excludes zero whichplies that there is strong evidence that Bactrim has a beneficial effect
on survival compared to AP therapy. This was not the case in the ITT estimates where the 95% CI
includes zerpalthough the estimated IPCW HR is not expected to be numerically liiglrethe ITT
estimate If the assumptions hold, th&PCWestimatesimply that Bactrim therapy has a beneficial
causal effect on survival, but that the standard ITT analysis failed to detect it. If the estimand of
interest is the causal effect of treatmeirt the presence of patient neadherence, then the ITT
estimate is not comparable tihe IPCW estimate. The key point is that IPCW has a different estimand,
that is the causal effect that would have been observed had everyone adhered to the assigned

treatment; whereas ITT estimates the effect of treatment assignment in that particular study.

An additional issue that is raised by the Robins and Finkelstein study is the importance of the way in
which censoring is specified within the analysis. It should be noted that the different ways of specifying
censoring iranalyses (b), (c) and (d) produdcéifferent estimates of the causal effect; and therefore,

it is crucial to specify a censoring mechanism that meets the definition chdberencentroduced

in Sectionl.2.

2.9.1.4 MSMs Extensions: Inverse Probability of Treatment Weighting (IPTW)

Origin of the IPTW method
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Hernan et af® introducedan MSM with the inverserobability of treatment weighting (IPTW) as
another class of estimators. This method relates to IPCW as they both belong to the broader IPW
approach. IPTW was originally developed for estimating the ACE of treatments from olumseiat
data with timedependent confounders. Similar to IPCW, the IPTW approach is based on the
counterfactualoutcome framework and is mainly focused on tiverying treatments. The method

also relies on conditional exchangeability. The key feature oftbtod is that it allows for modelling
longitudinal adherence patterns where patients follow erratic adherence behaviours in terms of

implementing the prescribed dosing regimen (i.e. on/off adherence patterns).

Hernan et af® argued that even if the no unmeasured confounding and model misspecification
assumptions hold, standard ITT analysis estimates of the ACE e¥diyiagtreatments would be

biased if two conditions are met: (a) there exist thaependent prognostic factors that predict the
survival outcome and subsequent treatment, simultaneously; and (b) treatment history is a predictor
of subsequent risk levelf thesetwo conditions are met, then theroposed IPTW estimator can be
used instead of standard (unweighted) analysis for estimating an unbiased causal effect of treatments

in the presence of patient neadherence.

IPTW theoretical characteristics

In the IPCW gproach (introduced in Sectidh9.1), individuals were censored after they first become
non-adherent to their assigned treatment and they remain censored for the rest of the study follow

up. This approach might not be appropgan situations timevarying noradherence to prescribed

chronic medications. As an alternative approach, one could allow individuals to become adherent

again following a period dfeing recorded as neadherent- this can be modelled using the IPTW

approach. The timevarying adjustment procedure offered llge IPTW approach could be used to

adjust for nonadherence at the implementation stage. In other words, IPTW works in the same way

as IPCW except that neadherers are not censored, but their n@adherence indicator just switches

02 amé GKSY RKKSNES VHINE WRYUKSY oF Ol G2 ané 6KSYy (K

l'Yy20KSNJ OKIF N OGSNRAGAO NBfFGAYy3 (G2 Lexogeneit YR Lt
which is important for undersinding the interpretation of causal parameters obtained from a
O2NNBOGfe &ALISOATASR a{ad !aaSaaryd 6KSGKSNI GKS |
exogeneit G2 0SS YSUIX @KI iatingthe tréakv@nt AU s indgierdidantiobthe2 T A Y A |
history of timedependent confounders up to timg conditional on the history of treatment (i.e.

adherence to the treatment before ting.
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IPTW makes the no unmeasured confounders assumption as used by IPCW (se@ SettiniPTW

assumes noiinformative censoring and no model misspecification given covariates measured in the
past and treatment histor§® As an aside, if we have varying adherence over time, and informative
censoring, one coulgotentially combine IPCW and IPTW to adjust for both problems in the causal

analpsis.

The analytical steps are similar to those described for IREDdthe main difference is the censoring
mechanism as described above. To introduce the MSM ATAVmModel, | use an example from
Hernan et al. for estimating the joint causal effec®@T and PCP prophylaxis therapy on mortality of
HI\fpositive patients. The marginal structural Cox model specified by Hernan et al. is provided in
equation [L4]: &

1 . & Y 0A@T @0 T RO oG [14]

hk

where,} [ A& AYRAGARdZ t Q&4 FI A tatmidreginendEndek the iga@abli I R NI ¢
(norrinformative) censoring assumption. The ignorable censoring assumption implies that the
conditional hazard of censoring at tirkés independent of failure times given the past AZT treatment

ol 'Q p , prophylaxis historpl Q p and the history of timedependent prognostic factors

beforek. Vis a vector of prdreatment (baseline) covariates alA ¢1 ') andA g1 are the causal

parameters of interest for AZT treatment and PCP prophylaxis therapy, respeciitelylPTW

estimate of the parameter can be obtained sing a veightedlogisticregression model with weights

calculated using the following formufa:

« s r h
®©o b ;r - [19]

where A indicates whether the patient is on treatment mophylaxispl™Q p is the treatment

history andd Q is the history of measured timdependent confounders up to and including tirke

It is worth noting that V was not included in the denominator because it is a subset of covérifles

so it is &eady included. Under the assumptions, a consistent IPTW estimator of the causal parameter
Oy 05 260GFAYSR 08 Ydf GALXR@AYy3 (KS AYRAOARdII t Qa
tbyw 0 @wd o, where?

sT hT h R
s h{ h

wlo B = [16]

w4 0 is the invese probability of urcensoring up to time divided by the probability estimated

without including timedependent predictors of censoring, but only including treatment history and
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baseline covariates. The calculated weights should then be used to crgeteudcepopulation in
which the treatment and prophylaxis therapy are statistically and causally exogenous. The causal

effects (estimate of parameter should then be estimated using the MSM specified in equatidh |

MSMs with IPCW/IPTW estimators hate advantage that they are considered as a natural extension
to standard models (e.g. standard logistic models, tilependent Cox models) which makes it
convenient to communicate their causal effect estimatidhshis is because once a pseudo
population is created with the weights, any standard survival analysis can then be performed to
estimate a valid causal effect. IPTW canused to adjust for notadherence in situations where
individuals are allowed to become adherent again following a period ofadbrerence. However, the
additional information gained by modelling-eelherence could be offset by the additional variability
introduced in the model, which isdisadvamage.®® Additional assumptions may also be introduced

when modelling readherence.

IPTW application of in a case study

Hernan et af®applied the IPTW approach in a case study using data from the Multicentre AIDS Cohort
Study (MACS) to estimate tl@int causal effect of AZT and PCP prophylaxis therapy on mortality of
HI\tpositive men. The MACS study enrolled more than 5000 participants with a median-tqllofv

67 months. However, Hernan and colleagues restricted their causal analysis to 2li6@aats who

had no diagnosis of AIDS amad not initiated AZT treatment or PCP prophylaxis therapy at the time

of starting their followup.

As a first step in the analysis, the investigators assessed if conditions (a) and (b), introduced above,
are truegiven the data. As a reminder, (a) existence of tohependent prognostic factors that predict

the outcome and subsequent treatment; and (b) treatment history is a predictor of subsequent risk
level. To determine whether condition (a) holds, they fitte @anweighted timedependent Cox

model that included baseline and tirdependent covariates (CD4 count and PCP), AZT and
prophylaxis variables. The model was used to assess whether CD4 count and PCP were independent
predictors of the survival outcome (degthThe model estimated an HR of 3.77 (p<0.001) for PCP
before timet.® For low CD4 count and moderate CD4 count (with respeetiiges of <200 and 200

500 relative to a normal value of500), the corresponding estimates of HRs were 16.5 and 3.48
(p<0.001 for both estimates), respectivélyTo assess if the current CD4 count and PCP were
predictors of subsequent treatment, they fitted two models for AZT treatment initiation and
prophylaxis therapy (pooled logistic models) including baseline covariates f/grféiCCD4 count as

time-dependent covariates. The treatment initiation model resulted in estimated HRs of 2.18, 3.38
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and 2.56 1§<0.001 for all) corresponding to PCP incidence, low CD4 count and moderate CD4 count
covariates, respectiveR?.In the prophylaxis initiation model, the corresponding HRs obtained were
1.87, 4.94 and 2.82€0.001 for all estimates). These results implt tendition (3, that there exist
time-dependent prognostic factors that predict the survival outcome and subsequent treatment,
holds in the MACS dataset.

To identify confounders, they fitted a logistic model to estimate the probability of developingnPCP

time t given baseline and timdependent covariates, AZT treatment and prophylaxis history at time

t-1. The model estimated HRs of 1.03 (p=0.64) and 0.77 (p<0.001) for AZT treatment and prophylaxis
therapy, respectivel§® This means that prophylaxis is a predictor of subsequent treatment, that is a
protective factor for PCP which informs subsequent treatment initiation. Thidtre@aplies that

condition (b) also holds in the MACS dataset. Subsequently, the authors concluded that the standard
ITT analysigould not be used for estimating a valid causal effect. The problem associated with
condition(a) is that standard ITT analysis does not allow for adjusting fordiependent covariates

(CD count and PCP) which implies confounding bias. Regarding conditiore (lmcdlporation of

current CD4 count and PCP as covariates in standard analysis implies bias because these variables are

affected by previous treatment.

As both conditios (a) and (b) hold in the dataset, Hernan ef%have appliecan MSMwith IPTW
estimator as introduced above. The IPTW weighted analysis produced a mortality HR of 0.67 (95% CI:
0.46-0.98) for individuals who indéted the AZT treatment compared to those who did not initiate the
treatment. For prophylaxis therapy, the estimated HR was 1.14 (95% Cit.84)9which represents

an adjusted treatment effect® The causal interpretation of the result is that AZT treatment has a
beneficial effect in reducing mortality of Hpédsitive men. In contrast, the HRs estimated by the
unweighted (ITT) angiswas1.85 (95% CI: 1.48.30) and 1.58 (95% CI: 1-389) for AZT treatment

and prophylaxis therap$? This result clearly siws that failure to adjust for timelependent
prognostic factors (i.e. CD count and PCP) in standard ITT analysis has resulted in failure to detect the

beneficial effect of AZT treatment.

2.9.2 Structural Nestedrailure Timélodels with Gestimation

2.9.2.1 Origin of he method

Structural Nested Failure Time Models FIMs) were originally developed by Robins et 8NFTMs
belong tothe wider class o6NMs The method is based on the counterfactual outcome framework

(introduced in Sectiofi.3.1). SNFTMsvereoriginally proposed to adjust the causal effect of treatment
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for time-dependent risk factors, in generalhe method wadurther applied to adjust for non
adherence for timeo-event outcomes in the context of observational studies and RCTs. The method
usesthe g-estimation technique (described in the next sséction) to estimate the parameters of

interest in the SIRTM.

2.9.2.2 Theoretical characteristics

The SIFM relatesthe individd f Qa 2 0 & S MB&/ént (digh tim8 of 2lekth) and observed
treatment history to the counterfactual outcome (the time at which the individual would have died)
if the treatment had been withheld. This approach will be essential to control for potdpitia in
which there exist a confounder (prognostic factor) for thsurvival timeoutcome that:(i) influences
subsequent treatment exposure; afil) itself can be predicted by previous treatment receied.
time-dependent confounder)Adjusting for such confoundgusing traditional methods such as Cox

PH moded will produce biased estimatés.

¢tKS YSGK2R YI1Sa (GKS lFaadzYLliazy 27F ay2 dzy YSI &adzNF
treatment conditional on confounding variableaccording toRobins et aj$* SNFTMsnakes two

further assumptionsi{a) the causal model for the effect of the treatment on survigatcome is

correctly specifiegdand(b) the recorded treatment data are accurate (no measurement errtnsjay

be difficult to veify or test ifthese assumptionkold. This is useth an AFT mode assuming treatment

effect can be summarised as a timeicatas opposed to an HR). It also assumes that adherence is

binary which could be considered as a limitation of accounting for implementatioradbarence.

To explain how the method works for adjusting for retherence, | use a simple SNFTMe simple

treatment effect model using the SNFTddn be writtenas follows:

G x_Q Qo [17

where® denotes the counterfactual outcome at time t (survival time)meansd K+ & G KS & Y ¢
RA & ( NRA ¢ aziiltiplRd by la #aétolQ if treatment is withheld, and the observed treatment

variabled o =1 if the individual initiated treatment anal © =0 if not.

If the individual is alive at time the counterfactual survival time {@ovided by equatiofl8] below.

—

» *  Q  QeQQL Qo pyY
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where D his the recorded history of timeependent covariates up to timg 0 is the history of

treatment receivedQ is an unknown parameter representing thef OG0 2 NJ 6& 6KAOK (KS
remaining survival time is expanded or contracted by initiating treatn{adherel) at time t. The

unknown parametelQ A & G KS o OOBRES MIA (i K2 W SHIH GduediicaleffdctdzS Y S|y
of the treatment. Tl is the parameter of interest that should be estimated usinggfestimation

procedure.

ThegSadGAYlF A2y GSOKYyAIldzS dzaSa gSadfilya d gasEmatoa @ KB ( 2
is considered as a generalisation and improvement ofgfiermula @-computation algorithm) and

the associated @ull test previously proposed by Robins (1986) and Robins and Greenland (1992). In

the SNFIM framework, g-estimation is used to sech for[ value which adds the least to the

prediction model of treatment initiationThis means we search for a valug athat results in &

term having a coefficient of zero in theaabel for treatment initiation i e. treatment initiation is

independent of counterfactual outcomgs

The no unmeasured confounding assumption implies ¥afthe potential outcome at time) does
not add to the prediction model for treatment initiation at timeTo formally explain thg-estimation
procedure Jet us assume the treatment effect model in equation [¥¥0The analyst coulfit a logistic

regression model to obtain the coefficients in equation [20].
M O 0 "QQUL A pw
VOO 0 100 p 00 T ® ¢

where @ is the observed survival time, mears has the same distribution a®, 0 is the

counterfactual outcomed is the past treatment) is the history of covariates andd o is the

probability of initiating the treatment atimet.

G-estimation is used to search forvalue which adds the least to the prediction model (i.e. treatment
initiation is independent of counterfactual outcomes). This means s@aydbr a value of that
results in & term having a coefficient zero in model [20]. That value pfprovides the best

estimates of counterfactual survival times adjusted for famtherence.

To help further explain the-gstimation technique, | use Figure 11, which was adapted fratiner
et al.l% to aid the explanation. This example from a hypothetical RCT illusttiagegrestimation

procesausingthe experimentalgroup. The gestimation process involves the following three steps, as
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described by Latimer et #1%in the context of treatment switching and further adapted tepéain the

application in the context of adjusting for naaherenceusing a SNFTM

a)

b)

In the first step, for each individual patient in the experimental group, survival time is split into
G2 LI NILAY GAYSwhahrtyeatienKadherésNahe dsdogbaed treatment
(denotedas™v 00X YR GAYS W2FTQ "V )Svhen b patient Sigibt 6 RSy 2

adhere to the treatment (see Figure 11a).

In the second stem@ssuming thebovementionednethod assumptions holdurvival timeis

calculated as a function of time on and time off the treatment given the history of covariates
(baseline and tima@lependent confounders)n this step, epstimation technique is used to

estimate the W (i Nibz&trient effect adjusted for paient nonadherence. @estimation

Ay@2t @Sa FTAYRAYy3a GKS @FtdzS 2F . GKIG NBad#
counterfactualsurvival timesThis is done through'grid searckbf a range opossible values

of the treatment effectplugginge OK @I f dzS 2F - Ayid2 GKS O2dzyiSH
plugging the resulting counterfactual survival times into a prediction model for treatment
initiation (which includes all other prognostic covariates) and finding the value that adds the

least tothe prediction model (see Figure 110)hat value represents the best estimate of
treatment effect which could be used to obtam as an acceleration factor (AF)the

parameter of interest to be used to adjust for nadherence in the next stefn practice, the

g-estimation could be applied using standard software (e.g. Btatd!

In this final step, the best value of the AF that gives the true treatment effect ¢halube
used to adjust survival time for neadherence for each patient in the experimental group. A
similar approach could be applied to the control group (in case ofdgtive treatments) to
obtain the averagetreatment effect in terms of contrast, adjusted for patiénfon-
adherence i(e. adjusted survival times in the experimental group compared to adjusted

survival times in the control group hdldere been nonon-adheence in both groups).
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Figurell: SNFTM with-gstimation adjustment analysis illustrated

Structural Nested Failiure Time Model with g-estimation adjustment analysis illustrated

(@) Split survival time in the experimental group into time 'on' treatment and time 'off' treatment for each patient

Patient 1

FPatient 2
Experimental
Group "‘ FPatient 3

Patient 4

_patient 5 Torrs

Survival time

Off treatment =T, ¢ .
.On treatment = T,

(b) G-estimation to identify treatment effect that means treatment initiation is independent of counterfactual survival times

m,.\i
Ui =Topp, +€¥Ton, > g \ -
FlON N obsemverd 3 PLAD] = Bo(t) + FLAGE — 1) + Bol(6) + f3Xy
Counterfactual = X -- E
B T ! Is 15 iy = 02
Observed survival times Yes. We are finished

Counterfactual survial times . .
No. Start again with

new value of i/

SourceAdaptedfrom Latimer et ak® This is an opeaccess dicle distributed under the terms of the BX 4.0
license (https://creativecommons.org/licenses/by/4.0/), which permits unrestrictedse, distribution, and

reproducton in any medium.

SN-TMs are powerful in estimating th&CEof treatment in the presence of neadherence taking into
account how treatment effects depend on pneatment patient characteristicdt should be noted

that the estimand used by SNFTM is for the entire study population, not just the compliersnan
limitation of SNFTMs is the potential biases related to the no unmeasured confounding assumption,

which cannot be formally tested.

2.9.2.3 Application ira case study

Robins et af* applied the SNFTM ta casestudy to assess the effect of prophylaxis thgrghigh
versus lowdose AZT treatmentor PCPon survival (timeo-death) of HV-positive patients.The
analysis used data from th@IDS Clinical Trial Group 0BT which involved an embedded

observational study designed to estimate (hREEf PCP prophylaxis on survival outcoifiee analysis
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was restricted to the lowdose AZarm. Patients who remainedliveand at risk at 10 months from
randomisation were split into two groups depending development o BC8 months This was
interesting because PCP will be a confounder for the outcome betwekh r@onths. That means
patientswho develop PCRBRt 8 monthshavea higher probability of dying at 10 months and at the
same time, they are more likely to receive treatment between 8 and 10 mdomticause PCP is a
predictor of treatment initiation An SNFTMwith g-estimation was appliedo estimate the causal

effect using the analytical steps described in Seci®n?.2

The causal effect of prophylaxis on survival obtained using the SNFTM reatianél changén life
expectancywith a 95% CI 60.18 t00.16, indicating that there is no evidence of beneficial effiect

PCP prophylaxis therapys the confidence interval includes zero, this finding means that PCP
prophylaxis increass survivaby 18% or decreasesurvival by 18% ahe 0.05 confidence levéf
Robins et at* did not provide comparative data with nadjustmentusing taditional methods such

as ITanalysisHowever Robins® providedempiricalcompaisons focused on robustness, plausibility,
andstrength ofthe assumptions used by this method compared to alternative methods for adjusting

for non-adherence (se€hapter 3Section3.3).

2.9.3 RankPreserving Structural Failure Time Models witstBnation

2.9.3.1 Origin of the method

RankPreserving Structural Failure Time Models (RPSFTMs) were origmadlpped by Robins and

Tshtis %" to adjust for noradherence This is aandomisationbasedmethod for adjusting for non

adherence using the counterfactual outcome frawork. The RPSFTMs are squarametric,

structural (or strong) versi@of the accelerated failure time mode{dFTM$ with time-dependent

O2Q0F NAIGSad ¢KSe& FINBE OFftfSR aadNHzOGdz2NF ¢ 0SSOl dz
outcome from observe data. RPSFTMs belong to the broader class of SNMs which also include

SNFWMs introduced in Sectiod.9.2

Loeyset al®® extended the RPSFTMs for adjusting for {agiherence in the context ofluster
randomised trials (CRTahd timeto-event outcomes The argument is that cluster randomisation
design could potentially involve different selective adherence levels on top of differences observed at
the individual levelThe description of thisiethod ismainly based on Loegs al®, andthe extensiors

to this methodare introduced irSection2.9.3.4
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2.9.3.2 Theoretical characteristics

The RPSFTMvorks by developing a large sample for the rank estimatdesjving the optimal
estimator, and then construrtg some partiallyadaptive estimators wit efficiency approadhgthat
of the optimal estimatorLoeyset al® proposed twomodels to account for clusteringg) structural
failure time modeland(©@ 0 & G NHzOG dzNJ f Y2 RSt dzaAy3a a2+ fRé GSai
working models proposed in the second approace: (i) standardestimation ignoring clusterindji)

robust appoach with the same model in (Bnd (iii) a marginal model witlh gammadistribution.

RPSFTMs requires recensoriwhjch implies that the treatment effect may not represent the entire
follow-up period ast is weighted towards an early stage of follayw. Recensoring is used to address
bias via informative censoring. However, this may be problematic as it involves discarding more

information, especially when the treatment effect size is large. This ig frkiation of this method.

In anRCTcontext,the RPSFTM works adjust for noradherence using the randomisation factor and
the observed survival time and treatment histonjhelmethod splits the observed event timéor
patienti into two parts:time on treatment(Ti o) and time off treatment(T o). The observed timeo-

event”Ycan be computed using equati¢21]:
YO P

To estimate the treatment effecthe simplemodelmultipliesonly the T onpart of the observed time

and therefore the simplest outcome model becomes as follows:
YO AgD % G C

whereA @B is the acceleration factor introduced in Sect®®.2.2 Theg-estimation procedur&an
then beused to find the value of usinga grid search which can lag@pled usingstandard software

(e.g. Stata)
The RPSFTMs approach makes the following assumptions for estimating the causal effect:

(a) The randomisatiomssumption
(b) Equal treatment effect regardless of timing for receiving the treatmdmnit relative to the
time treatment was taken. This ksown as theassumptionoftt 02 YY 2y (G NB L iYSyid S

(c) The treatment of one individual has no influence on the outcome of another individual; and
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(d) Survival times and treatmesitee survival times are proportional by an unknofactor that

depends on the exposure.

A simple RPSFTM (equati@8) can be constructed to estimate the counterfactual survival time

("Y ) .37, 87

Y A@br ®o o Qo ¢ao

where® is the randomisation variabl®, is a binary adherence variable which equals 1 when a

patient initiated the treatment and 0 otherwiséYis the observed survival time and the factor

A @P is the causatffect (the value by which survival time is shrunk or expanded as an effect of

GKS GNBFOYSyGoo ' (KS§S (bhicthez$an find bsingleStimatidn), the S LI NJ- Y
counterfactual survival between randomised groups will be equal and thaeadf would be the

point estimate of the treatment effect.

In the context of RPSFTMesgtimation searches for the value of psi that gives equal average untreated
survival times between randomised groups. It is designed specifically for use in a ised@montext

and uses randomisation as an instrument which means that it does not require the no unmeasured
confounding assumption, but is reliant on exclusion restriction (randomisation assumption) and
common treatment effect. These are the key differamtrs compared to SNFTM. Moreover, in
common with other gmethods, RPSFTM assumes binary-adherence which might not be the best

approach for implementation neadherence.

In terms of disadvantageskKtS & SljdzZr £ GNBFGYSyd STFFSOGE | aadzyLIia
might not hold in many situations. In additiomjsspecifiednodels may produce biased results, and

in some cases, the analysy face convergence problemien the gestimation seach for the best
value of psiln a situation where there is no clustering effect, the models proposed by this method
may underestimate the treatment effect. Failure to include relevant baseline covariates relating to
either clustering or individuals may quuce estimatediasedtoward zero. However, based on the
simulation study reported by Loeys et &lthis bias is likely to be small. On the other hand, and under
certain conditions, incorporating clustepecific covariates may overestimate the variability
producing conservative estimates key limitation othe RPSFTM is that it can only work for adjusting
for non-adherence ira placebecontrolled trial making iilnappropriate to account for noadherence

in RCTs evaluating two active treatments. This is not the case for the cthethgpds (IPCW and
SNFTM).
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2.9.3.3 Application ira simulation studynd acase study

The RPSFTM was evaluated using a simulation studyuathér applied toa case studyThe case
study used data from a placelmmntrolled CR10 assesshe causaleffect of Vitamin Asupplemens

on theshort-term survival of infants (aged <6 monthaith Vitamin A deficiencylThe study recruited
9178 infants from 261 wards (villages in Nepal) used as clusters witndhthly visits. The causal
analysis was adjusted ftreatment initiation type of noradherence. Thepplicationin the case study
showed how theRPSFTMould be used to account for clustering with differential levels of nhon
adherencewith a marginal approach (ignore clustering) and frailty approaches (adjust for clggterin

used in the analysi$TT analysis was also performed for comparison.

The nonradjusted ITT results using KM estimator showed no beneficial effectnoordhs, although
the results showa significanteffect in the longerterm (24 months). The RPSFTasults from the
different causal analysis performed produced slightly different estimates compared tadjosted
ITTanalysisHowever, amly one causahnalysis where the point estimate had a lower bound of the
95% CI greater than zeveas found indicating beneficial effect-urther details about the case study

are reported inLoeys et af®

The simulation study was designed to assess two approadiea marginal approach (ignoring
clustering or robust approachand (ii) a frailty approach (adjusting for dter effect on adherence).
The main findings from the simulation stuslyggest larger (but norsignificant) effect of clustering
using the RPSFTM compared to unadjusted ITT analysisstliti¢ showedthat the RPSFTM
performed well under controlled conditns Further details about the findings of the simulation study
are reported inLoeys et af° The paper concluded that researchers should adjust for clustering and
non-adherence when estimating treatment effect in CRT, which can be doneamdRiSFTMithout

affecting the causal interpretation or adding amyther complications to the analyses.

2.9.3.4 RPSFTMs Extensions

Incorporating baseline covariates to improve the precision of estimators

TheRPSFTM approach was extended by Korhonen and Palffigoeinclude baseline covariates for
improving the precision of estimators of the structural effect. Based on the counterfactual outcome
framework, the extended method works by estimating the causal effect via arria expression
incorporating adherenceelated covariates baekansformed to the original variables. From a range
of estimated values from the procedure, the parameter of interest which best achieves equal

distributions between the two arms is the poiestimate. The extension was proposed to address the
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issue of reduced power caused by radherence, and this approach attempts to recover power in

the structural analysis by incorporating baseline covariates.

In terms of potential biases using this emtked approach, there is a traddf between more bias and

less variability as a result of adjusting for prognostic factors. Korhonen and Paffhgrepose rules

of thumb for situations where efficiency may be galnby adjusting for prognostic covariates.
However, if there is atrongassociation between adherence and prognosis (i.e. worse prognosis leads
to lessadherence)then this version of the RPSFTM may not be appropriate. Another situation where
the method night not be appropriate is related to the role of several structural parameters (e.g. the
effect of nuisance estimation from theontrol [NEC]) in the presence of an interaction effect between
baseline covariates and adherence. The latter situation israa that may need further research.
Furthermore, the analyst may face complications because not altHtbas&formed datasets retain

the proportional HR between the study arms.

This extended version dfie RPSFTM approach was assessed in a simulatiop. §thd key evidence

from the assessment proved that this extensemuld substantially improve efficiency comparedgo
estimation with no baseline covariate adjustment. The method was fuidpetiedin acasestudy on
leukaemia. This was done using datam the alphatocopherolbeta-carotene(ATBC) doubtelinded

RCT which was conducted in Finland. The study evaluated the causal effect of bone marrow
transplangtion versus conventional chemotherapy. The causal effect using this approach was

reported as &.4% reduction in survival compared to 5.9% obtained from ITT analysis.

Improving the efficiency of the estimators

Loeys and Goethgebéliintroduced afurther extension in the same line proposed by Korhonen and
Palmgrerf® as an attempt to improve efficiency by adjusting for covariates. They proposed estimating
equations that combine the effect of covariates in one arrm{aal arm) withlog-likelihoodestimates

of causal effect using data from a tveom trial. The authors further assessed the proposed extension
in a simulation study. They concluded that the efficacy gam#d depend on the selective nature of

non-adhererce. Further details and the results are reported in Loeys and Goethgébeur.

Allowing for dependent censoring

Matsuf® proposed durther extension to the RPSFTM approach to allow for censoring to depend on
the underlying event processes that would have been observedtiémts adhered to the assigned

treatment. The extended approach allows the analyst to distinguish dependent censoring from
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censoring due to random loss to follow up (random +aatherence) for improving adjustment for non
random nonadherence. In this appach, the idea is to adjust for baseline covariates (that are good
predictors of noradherence) to capture the nerandom underlying mechanism of naadherence
and censoring. However, the proposed approach might not be appropriate in a situation withulion
parameter values where the urensored event time and uncensored dependeahsoring time are
re-censored. At thapoint, the method will lose efficiency aompensatiorto gain unbiasedness. To

gain more efficiency in this situatioan MSMwith IPOV would be an alternative approach.

This extended approach was applied in a simulation study and a case study on acute myeloid
leukaemia. This wasndertakenusing data from the acute myeloid leukaemia (AML)-avon RCT.

The study evaluated macrophages colatimulating factor (MCSF) versus placebo for time to blood
count recovery outcome. The estimated HR using the proposed approach wg8®6%I: 0.50.81)

¢ this was similato estimates produced by the Robins and Tsiatis standard RPSFTM. In coimrast,

ITT produce@n HRof 0.68(95% CI: 0.58.81) which is likely to be an underestimatéthe treatment

effectif the causal link between neadherence and the outcome is taken into account.

Choice of model and impact ofaensoring

White and Goethebeur® extended the RPSFTMs to estimate the causal effect relating to several
treatments, focusing on thehoiceof model and dealing with censoring andaensoing. The method
useda similarapproach described in the previous papers (including covariates); and therefore, the
description here is limited to the issue of model choice andeesoring. The paper presented three
models: (i) univariate model with no eeoring, (ii) considered censoring at the next stage, and (iii)
multivariate model (incorporating treatmesrelated covariates). The method chooses aemsoring

time for all individuals such that the censoring becomes-imformative. The multivariate natel can

be used to incorporate covariates related to radherence such as side effects. The paper presented

a case study and provided some guidance for the choice of covariates to go into the model.

Regarding potential biases, if the effect of tt@domsedgroup is not constant, then reensoring

may produce a biased causal effect even if there is a balance between study arms. Model
misspecification is another risk for producing misleading results. The univariate model (with no
covariates) may not prodie a valid causal effect when nanherence is taken into account, and the
results may be similar to ITT analysis. Further details about the results estimated from the case study

are reported in White and Goetghebetir.
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2.10 Pharmacometicsbasedmethods

2.10.1Pharmacokinetics and Pharmacodynarbigsed Method

2.10.1.1 Origin of the method

This is a novel method which was designed to simulate a clinical trial based on pharmacaekinetics
pharmacodynamics (PKPD) modelling to estimate the effectiveness of various dosing algorithms and
incorporating noradherence. The method is based gharmacomérics analysis ofthe dose
exposureresponse relationshipwhich was extended to incorporatdherencedata for estimating

adherenceadjustedeffectiveness

ThePKPDnethod was oiginally adapted by Pink et ¥lto estimate time within the therapeutic range
(Gnin - Grax range of drug concentration levels in the body) for different dosing algorithmbeof
assigned treatmentThe method wagurther extended by Hi#McManus et aP! to adjust for the
impact of varying non-adherence (implementation and psstence) on the effectivenessf
treatments. The description of this method is basedRink et af° with the HilFMcManus et aP!

extension discussed in Sectidri0.1.4

2.10.1.2 Theoretical characteristics

ThePKPRQbased methodtould be used tonodel alltypes of noradherence for estimating treatment
effectivenessThemethods require model development and fitting using appropriate data, typically
collected during each phase of clinical drug development, as walkasulation based on different
patterns of adherence, dosing schedules, and patient characteristics where covariate effects are
relevant The method works by linking the output from the Piddel tothe PDmodelfor estimating

the outcome in terms of a biomarker. Pink et*atlescribed the PKPD linked modelaitwo-stage
processi(a) simulateclinical trial data of different dosing algorithms (or adherence levels) based on a
PKPD model thageneratesan output parameter €.g. time within anticoagulant international
normalised ratio (INR) therapeutic rangdly) estimate the link between INRnge and risk of
cardiovascular events using evidence from the literature. The PKPD simulation reported élyaRink
was based ompublishedpopulationsinglecompartment pharmacokinetics (PK) model and a kinetic
pharmacodynamics (PD) model with t®&state transit compartment chajrand the last state of each

chain models the effect sit® Further details of the PKPD model are reported in Hamberg*t al.

ThePKPDOmethod worksby incorporating variable dosenplementation asan input function in the

PKPD modello reflect the realvorld patterns of warfarin usenonadherence was incorporated by
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making two assumptiongi) a fixed proportion oprescribeddoseswere missed at random (random
non-adherence) and (i) assumeda normal distribution for the timing of dosing with a standard

deviation of 2 hours.

ThePKPDYS i K2 R NBt ASa 2y K SumatSrc Bdt drdrdadngnt asdiganienthA O G A 2
(randomisation) affects the outcome only through its effects on the exposthre PKPDapproach

proposed by Pinkt al. also assumed that patients who discontinued treatment have switched to the

control arm. This latter assumption is less releviantny definition of nonadherencebut this need

to be cealt with in the analysisthe key advantage of this method is that it provides an alternative to

RCTs for estimating effectiveness for counterfactual levels of adherence to medications using evidence

from the real world and the literatureln other words, the method could be based simulations

informed by data from existing trial estimateSnother advantage is that the method can be used to

adjust for implementation and persistence types of adheredctirther advantage is that the method

could potentially be used to account foon-binary implementation noradherence.

In terms of disadvantages, the method relies heavily on PKPD data which might not be routinely
available in RCTs or observational studdesther challenge is that calibrating a PKPD model is based
mostly on plasel andll trial data with findings fronthe phase lltrial and all the required data might

not be availableWhile | have access to PK data in the context of immunosuppressive therapy after
kidney transplantatiorfthe area of my case study in Stagef3his research)this is unlikely to be the
case forother disease areasndthis may limit the generalisability of this method to other chronic
conditions.It might be difficult to applythe PKPDmethod in disease areas where there is no valid
surrogate, or where that surrogate relationship might not hold for a treatment witdifferent
mechanism of actionf the analyst has any reason to believe that the exclusion restriction assumption
is viohted, then a sensitivity analysis might help to explore potential Himsddition, the PKPD
method also requires an accurate/unbiased estimate of the link between drug concentration and

patient outcomes.

Other potential biases could come from indireotiparisonseededto include all treatment options

in the model using evidence (e.g. distributions) from different studMso, the shorterm natureof

PKPD dat#ends to create an even greategliance on extrapolation methods to estimate letegm
effectiveness than for conventional outcomds further limitation relates to model misspecification

and thetwo-stage process as potential sources for added uncertainty, which is very difficult to assess

using a single measure of uncertainty.
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2.10.1.3 Applicationin case studies

Pink et aP® applied this method in estimating theffectivenesof pharmacogeneticguided warfarin
compared with clinicallguidedwarfarin and other treatments for patients with AF. The PKPD output
parameter used was the anticoagulant INRata were simulated for 5000 hypothetical patients and

INR measurements were generated to produce proportions of time (below, within and attw/e)
therapeutic range for 3nonths followup. Both initial doses and maintenance doses were simulated
for each patient based on demographic and clinical variables. The result showed that time within range
from the PKPD simulations produced a relative R&of 1.00047 of thromboembolic events and RR

of 0.94100 of bleeds fopharmacogeneticguided warfarin versus with clinicaljuided warfarin.

Further details are reported in Pink et%l.

2.10.1.4 PKPDEXxtensionModellingvaryingimplementation and persistence
nonadherence

The PKPDnethod was extended by HillicManus et al®® for modelling varying noadherence
(implementation and persistencelhe theoretical characteristics are similar to those described above
andthe main feature of this extension is the incorpoaatiof both implementation and persistence
measues of adherence in the analysi8s such,it is compatible with the adherence taxonomy

described in Sectioh.2.

This version of the method used a published PKRDBatnwhich was extended to simulate the time
course of serum Uric Acid (sU&9ncentration for patients withvarying levels of adherence to
allopurinolfor the treatment of gout using NONMEM® PKPD softwdiee investigatorsmodeled

the plasma concentrabn ofoxypurinol (an active metabolite of allopurinoiying a onecompartment

PK model with firsbrder absorption and elimination kinetics. The PD model was based on a simple

direct effect sigmoid &xmodel providedn equation [24]P*
() 0O o0 z—— [24]

whereEyae is theserum urate levelw is the baseline sUA concentratiomals the maximum possible
reduction insUA concentration, & is the oxypurinolplasma concentration, sgis the oxypurinol
plasma concentration at half the maximum reduction, and a shape parameter kbwn as the Hill

coefficient.
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HilFMcManuset al® simulatedPKPDdata for 500 patients using 4 options of dual urédvering
therapy (ULT)These included Allopurinol 300mg, Allopurinol 300mg + optional lesinurad 200mg,
febuxostat 80mg and febuxostat 80 mlyis lesinurad 200md-hree patterns of medication adherence
(100%, 80% and 50% levels of dose implementati@n® modelled ThePKPD data was simulated for

120 days includinthe first 30 days used to reach steadtate concentrationThe main finding from

the study is that the percentage of patients achieving target SUA concentrations decreases with lower
levels ofadherence At an adherence levebf 80% the percentages for allopurinol and febuxostat
were 35.7% and 71.3%, respectivelyaB0% adherence level, the percentages fell to 12.7 and 25.1%,

respectively Further details are reported iHilFMcManuset al®

2.11 Discussion and conclusions

A comprehensiveearl growing and iterative search technigugere used across seven electronic
databases to identify relevant methodological papers for adjusting the causal effect of treaiment
the presence ofnon-adherence for timeo-event outcomes Citation searcing and reference list
OKS O Ay 3pSTH NNIES AR e xoTcantplBment the databases searching. In total, 20
relevant papers covering2inethodsand8 extensions to those methodsere identified and included

in the narrative synthesis reported #ections 2.7-2.100f this chapter.

A taxonomy is proposed broadly categorising the identified methods intoddtarent classes(a)
traditional methods: ITT, PP and A);principal stratificatiormethods: Cox PH modeifth PLEMCC

in a threestage methodand Wtd PP with EM estimatoG-PROPHET,;I{¢) gmethods: MSMs with
IPCWIPTW, SNFTMand RPSFTMs witlpestimation; and(d) Pharmacometrichased method
(PKPD)Each of these methods was descritbederms of its origin (if originally developed to adjust
for nonadherence or represents an extension to another method); theoretical characteristics
(including how it works to adgi for nonadherence, key assumptions, advantages and disadvantages

and potential biases); and application in a simulation study and/or a case study.

Each method makes specific assumptions and has associated limitgtiand many of these
assumptions are notestable.¢ KS ay 2 dzyYSIF &dzZNBR O2y F2dzy RAy 3¢ | &
used by MSMs and SNFTMshould be noted that even if the authors of the identifipapers do not

talk about no unmeasured confounding if the method relies upon using covariates to control for
differences between groups, the analyst would need no unmeasured confounding assurtfgtiasn.

assumption seems implausible for a particulatagat, then the analyst maghoosean alternative

method (such as IVGPROPHEIr PKPDyvhich does not rely on this assumption. However, IV and C

PROPHET rely on another key assumption, the exclusion restriction assumption which is likely to hold
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in a dowle-blinded RCT design when randomisation is used as an instruiitemnthoice othe non-
adherence adjustment method will partly depend on the traufés based on the assumptions used

by the alternative methods.

Existing evidence fromraulation stulies showed that thgrmethods(SNM, MSM, and RPSFT)s
CPR®HETand IV methodshavegenerally performedvell in terms of asymptotic properties of the
estimators. However, violation of any of the assumptions they make or failure to incorporatentleva
time-fixed and timevarying confoundersnay produce biased results. While it is important to think
about which covariates should be included, the analyst should also think carefully about which
covariates should not be included. The latter is particulamportant to avoid confounding by
AYRAOFGA2Y OAlF&AX 2NJ aO02yRAGAZ2YyAYy3a 2y | 02fftARSN
proposed for identifying and evaluating relevant covariates including tests of independence and causal
DAGs informed by ewvéthce from dataor the literature might helpThePKPEbased methods also
promising, but the data requirements might be an issue for application in research pr&stitdems

of comparabilityacross alternative methodslue to different estimands, wadsa identified as a key

isale. The type of estimand is an impgant aspect when selecting methods for estimating causal

effects for use in an HTA context. This is further discussed in Clgapter

One of thdimitationsof this review relates to the screemgprocess at the title stage. A higher number

of papers were excludeat that stage because the title was not relevant. Whilis might be an issue,

the final list of included papers was checked by two expert advisorddition, the review has been
published in a leading academic journal and presented at an international conference, with neither

prompting any communications relating to additional relevant meth&ids

In conclusion, a range of statistical methdglavailable for adjusting the causal effect of treatments
in the presence of no@adherence fortime-to-event outcomes. Eeh method makes specific
assumptions and has associated limitatioBanethodsand PKPD methods are promising to adjust
for nonadherence in estimatinghe realworld effectiveness of treatmentsG-methods rely on

adherence being binamyhich might not behe best approach for implementation neadherence.
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Chapter 3Comparison ofion-adherence adjustmenhethodsand

appropriatenesso the context of health technology assessment

3.1Introduction

Part of this chapter ireproduced from Alshreef et &.This is an open access article distributed under
the terms of the CBY 4.0 licensehttps://creativecommons.org/licenses/by/4.0/ which permits
unrestricted use, distribution, and reproduction in any medium. The text includes mdftitions and

formatting changes to the original".

This chapter compares the identifisdn-adherence adjustmennethods based on existing evidence
from the literature. Sectior8.2 summarises the set of papers used for comparing methods. Section
3.3discusses methods compared using empirical evidence. S&tdaliscusses methods compared

in simulation studies. Sectidh5discusses methods compared using real data in case studies. Section
3.6discusses comparisobssedon both smulation and reaetlata case studies reported in the same
paper. Section3.7 assesses the appropriateness of rmtherence adjustment methods for the
context of HTAProvides the selection of methods for assessment in the Simulation shedtion3.8
presents the selection of methods for assessment in the Simulation stelgton 3.9 provides

conclusions of the comparisons.

3.2Existing evidence comparing radherence adjustment methods

A set ofine papersthat compared some ahe identifiedmethods in a simulation study,@ase study

or both, specifically in the context of neadherence,was identified from the systematic review
reported in Chapter 2ZThesepaperswere excludedrom the set of 20 papers ideffiied by the review

on the basis that they report method(s) already known without any extension. However, the papers
provide a better understandingf the performance of each method compared to alternative methods
based on existing evidenc€able7 shows the methods compared by each paper includiregtype

of study, disease area, interventions compared and the outcome.
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Table7: Comparisorof methods ira simulation study ocase study, disease area, interventions
compared and the outcome

No | Reference Method Type of Disease Interventions Outcome
study area compared
1 | Robins, 1998 MSMs with | Empirical | None None None
IPCW,
SNFMs
with g-
estimation
2 | Odondi and ITT, IV, € Simulation | Hypothetical| Active treatment vs | Time to event
McNamee, PROPHET | study control
20103
3 | Leeetal, ITT, AT Case study| Epilepsy Phenobarbital vs Time to
1991404 placebo seizure
recurrence
4 | Mark and CPH, Case study| CHD Specialntervention | Time to death
Robins, 19985 RPSFTMs involves stepped (allcause
care protocol vs deaths, all
usual care by CHD deaths)
community
physicians
5 | Robins and RPSFTMs Case study| AIDS Highdose AZT vs | Time to death
Greenland, Lowdose AZT
199496
6 | Yamaguchi and | SNFTMs, Case study| Lung cancer| CDDP+CPI1 (CPT | Time to death
Ohashi (2004y” | MSMs P) vs CDDP+VDS
(VDSP)
7 | Kubo et al., ITT, MSMs | Case study| CVD Cinacalcet versus | Time to
20158 with IPCW, Placebo primary
RPSFTMs composite
endpoint CVD
event
8 | Cainand Cole, | ITT, MSMs | Simulation | AIDS Highly Active Anti | Time to death
2009-%8 with IPCW | study, Retroviral Therapy
Case study (HAART) vs
combination ART
9 | Zhang et al., ITT, M6Ms Simulation | NonSF Enoxaparin versus | Time to aH
20110 with IPCW | study, segment Unfractionated cause death
Case study| elevation heparin (UFH) or myocardial
acute infarction
coronary
syndromes

3.3Methods compared empirically

In 1998, Robirt§ published a comprehesive paper describing and comparing alternativ@ethods

for adjusting for noradherence in the context of equivalence trials. Tiagper discesed SNMs and

MSMs (among other methods) using empirical examples. The paper was focused on comparing the

methods intermsof plausibility and robustness in correcting the causal effect foradimerence. fie

paper also assessed ttarength of assumptiosiused byeach method. The papemprovided an
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overview of programming and computational burdiem each method anduggested thathis should

be considered wheselectngthe appropriate analytical approach. The assumption for correcting for
non-adherence relates to whether neadherence is random (ignorable) or not, conditional on the

history of baseline covariatesid postrandomisation timedependent prognostic factors. The choice

of the appropriate model will depend, largely, on whether the conditions are met in the data. The

paper wadocused on andom (ignorable) noadherence; but, ice this paper wapublished many

2F GKS ARSYGATASR YSGK2RA ¢ SNBy RaMNalkcERyWRISHISt 2 LISF

isof primary interestwithin this thesis

3.4Methods compared in simulation studies

In 2010, Odondi et &P published findings from a simulation stutlyat assessed a wide range of
methods for adjusting for noadherence in the context of survival analysis. Six variants of methods
were compared{i) ITT Cox PH model ignoring reiherence;(ii) Cox PH model adjusting for non
adherence using simple regression adjustméii};Cox timedependent PH model incorporating time
dependent covariateqiv) CPROPHETy) RPSFTMyi) andthe IV method. The study assumed that
once a patienbecomesnon-adherent, they remain so for the rest of the study folloyy; this may

not be realistic in the context of timearying chronic medications. In additicdhge treatment effect

was assumed to be hamgenous in the simulation modefse. the true HR was assumedte either

0.50r1)

The simulation study design involved a taron RCT with active treatment and contusing a sample

size of 100(ratientsanda follow-up of 24 monthsSimulated scenar2 & Ay Of dzZRSR -WNJ Yy R2
NJ y R 2 Ya@hergrize/as well @ alternative adherence measure factor usingaHnothing non

adherence (binary variable) or partial nadherence (timedependent variald). The causal

parameter of interest washe HR andthree performance measures were us€g: bias,(ii) 95% CI
coverage the proportion of times that 95% CI contains the true parameter Jalaed(iii) root mean

square errors (RMSE)vhich isa measure of overall accuracy incorporating bias and vatiabili

measures

The main results of the simulation study showed that the simple regression adjustment produced a
small bias 0f0.0070on the HR scaleshen adjusting for random timeependent noradherence'®
However, the biaghcreased ta0.057 inthe nonrandom nonadherence scenarif® In contrast, the
results showed no important bias produced BYROPHET and RPBFRunder both random and nen
random nonadherence scenarios. However, the good performance in unbiasedness came at a price

in terms of RMSE and coverage. The paper concluded that the RPSFTM performed the best in terms
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of unbiasedness and coverage; howeuwhe methodhad the largest RMSE. In contrast?PROPHET
coverage was the poorest. The key findings of this simulation ssugport the importance of

incorporating relevant prognostic factors (confounders) when adjusting foraubrerence.

3.5Methods comparedhicase studies

Lee et at® compared AT with ITT using data from a taon doubleblind RCT for estimating the
causal effect of phenobarbital vs placebo on recurrence of febrile seizures in young children. The study
had a sample size of 217 patients with clinic visits at 6 weeks folliye®imonthly visits up 30
months follow up from baseline. The study considered three definitions of actual treatment received:
(i) full adherence to the assigned treatment; (ii) adequate drug load estimated as average daily drug
level over sixmonth timeintervals; and (iii) adequate drug load defined as daily phenobarbital load of

L0 mg/ml for one year prior to the tweyear clinic visit.

Mark and Robind%® and Robins and Greenlad both compared the RPSFTM with the standard Cox
PH modelMark and Robin¥® used data from the Multiple Risk Factor Intervention Trial (MRFIT) for
assessinghe effectivenesf a cigarette cessation intervention on survival while controlling for time
dependent cofounders (e.g. angina). Robins and Greenl®hdsed data from AIDS Clinical Group
002 RCT (introduced in Sectid®.2.9. Both papers concluded that the RPSFTM performs well while
the standard Cox model produced biased estimates when there existadimgrence to the assigned

treatment. Further details about these companis are published elsewhet€: 16

Yamaguchi and Ohasfii compared SNFTMMSMand ITT methodis a case study on nesmalkcell

lung cancer usip data from a superiority trialThe analysis wassed toestimate the counterfactual

causal effect (survival differences) that would have been observed had eretgmisedindividual
received the radiotherapy treatment (secotide treatment). The HR from the ITT analysis was 0.97,
while SNFTM (assuming a Weibull distribution) produced an HR of 0.50. It is clear that the ITT provides
a different estimate of the causal effechowever, this is not directly comparable to the SNFBM

MSM estimates due to different estimand&urther details about this case studye reported in

Yamaguchi and Ohasfii

Finally, Kubo et & have recently published a paper comparing a range of methods for estimating the
causal effect of cinacalcet using real data from a dobkileded placebecontrolled RCT (EVOLVE trial).
The EVOLVE trialtha sample size of 3883 patrticipants with extensive discontinuatioradterence
levels of 67%nd 71% in the intervention arm arnke control arm respectively Methods compared

and their corresponding estimates dhe HR for death were: ITT=0.93JPCW=0.85, and
RPSFTM=0.88Althoughthe ITTanalysigproduced slighted higher estimaindicatinga bias towards
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the null, it was not clear if the investigators have fully explored and adjusted for relbaaatineand

time-dependent covariates. Further details asportedin Kibo et al3®

3.6Methodscomparedm both simulation and case studies

Cain and Col€ reported the first simulation evidence #h evaluated the IPCW compared wiffiT

analysis irthe context oftime-to-evernt outcomes and norradherence The simulation study design
involved a twearm RCTcomparinghighly-active antiretroviral therapy HAARYto placebo using a

sample size of 1000 men and 2000 simulations draws. Scenarios assessed included 100%, 80% and 60%
levels of non-randomadherence to the assigned treatment. The findings from the simulation study
showed good performance die IPCW estimator (in terms of unbiasedness and RMSE) compared to

ITT in scenarios with imperfect adherence. However, bias and insfprappearto increase as the

level of noradherence increases. This indicates that in situations where the level edafwrence is

high, the method might not work properlyn other words, bias and impression appear to increase as

adherence level decreases.

Can and ©le'®also reportecthe applicationof IPCWANdITT in a case study using data from the AIDS
Clinical Trial Group 320 compariddARTwith a regimen of combination ARThe tral recruited 1156
patients aged at least 16 years w#h HIV positive test and immunosuppressed with a maximum of
52 weeks followup. The authors reported that they adjusted for two timvarying covariates; CD4 cell
count and a summary measure of HBlated symptoms. They also reported adjustment for time
fixed covariates in the model; particularly, age, gender, race, ethnicity, CD4 count at baseline, and
whether the patient was orZidovudinefor more than one year before randomisatiolRCW was
applied vhere patienswere censored at the first time they become radherent or when they were
lost to followup. The IPCW adjusted HR estimates was 0.46 (95% COD.8%)5compared the ITT
unadjusted HR estimates of 0.75 (95% CI:-1.83)1% The adjusted analysis shows the treatment
effect had everyone in the trial adhered to the assigned treatment. The finding ssdigaisthe IPCW
adjusted estimates were 6B83% farther from the ITT #s1ates. These results are only valid if the
IPCW assumptions hold and the method has worRéukresults clearly show that the ITT approach
has underestimated the actualdatment effectas the method is designed to estimate the effect of
treatment assigment rather than the effect of treatment itselfThe authors concluded that IPCW

could be usedo help in adjusting for noadherencean treatment effect estimates.

In 2011, Zhang et ‘@lpublished a papethat compared the same methods (IPCW and ITT) that led to
similar conclusionsThe methods were applied in the SYNERGY trial, artlapehmulticentre RCT of

9,487 patients compared two anticoagulairugs €noxaparinversus unfractionated heparimith 12
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months followup. The primary timgo-eventoutcome was a composite endpoint definedtase to

all-cause death or myocardial infarctiomithin 30 days of randomisatiorThe IPCW adjusted HR

estimate was 1.08 (95% CI. 0:822) compared to ITT estimates of 1.06 (95% CI:-D2&). In

addition, theauthorsA Yy @Sa GA3F SR I Y2RAFASR GSNBAZ2Y 2F Lt/ ?2
(proposed by Robins 1994) for improvitige precisionof the estimator.The result of the modified

IPCW adjusted HR was 1.07 (95% CI:-D.28)%° The authorsoncluded that tle efficiency gain is not

worth the increased complexitfEurther details are reported in Zhang et‘al.

3.7Appropiateness of noradherence adjustment methods to the
HTA context

The concept othe appropriateness of noadherence adjustment methods to the HTA context was
introduced in Chapter 1, Sectidn5. However, the concept needs to be developed furtimeorder

G2 YI1S F Y2NB NRodzad aasSaayvySyd 2F WI LILINELINAF G S
for assessing the appropriateness of the alternative adjustment methblas.criteria were: (a) the

suitability of the estimand (adescribed below)(b) the types of noradherence the method is capable

of dealing with; and (c) whether it is possible to use the method to account forwaddl non

adherence levels.

In the HTA context, resource allocation decisions are usually madesfoecified population defined

by the scopdor each decision problemhg estimands of interest are those covering the entire study
population (as specified by the RCT eligibility criteria), and this should be identifiable at baseline for
resource alloation decision making. Therefore, estimands focused on latent subgroups of patients
(e.g., compliers) may not be appropriate for the HTA conteften there are issues in NICE appraisals
because the RCT populations do not reflect NHS populatidnis.isanother reason thathe HTA
needsto consider probably different adherence levelshie realworld compared to trials. In addition,
HTAprobably prefesa treatment effect from a full selected trial population compared to a treatment
effect from a selectgroup within a selected trial populatioriTherefore, pesenting the cost
effectiveness results with reaborld adherence levels accounted for alongside the -eff&ctiveness
results based on standard ITT unadjusted analysis will provide useful inforrfatidmA bodiegsuch

as NICE) and Technologypfaisal committees.

The appropriateness for HTA is provided able8. The table shows how eacidentified method is
assessedgainst the selection criteriowith more details provided in the notes columfhe results
based on the criteria applied for assessing appropriateness (suitability of the estimand, type of non

adherence and possibility to account for reabrld nonadherence levels) for each of the identified
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adjustment methods is provided ifable8. Five methods (ITT, MSMs, SNFTMs, RPSFTMs and PKPD)

generate the estimand that is appropriate for HTA (covering the entire study population), with only

three of these leing capable of accounting for all types of ratherence (MSMs, SNFTMs and PKPD).

Five methods are thought to be capable ofegtimating effectiveness for reatorld levels of non

adherence. When looking across all three facets of estimating effectisdoe$iTA, gnethods and

PKPD appear to be more appropriate.

Table8: Appropriateness of estimand ftre HTA context, types of neadherence, possibility to
account for realvorld adherence levels and suitability of the effectis=nestimates for HTA using
the alternative adjustment methods

Method

Appropriateness
of estimand for
HTA context

Type of noradherence which can
be adjusted for using the method

Initiation, Random,
Implementation, | Explainable
Persistence non-random,
No-random™

Possibility to
account for
real-world
non-
adherence
levels

Suitability
of the
method
for use in
HTA

Notes

ITT

Yes

None None

No

No

- The estimand is
marginalised to the
entire population.

- Cannot estimate
counterfactual
estimands (i.e.
treatment
effectiveness given
adherence levels in
the real world).

PP

No

Initiation, Random
implementation,

persistence

No

No

- The estimands not
marginalised to the
entire population.

- Excluding the

protocol non
compliers may break
the randomisation
balance leading to
selection bias if
protocol non
compliance is related
to the underlying
prognosis.

AT

No

Initiation Random

No

No

- Does not respect
the randomisation
balance which may
lead to selection
bias.

- Cannot estimate
counterfactual
estimands
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CPH with
PLE

No

Initiation

Random,
Explainable
non-random

No

No

MCC

No

Initiation,
Implementation

Random

No

No

wtd PP

No

Initiation

Explainable
non-random

No

No

GPROPHET

No

Initiation

Nonrandom

No

No

\%

No

Initiation,
Implementation,
persistence

Nornrrandom

Yes

No

- The CACE estimang
used by all five
methods is not
marginalised to the
entire population.

- The compliers class
is a latent group of
patients which is not
identifiable at
baseline, making it
difficult for
policymakers to
make resource
allocation decisions
based on CACE
estimand.

-1V can estimate
effectiveness given
realworld adherence
level based on the
counterfactual
outcome framework

MSMs

Yes

Initiation,
implementation,
persistence

Explainable
non-random

Yes

Yes

SNFTMs

Yes

Initiation,
implementation,
persistence

Explainable
non-random

Yes

Yes

RPSFTMs

Yes

Initiation

Nonrandom

Yes

Yes

- Effectiveness
estimates are
marginalised tahe
entire study
population.

-Can be used to
account for real
world adherence
levels

-RPSFTM only
SadAayYliSa
GNBI G§SRE ¢
GNBI GSRE
making it applicable
to adjust for
GAYAGAL GA 4
adherence only.

PKPD

Yes

Initiation,
implementation,
persistence

Explainable
non-random

Yes

Yes

- The estimands
marginalised to the
entire population.

- Can estimate
effectiveness given
different adherence
patterns.

* In the HTA context, the estimand of interest includes the entire study population and this should be identifiable at
baseline for resource allocation decision making.
UThis column specifies the type of nadherence that each adjustment method is capable of dealing with in terms of
random (nonselective) noradherence, explainable nenandom (selective) noadherence (i.e. noadherence

explainable by observed covariaje or nerandom (selective) noadherence.
41n the HTA context, methods for adjusting trial data for +aalinerence needs to be capable ofestimating treatment

effectiveness for any given level of adherence (e.g-nemld adherence levels).
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The maén differences between the four classes of meth¢als categorised by the proposed taxonomy)
are the estimands, assumptions, and the types of-adherence that each method is capable of
dealing with. Simple methods are only valid in the presence of rar{domselective) noradherence.
Principal stratification methods are capable of adjusting for some types chdbarence, but their
estimands seem inappropriate fidre HTA context based on the critetiget outin the first paragraph

of thissection. Bah g-methods and PKPD can deal with re@lrld nonadherence and their estimands
are appropriate for HTA.-@ethods are similar in terms of their capability for adjusting effectiveness
estimates for counterfactual neadherence levelsn other words, carbe used to reestimate the
treatment effect taking into account a predicted adherence within the RCT datasgtthis is
explained furtherin Chapter 6. However, PKPD is a unique method that uses a different approach

compared to gmethods.

In practice, the analyst could applyngethods to individual patienkevel data from an RCT to-re
estimate treatment effectiveness (adjusted fgalworld predictednon-adherence) for populating
costeffectiveness modelsThe analytical approach is ded&md further in Chapter 6Realworld
adherence levels could be estimated from registry data or observational studiesnathgds could

be applied using standard software (e.g. SAS, Stata’6r'®R}:* While gmethods could be applied to

real RCT datasets, the PKPD approach relies on simulating an RCT dataset based on a specified pattern
of norradherence (e.g. realiorld adherence), and then uses the simulated data for generating the
adjusted estimatesThis would require data (including PKPD data) collected at different phases of
clinical drug development. PKPD method can be applied using specialist software (e.g. NONMEM) or
standard software (e.g. R) for simulating the dataldét.

The PKPD approach also, typically, require additional modelling in order to lifkan@acometics
measures to the clinical and patiehised outcomes necessary for HTA.is also about the
specification of the surrogaténal endpoint relationship which may be difficulthis adds an
additional layer of complexity and uncertainty. It would aisquire a shift away from the preference
in HTA of using Phaskl trial data. Consequentlythere is sufficient uncertainty around its
appropriateness for HTA to exclude it frahe simulation studyand this has been identified as a key

area for further esearch.

3.8Selection of method®r assessmerih the simulation study

A subset of the identified methodwas carried forward for assessment of performance in the
simulation study (Stage 3). The selectiwas based onthe appropriateness othe nonadhererce

adjustmentto the HTA contex{see Sectio.7 for greater detail) The application of the assessment
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criteria on the adjustment methods is providedTiable9. One of the key requirements for selecting
methods to be carried forward the ability to use the methods to adjust effect estimates accounting

for real world adherence levels

Based on tts selection criterionfive methods wereconsidered for asessment in the simulation study
(ITT,MSMs, SNTMs, RPSFTMs and PKPD). RPSFTM and PKPD were further excluded from further
assessmen the simulation studyThe RPSFTM only works for adjustingrfitiation non-adherence

in placebecontrol RCTS he mehod cannot deal with implementatioor persistence noradherence.
However, the planned simulation study was focused on comparing two active treatments informed by
the design of an RCT assessing maintenance immunosuppressive therapy in kidney transplantati
(tacrolimus versus cyclosporine regimens). Therefore, the RIPBIB8el was excluded as it was not
possible to directly compare it with the alternative adjustment methods in this particular simulation
study.Attempting to develop a simulation studlgat links PKPD, to covariates and clinical outcomes,
such that it can be directly compared to the other adjustment methods was deemed to be too complex
for the timescales of a doctoral studiiowever, the application of the PKPD method for adjusting
costeffectiveness for different levels of neatdherence was assessed in a recent doctoral thesis by
Hil-McManus et a(see Sectio2.10.1.4.%

A final list of four methods waselected to be carried forward for assessment in the simulation study
comprisingTT, PP, MSMand SNFTM®Based on the selection criterion, PP analysis was considered
as not appropriate for the HTA context; howeviirwas ncluded inthe simulation studyas it was

thought to provide a useful benchmark given its widespread use
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Table9: Selection of methods for assessment in the simulation study based on the appropritieness

HTA context

Method(s) Appropriateness for | Selected for Notes

the HTA context assessment in
the simulation
study

ITT Yes Yes The standard ITT method was selected for
inclusion as do-nothing strategy (comparator
against the alternative adjustment methods.

PP No Yes Althoughthere are some concerns about the
relevance of PP analysis for HTA, | decided tg
include this method in the simulation study as
is commonly used as a conventional method ¢
analysis in RCTs. The main concerns are:

- The estimand is not marginaliséalthe entire
population.

- Excluding theorotocol non-compliers may
break the randomisation balance leading to
selection bias if protocol nenompliance is
related tothe underlying prognosis.

AT No No Does not respddhe randomisation balance
which may lead t®election bias.

CPHMCC No No - The estimand is not marginalised to the entir

wtd PRIV population.

CPROPHET - Thecompliersclass is a latent group of
patients which is not identifiable at baseline,
making it difficult forpolicymakergo make
resource allocation decisions based on CACE|
estimand.

MSM with Yes Yes This is a subset gfmethods in the taxonomy

IPCW which meets the three criteria gardingthe

SNFTM with appropriateness for the HTA context

g-estimation

RPSFTM with Yes No wt {C¢ta 2yfé SaildAaAYl (GS:

g-estimation Gy diyNBF i§SRé SadAvYl yR
FR2dzad F2NJ aAYAGALF GA 7
The causal effect estimated by RPSFTM is
marginalised to the entire population, but the
method only works form placebacontrolled RCT|
design.

PKPD Yes No The method requires a different simulation

study design and DGMs and it is not possible
directly compare it with the alternative
adjustment methods within the planned
simulation study. The method has been
assessed for adjusting for different levels of
non-adherence in a recent doctoral thesis by
HilF-McManus et aP!
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3.9Conclusions

In summary, this chapter compared the adjustment methods based on a review oftnities and
these identified several important issues, includiifferent performance in situations with high levels
of non-adherencecomputation burden and convergence problems in simulatibttseen assessetthe
appropriatenesf the methods for HTA based @nset of three criterialUsing the evidence from
Chapter 2, the comarativeevidencein this chapter andhe assessment of appropriatessfor HTA

| identified fourmethods to examine in a simulation stu@iyhapters 46).

As a limitation, | recognise that the choice of criteria and the assessment of medlyaifsst them

involve an element of subjectivity and others may not agree with them.
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Chapter 4: Simulation study assessing the performance ef non

adherence adjustment methods: Study design and methods

4.1Introduction

Chapter 3 comparechon-adherence adjustment methods based on existing empirical evidence,
simulation studies and case studies. A subset of the identified methods was selected for assessment
of performance in a simulation study based on their appropriateness to the HTA t&hiExs
chapter presents thelesign and methodology of th&mulation studyto assess the performance of
these methods acrossa range of realistic scenarioSections4.2-4.7 describe the design of the
simulation studyusing the ADEMP (Aims, Datenerating mechanisms,stimands, Methods,
Performance reasures) structural approach for planning simulation stuéfiéSection4.8 outlines

the steps undertakerto perform the simulation studyThe results of the simulation study are

presented and discussed in Chapter 5.

The simulation studywvas based on evaluating theéeatment effect of hypothetical maintenance
immunosuppressive drgpn graft survivafor kidney transplantation in adult#\ series of patient
level RCT datasetgere simulatedand non-adherencewas applied within these datasets based on
different profiles of noradherence identified from the literatur®: # Simulation studiesare
performed usingcomputerintensive proceduresfor different purposes includingssesig the
performance of statistical methods in estimating outcomes relativeknowntruth.** 1Whilst not
perfect, simulatiorstudies have beewidely usedto test the performance of variety ofstatistical
methods®2 S Ol y dtdtistiéal®n@thodls by applying them to realorld data (RWD) for
example, by seeing if they converge, but we do not know if they give us a correct result loeceuse
inrealworlddatag S R2 y2i (§@¢ (GKS ai NYziK

4.2Simulation study design overview

The simulation study plan is based on guidelines published by Burtod’e@aat Morris et al* The
pre-specified protocol for the simulation study is presented in the subsequent sections describing the
design of the simuladin study. This protocol was developed using the ADEMP structural approach for

plamingsimulation studied??

In the following subksections, | state the aim of the simulation study, then describe the-data

generating process through the development of a directed acyclic graph (DAG), followed by the
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identification of covariates and specification of adérece and timeto-event models. | then describe

the selection of a series of scenarios over which the performance dfitfeent methods is assessed.

4.3Aim of the simulation study

The simulation study aimed to assess the performance of alternativeadbarence adjustment

methods in estimating the treatment effect using simulated RCT datasets witmeto-event

outcome.The $mulation study was designed to answer the following research questiénK | & A a (0 K S
relative performance of the alternative methods estimating the impact of neadherence on
GNBFGdYSyd S ¥he Sifulatiod Stybi gravides evidence on the relative performance of

methodsacrossa range of realistic scenarios with different types and levels of patienaaiherence.

4.4Datagenerating mechanisms

The datagenerating mechanisms (DGMSs) refer to how the simulated data were created. These involve
the specification of the pattern of neadherence, prognostic variables, distributions, covariate
correlation structues and random number generatord.was important to simulate baseline and
time-dependent variables that were strongly prognostic and strongly related to adherence so that |
canproperly try to test the alternative adjustment methods in such circumstances (irrespective of
what the variables are). However, in reality, there will be more variables in the dataset, things would
be more complex, and these assumptions and simplificatiere necessary to test the performance

of methods.

Complex DGMs were used to allow the assessment of alternativadioarence adjustment methods

acrossa range of prespecified scenarios. The scenarios covered alternative representations of factors
thought to influence estimated efficacy, including its associated uncertainty. The factors are; type of
non-adherence, level of neadherence, sample sizandthe pattern of hazards (as represented by

an underlying graft survival model, effect sizelationship between treatment effect and adherence

leveland the existence of anyme-dependent treatment effedgt The choice of these factors and the

levels chosen for each are described in SedlidnG A parametric simulation approach was used to
O2YLI NB GKS LISNF2NXIyOS 2F SIOK YSOK2&R7 F3AFAyad |

4.4.1 Directed acyclic graph (DAG)

The DAG presented Figure 2 shows the relationships between covariates incorporated in the-data

generating model, including randomisation, baseline and tirag/ing covariates, neadherence and
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graft survival outcome. The DAG was used to conceptualise and guide the process atirgjnloe
datasets. The variables included in simulating the datasets are described in this section and defined
below the figure. The DAG comprises nodes denoted Z, A, L and Y, representing the abovementioned
variables at different time points. The DAGaaitsclude edges (arrows) representing the relationship
between these variables. In this Figure, Zhis randomisation variable, A, L and Y represent-non
adherence, baseline and tirgdependent confounders and graft loss outcome, respectiviéhg non
adherence variable A also represents treatment, as essentially treatment is the inverse of non
adherenceln this DAG, time is assumed to flow from left to right and therefore the process starts
with the randomisation variable (Z) followed by As and Ls and eaehof themaffectingthe Y

outcome at the end (seEigure P).

In the DAG figure, the randomisation variable Z is assumed to affect the initiation of treatment and
non-adherence only occurs after that. Ls affect subsequent As and the outcome alosl ttiemselves
are affected by previous As, representing tiaependent confounding. For example, tinmaarying
confounder Linfluences both the probability of neadherence Aand graft survival outcom& and
was also influenced by previous treatment Baseline covariates and the values of titlependent
confounders at baselindoth denoted as d, are common causes which means they influence both
graft survival outcome and neadherence between baseline and the first folloyy time point A. The
primary outcome Y is time to graft loss with administrative censoring at the end of the study (12
months)and this is influenced by the values of baseline and {iftependent covariatesThe variable
relationships are modelled such that they satisfy the conditioisme-dependent confounding (see
Chapter 1, Sectioth.3.4). This is important because tirgependent confounding is expected to be

present in reality.
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Figurel2: A DAG representing variable relationships in the -dgiaerating modetor
implementation noradherence

%/A\Ll/\c

N

Z=is randomisation

Lo=is a vector obaseline covariatethat includes agelo also includeraluesof time-varying covariates
measuredat baseline

L1, Lo = updated timevaryingcovariate BMI) at4 and8 months, respectively.

Ao A, A, As=time-varying noradherenceat baselinebetween baseline and 4 months 8 monthsand 8-12
months, respectively.

4.4.2 The pattern of noradherence and simulation factors

The patternofnodr RKSNBYy OS (2 YSRAOIFIGA2Y & Aa |y AYLERNIIvY
Thesimulation study needed to be capable of reflecting +walld nonadherence; httempted to
achieve this bgimulating different levels of neadherence (e.g. high/low implementation) that differ

by treatment arm as nomadherence is likely to be influenced by treatment and dosing regimen.

To consider the pattern of neadherence fothe simulation study design held a oneéhour meeting

with two clinicians WM and JFConsultant Nephrologist Northern General Hospital, Sheffield
Teaching Hospitals NHS Foundation Trdgte main topics discussed included: the importaiterns

of non-adherence to immunosuppressants in adult kidney transplant patients; patient characteristics
which maypredict noradherence patternshbiomarkers and prognostic factors associated with-non

adherence and graft loss; and measurement of adheeein clinical trials and the real world.
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The meeting highlighted the following issues:

1 Suboptimal implementation was identified as the most important type of raatherence
followed by nonpersistence (treatment discontinuation).

1 Treatment initiation was considered less important as pasentnitiate their
immunosuppression therapynder cinical supervision within the hospital

1 Age, graft rejection, comorbidity, time since transplantation, and despecific antibodies
(DSA) which are associated with the quality of matching were identified as important
prognosticfactors. Patients aged 134 years old were known as having the worst levels of
adherencao immunosuppressive medications

1 Comorbidity may also influence naudherence due to psychological issues and practical
issues (e.g. polypharmacy).

1 Patient weight (or high BMI) was identifi@s an important timevarying factor that may affect

both adherence and graft survival.

Based on the discussion with the clinicians complemented with evidence from the literature, a subset
of the identified factors was chosen for incorporation as covasian the simulated dataset$hese
were age as a baseline covariate and BMI as a-tilegendent confounderThe main reason for
including two baseline and timéependent confounders wasimplicity. Including more variables
requires ever more assumptiomadout relationships between variables, which could distract from the
focus of the study, which is investigating the performance of the methods in the presence ef time
dependent confoundingBased on the DGMs applied in this simulation studg,gossibldo simulate
time-dependent confounding with just one tirdependent variableThe correlation between these
factors and graft loss were based on evidence from the literagume assumptionsill three types of
non-adherence (initiation, implementation, pg&stence) were considerednd included in this
simulation study-The coefficient of variation (%) for drug concentration levels was considered as
reasonable for measuring implementation nadherence as it is widely used and accepted in the area

of kidney transplantation.

In the simulation study design, patients nadhering at the previous time point were assumed to
remain nonadherent for the rest of the study followp. This rules out MSM with IPTW from the
simulation study as patients were noil@ked to reinitiate the treatment after the first instance of
implementation noradherence. This assumption does not affect the other types ofadirerence

(initiation and persistence).
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4.4.3 Simulating baseline covariates and randomisation assignment

| simulaed datasets for a twaarm, RCT with 1:1 random allocation, a tioeevent outcome and
non-adherence metrics. The data were simulated to mimcRCT evaluating the effectiveness of
maintenance immunosuppressive drugs for adult kidney transplant pat(emslence cases) with 12

monthsof follow up 16

Data generationn this particular simulation studstarts withspecifying the number of observations
(sample size) followed bgreating a baseline covariatage)which was simulated using coefficient
values based on distributions from the literatuaed further assumptions. Then, the valuestloé
time-dependent covariatdBMI) at baselinewas generated.This is followed by randomisation to
assign observations to the exp@éntal group or control group usingg NJ' Y R 2 & usénBitten
commandin Sata for performing the randomisation procedure checking for tiedanceof baseline
covariates between the two groups$’ Age and BMI at baseline variables were used to test for balance

between the two arms in the randomisation procedure.

4.4.4 Simulating noradherence and tim@arying ovariates

Patient nonradherence metrics in the simulated datasets followdwe ABCtaxonomy! Non
adherene wassimulated forthree-time intervals (baseline to 4 months,-8 months, and & 12
months). The time intervals were assumed to mimic follgqwtime points in a clinical trialime
dependent covadtes were measured at baseline and two follap time points @ monthsand 8
months). A keyproblem with noradherence is that it is assi@ated with postrandomisation eventsg
an experience ofadverse drug reactionsADRY difficulties of pill burden and behavioural
characteristics that change over time, and might not be readily predicted at bas€ligemeans it is

crucial to account for time&lependent predictors of tim&arying noradherence in the analysis.

Timevarying covariatesd [ @ril (noradherence variabke (! Q @nplementation, persistence, or
initiation; depending on the scenaridjere generated sequentially for each follewp time point. For
each time point, the nomadherence variablby treatment group was simulatdist using the gaeral
equation P5]. Thiswasdependent on the history of timevarying covariates and nesdherence &
the previous time point (v 0 @ rigindrBial(Gpy ¥ dzyinCBiafavBagused for generatindinary

time-varyingnon-adherencewhere n is the number dfials and p is the probability of neadherence.

5 1 Ot ¢ amMdEDd  ©wOd 400 Q Cu
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where6 isnon-adherence between the previous follewp time point up to time t (e.g.-8 months),
0 isbaseline covariate (Age) with x=1 if ade4 years and 0 otherwisé, is thehistory of time

varyingconfounder (BMIneasued at the previous time poirttl (e.g. 4 months) with m 1 if BMI>30
and 0 otherwiseand: is therandomisation variable witlh=1 for theexperimental group andg=0 for

the control group

As an example, for generating nadherence between 4 and 8 montlis ( in the experimental grop,
I used the followindive lines of code in Stata. This simulates Haginerence assumingeoplewith
ageXQ4years at baseline artiigh BMI(>30) at 4 monthavea 4%% chance afion-adherence during
the time interval 4 to 8 monthsThis risk is reduced 8)% if they hava high BMI but age > 24years
and 5% risk if age XX24 yearsbut normal BMI For people with normal BMI and agje 24, the

probability ofnon-adherences 7.5%

gen A2=rbinomial(1,0.45) if (Age==1 & BMI1=-2A=&1)

replace A2=rbinomial(1,0.30) if (Age==0 & BMI1==1 & Z==1)
replace A2=rbinomial(1,0.15) if (Age==1 & BMI1==0 & Z==1)
replace A2=rbinomial(1,0.075) if (Age==0 & BMI1==0 & Z==1)
replace A2=1 if Al==1

0 was set equato 1 ifo =1 assuming patients nesedhering at the previous time point remained

non-adherent for the rest of the study followp.

Time-dependent confounding variables were simulateding the generalequation R6], which
incorporatesthe history of timedependent onfounders at the previous time point and non
adherence, assuming similar risk across treatment groups. The latter assumption allowed for time
dependent confounding to be influenced by previous +aatherence and the value of tirsependent

confounders athe previous time point as illustrated in the DA&&gure P).
0 1 QOQ¢ ¢ aMBMIG £00 a Co

where( istime-updated covariate at time ©) representsnon-adherence during the intervatl up
to time t with m=1 means nosadhering patient and 0 otherwis®, is thehistory of timevarying

confounder (BMI) at the previous time point with m= 1if BMI>30 and O otherwise.
To generate BMI at 8 months () for examplethe following lineof code were used in Stata

gen L2=rbinomial(1,0.90) if 2A=1 & BMI1==1)
replacel2=ihinomial(1,0.30) if (A2==0 BMI1==1)
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replacel2=1binomial(1,0.60) if (A2==1 BMI1==0)
replacel2=rbinomial(10.20) if (A2==0 8MI1==0)

Ascan be seerd was used in the above equations to simuléateasit represents noradherence
history for thetime interval from month 4 up to month 8, which is likely to influefgMlat 8 months,
as illstrated by the DA@igure 2). Wheaeas for timevarying covariag BM| | usel values from the
previous time point' - )(i.e. BMI atmonth 4) as they represent the history tife confounding

covariate at the previous followp time point.

4.4.5 Graft survival time datgenerating models

Crowther and Lambert (20183§proposed a framework for simulating survival data under exponential,
Gampertz and Weibull distributions. This framework was used as a basis for specifying the data
generating models simulating the survival data in this study. The generated datasets were checked to
ensuretheir resemblance to realistic situations before using thmdated datasets for assessing Ron
adherence adjustment methods. This was achieved by using summary statistics;Ma@asurvival

curves and model fitting statistics.

Two graft survivaltime datagenerating modelsvere chosento simulate the RCT datatse (i) a
standard parametric survival model with Weibull distribution; and (ii) a-temponent parametric
survival model with a mixture WeibtlVeibull distribution.The two models were chosen to improve
transferability beyond kidney transplantation wieethe shape of the survival curves differ by disease
area and interventionBoth a standard parametrisurvivalmodel anda two-component modelvere
usedin the simulationas specified by each scena(@ppendixQ). For the twecomponent modela
visual eamination of fit suggested thaa WeibultWeibull mixture model isnost appropriate for

mimidking the case studlyial data used in Chapte.

To generate the truth, grafturvival time outcomewere simulated using theurvsimStatacommand

by incorpaoating all baseline andpgated timevarying covariatest all time-points except without
non-adherence variabe(@ ®S® (KS @I f dzSa 2F (GKS | Thk parandrico | 4 SR
survival modewas used tod Sy SNJ G S gtak Srvival (lodtte®s. The modelequired the
specification of shape and scale parameters whiehe specified using evidence from the literature

such that the generated survival times mimic graft survival times observed in trials in the context of
immunosuppression aftekidney transplantationThe hazard functionvas transformedonto the

survival time scale based on a uslsfined function withirnthe survsimmodel.*'®
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00 QoA@PO 10 m o mo [0 ™o 60 e [27)]

where0 is a vector of baseline covariataad of time-dependent covariatat baselinep is time
dependent covariate updated at 4 months, aidis time-dependent ovariate updated at 8 months

of the study followup.1 represents the coefficients for baseline covariates, anch¢ 1Q are the
coefficients for timedependent covariates at 4 and 8 months, respectivd@lge values of time
dependent covariates at 12 months were not included in the model as these will not influence graft
survival at 12 months (the study end date), althodlgbse would influence graft survival beyond the
trial follow-up. Model [27] wasused to generate the true estimates by simutativerylarge datasets

usingone million iterationsfor each scenario.

Then, timevarying noradherence (A A and As) were incorporated as covariates o the survsim
model to generatdRCTdatasets fottesting the alternative noradherence adjustment methods the

causal analysisModel [28].

06 QoA@PUO 10 mo ™o 1 6 m o ™o |0 ™o 0 T
) ™o 0 ™e T 0 e 0 p [28]
wherer 1 andf are the coefficierd for time-varying noradherencewith values influencing

the relationship between noadherence and graft survival as they interact with baseline and-time

dependent covariates within the graft survival time datanerating model.

The only differencebetween Model 28] and Model R7] is the incorporation ofnon-adherence

variablegA;, A andAs) corresponiéhgto measurements athe time up to4, 8 and 12 months as these

are measures of noeadherence from the previous time poinEor example, Arepresents non

adherence during the timaterval between month 8 and month 1Zhe idea is to assess how each

method performs in estimating the true value of the outcome and treatmeentbtained from Model

[27] (i.e. the outcome that would have been seen with no famtherenceby applying thealternative
non-adherence adjustmenmnethodsto the datases affected by noradherencegenerated byModel

[28]. Time-dependent effectsvere incorporated in8 YS a4 OSy I NA2a0 o0& &LISOATeE;

within the survsimStata command.

Toimplement Model 28] in Stata for generating graft survival times, | used shevsimcommand,
incorporating baseline and timéependent covariates time-varying noradherence, andthe
treatment effect in a delayed entry mod&£: 11°n this model, delayed entry times at which the impact
of particular variable start taffect the timeto-event outcome wee specified. These were specified
using a common time (#) for all observations in the dataset dase follow-up time points. For

example, the impact BMI at 4 months (hBMI1) affects graft loss between 4 and 8 mordhbkjsawas
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specified using the comamd time (0.3333333:<=#t:<0.6666667) expressed iryears These were

implemented to produce biologically plausible graft survival data using the following code:

survsim stime event, loghazard{1.2 :+ 0.2:*#t :- 0.03:*#t:* 0.5 :+ 0.05:*#t:-0.5 :* (hBMIO0:* 0.35) :* ///
(0:<=#t:<0.3333333) :+ (MNAO:* 0.40) :* (0:<=#t:<0.3333333) :+ (hBMI1:* 0.35) :* /I
(0.3333333:<=#1:<0.6666667) :+ (MNAL:* 0.40) :* (0.3333333:<=#1:<0.6666667) :+ ///

(hBMI2:* 0.35) :* (0.6666667:<=#t:<=1) :+ (MNA2:* 0.40) :* /// (0.6666667:<=#t:<=1)) ///

cov(trt -0.75 age 0.25) tde(trt 0.15) maxt(1) [29]

where MNA represent medication neadherence and hBMI represents high body mass index, (i.e.
BMIx o srbedtdes involves the timedependency of the treatment effect. Iisome scenarigshe
treatment effect was constant over time, whilst in othetise 0.15parameter valuevas used, which
results in @5%reduction intreatment effect over timeParameter values in Mod@P were varied to
produce datasets acrossrange of realistic scenarios specified by the simulation study protocol (see
Sectiord.4.6for parameter values). The simulated datasets were used for assessing the performance

of alternative noradherence adjustment methods.

Before applying the methods, for patients who experienced graft loss in the trial, the values of time
dependent covarias were set to missing after the event tinmiEhis was undertaken to mimic the
practice in many clinical studies of ending data collection upon the occurrence of the event related to

the primary outcome measure.

4.4.6 Parameter values ardistributions

To generate biologically plausible RCT datasets, the parameters' values for the DGMs (described in
Sections 4.4.4) were specified. The following factors were varied to specify the scenarios simulated:
sample size, noadherence metricsifhplementation, persistence, and initiation), baseline hazard
function for the survivatime datagenerating model, theelationshipbetween adherence level and

graft survival, timedependent treatment effects and treatment effect sidénese were choseralsed

on discussions with two clinicians (WM andalfcomplemented with evidence from the literature.

The seven factors were varied in a partly factorial design to specify a range of realistic scenarios in the
simulation studyThe rationale for specifyg the sample size for the simulations and baseline hazard
function is provided in the subsequent subsectiofibe parameter values for thievels of non
adherence,the correlation between noradherence and outcome and the other factors in the
simulationswere assumed to test the methods in arrange of scenarios based on varying the values of

these factors.
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The levels specified for each factor are providedable10and the full listing of scenarios is given in
AppendixC. A partly factorial design was used resulting in 90 across the three types -@fdt@nence
(Initiation= 38, implementation=34, persistence=18) scenarios assessed in the simulation study. More
scenarie were specified for initiation and implementation nadherence as these are considered

the most important types across chronic disease and this will aid the transferability of findings from

the simulation study. The specification of scenarios is destiibenore detail in Sectioh.4.7.

Tablel0: Factors included in the simulation stustenarios

Sample| Type of non Nonradherence | Graft Relationship| Time Treatment
size adherence (implementation/ | survival time | between dependent | effect size
persistence / data- treatment treatment
initiation generating | effect and effect
model adherence
(DGM) level

Factor level

1 Large | Implementation | High Standard Strong Yes Large
parametric
survival
model
(PSMX
Weibull
distribution
2 Small | Persistence Low Two Weak No Small
component
parametric
survival
model-
Weibulk
Weibull
(Mixture)
distribution
3 - Initiation - - - - -

The parameter values for each factor that were used to simulate the dataset are specified in the

following subsections4(4.6.1t0 4.4.6.9.
4.4.6.1 Sample size

To specify the number asbservations in the simulated datasets, the sample size for large studies
(n=450) was assumed based on thé& p&rcentile sample size among 40 trials (Appeimjikable36).

These were clinical trials conducted in the area of maintenance immunosuppression after kidney
transplantation, as identified by a published systematic review and included in a network meta
analysis (NMAJ°
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A small sample size (n=120) was assumed for some scenarios vehnidiased on the 25th percentile
sample size among the same list of trials (Appebdyikable36). Initially, | planned to use a sample
size of 90 but based on testing, that resulted in a very high number of failed simslafibis was
largely dueto non-convergence associated with thatare of how some nomdherence adjustment

methods work (i.eg-methods).This issue is discussed later in this thesis.

4.4.6.2 Nonadherence metrics

Nonadherence was simulated using binary covarid@simplementation, persistencer initiation
(depending onhe scenario specificationdhitiation and persistencasea binary variable that reflects
the non-adherence event at a particular time point; whilst implementation reflects-adherence to

the prescribed regimen during a particular time inteneab( 4 to 8 months).

For implementation, noradherence i®ften measured byhe coefficient of variation (&%) whichis

a validated measure of adherence in kidney transplant recipiéretshas been demonstratetb be
associated with graft losgl 122A higher CV% indicates more erratic levebf medicationtaking
behaviour, and therefore, a higher ldvef non-adherence.At least three data points of drug
concentration levelare neededo calculate the C¥for each individual patient for each time interval,
which then needs to be combined with cu-off point for C\M6 above which the patient will be
categorised as noeadherent. Implementation noradherence was simulated as a binary variable
without simulating concentration levels and/or @% and then converting it to a binary variable.
Implementation noradherence is expected to be more prevalent, but to have less impact on the graft
survival outcome. Therefore, that is what | simulated in the implementation scenarios, by changing
the numters used for noradherence probability and the effect of n@udherence on graft survival
times in the DGMs.

The probabilities of nomdherence at each time interval (% of nadherence) were simulated such
that the overall noradherence patterns are clgified as high/low. Thee were numerically defined as
relative values depending on the type of nadherence (e.g. 10% low implementation radherence
and 40% high implementation neadherence). The probability of neadherence in the control arm
was diferent to the experimental arniThis mimics the usual pattern of n@aherence seen in clinical
trials. The values for the probability of neadherence were assumed with values varied depending on
follow-up time points and the type of neadherence evaluatin each set of scenarios (See Appendix

Cfor an example of these parameter values).
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4.4.6.3 Baseline hazard function

Two DGMsStandard parametric survival model (PS#ith Weibull distribution and Twa@omponent
parametric survival modekith WeibulFWeibull Mixture) distributior) were used to generate graft
survival timeg(Figures 3-14). For each model, aser-defined log hazard functiowith polynomial
fractions and delayed entry was specifiétiThe shape of the KM survival curves generated by the
standard PSM was sharply decreasing in hazards as shown from the analysis of a sidatested

with 1000 observationsThe shape of the KM survival curves generated by the mixture Weibull
Weibullmodel with similar patient characteristics is showrnFigure #. Despite the similar patient
characteristics, the mixture model produces survivor functions that drop a lot more slowly, so may be
considered to represent less severe diseddee mixture mdel mimics graft survival curves observed

in clinical trials conducted in kidney transplantation. The two models were used in this simulation to
boost the transferability of findings beyond kidney transplantation as shape parameters for survival

data varies across disease areas.

Figurel3: KM curves using standard parametric survival medil Weibull distribution

Kaplan-Meier survival estimates
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Figureld: KM curves usingvo-component parametric survival model witteibullWeibull
(Mixture) distribution

Kaplan-Meier survival estimates
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trt = Control 500 425 362 310
trt = Experimental 500 464 421 388
trt = Control  ———— trt = Experimental

For the standard PSM, the parameter values used in the-desned log hazard function were:
loghazard{1.2:*0.2:*#t:~(0.2:1). For the twecomponent mixture model, the parameters values for

the hazard function wee: loghazard{1.2 :+ 0.2:*#t < 0.03:*#t:"0.5 :+ 0.05:*#t:20.5. To impgement

these complex hazard functions, the Mata code was combined witlsihesimcommand in Stata in

a way that allowed for incorporating tiragependent covariates and nesdherence. Thé Y2 NB Y | { | €
Stata package was useddpplythe models. The technical details and the full code used to simulate

the datasets are provided in Append®).

4.4.6.4 Relationship between nadherence and graft survival

A parameter was used to represent the correlation coefficient as a measure of how strong the
relationship between noradherence and the tim#o-event outcome (timeto-graft loss)was The

value ofthis parameter was specified as a coefficient within the survsim model such that the
NEflGA2YyaKALI Aa OflaaSR Fa aaidNBy3a¢eg 2N asSI1é R

value of 0.40 was used across implementation-sadherence scenarioor persistence and initiation
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non-adherence, higher values were used ranging between 0.42 to 0.55 to simulate a stronger impact
on graft survival. For the weak relationship, a value of 0.22 was used in implementatien non
adherence scenarios with altertiee values ranging between 0.22 to 0.38 used in persistence and
initiation norradherence scenarios. These parameter values were assumed to achieve the desired
KaplanMeier (KM) survival curves and hazard ratios (HRs). The strength values (strong/weak) are
relative and these were determined using simple regression analysis on the simulated datasets.
Different values of coefficients were used depending on the type ofaditerence to reflect differen

impacton the survival outcome as discussed in Sectidn6.2

4.4.6.5 Timedependent treatment effect

The timedependent treatment effect was incorporated in some scenarios as specified in Apgzndix
In these scenarios, the parameter value was 0.15 allowing for a 15%l&pendentlinearreduction
in the effect of the treatment. This value was assumeddabieve the desired KM curves and HRs.
Therefore, scenarios with no tirgependent treatment effect assumed a 0% thdependent

reduction in treatment effect, and constant HR.

4.4.6.6 Treatment effect size

The treatment effect size was specified basedHis Graft survival times were simulated such that

the generated HR is around 0.55 indicating a beneficial treatment effect reducing the graft loss event
rate by 45%. Thigrge treatment effect is representative of comparing a very effective drug tesa le
effective drug(e.g. tarolimus versus standardose cglosporire regimens in some scenarios). In
scenarios where a small/moderate treatment effect size was simulated, an HR of around 0.70 was
generated representing othecomparisons such as letlose cglosporire versus standardose

cyclosporire.
4.4.6.7 Informative censoring

CKS AAYdZ b GA2YyE RAREINSRNIYERA @S2 yO Sy aup A gomisfngzS (12 ¢
data. Although these are common issues in real RCTs, there are established methbés in
methodological literature to handle them. This assumption allowed the simulation to focus on
addressing the issue of neadherence without the need to simultaneously address other inter

current events. However, in practice, the analyst should consilese issues and apply the

appropriate methods alongside the best performing remtherence adjustment methods.
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4.4.6.8 Application of coefficient values within scenarios

To simulate the datasets, a range of other parameters were specified in the form of evefliaiues
incorporated into the simulation program. These include coefficients for generating baseline and time
dependant covariates, timearying noradherence and graft survival times. In the simulated datasets,
both baseline and timelependent confoundrs (age and BMI) were included as covariates. The
coefficient values used within the simulation program for generating ‘t#agying noradherence,
baseline covariates, timdependent confounders and graft survival times were kept constant across
simulatins. The rationale is to focus on varying the values of the key factors (specifiabl@i0) to

evaluate their influence on methods performance.

To explain how the simulation program is implemented in Stata Software, let us take Scenario 2 as an
example. The parameter values and distributions specified for generating the datasets in this scenario

are presented imablell.

Tablell: Parameter values for simulated RCT datas&tsenario 2

Parameter Value for Scenario 2 Distributionfunction Source of value
Sample size 450 - Analysis based
onTable36
(AppendixD)
Age 18-24 65%), 2575 (45%) Conditional random variable | Assumed

Treatment group

0= Control, 1Experimental

Randomly assigned in 1:1
ratio

Nonadherence
implementation: 0-4 months

Controt

30% if (ageR4 & hBMI0=1)
20% if (ager24 & hBMI0=1)
10% if (ageR4 & hBMI0=0)
5% if (ager24 & hBMI0=0)

Experimental

22.5% if (ageiR4 &hBMI0=1)
15% if (ager24 & hBMI0=1)
10% if (ageR4 & hBMI0=0)
5% if (age>24 & hBMI0=0)

Binomial randonvariable

Nonadherence
implementation 4-8 months

Control

60% if (ageiR4 & hBMI0=1)
40% if (age24 & hBMI0=1)
20% if (ageig4 &hBMIO=0)
10% if (age-24 & hBMI0=0)

Experimental

45% if (agéR4 & hBMIO=1)
30% if (age24 & hBMIO=1)
15% if (ageR4 & hBMI0=0)
7.5% if (ager24 & hBMI0=0)

Binomial randonvariable

Non-adherence
implementation 812 months

Control

60% if (ageik4 & hBMI0=1)
40% if (ager24 & hBMI0=1)
20% if (agelR4 & hBMI0=0)
10% if (age-24 & hBMIO=0)

Binomial randonvariable
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Experimental

45% if (ageR4 & hBMI0=1)
30% if (ager24 & hBMI0=1)
15% if (ageR4 & hBMI0=0)
7.5% if (age24 & hBMI0=0)

Probability ofhigh BMI §30) at | (1,060) Binomial randonvariable -
baseline

Probability ofhigh BMI ¥30) at | Control &Experimental Binomial randomvariable -
Month 4 90% if (ageR4 & hBMI0=1)

30% if (age-24 & hBMIO=1)
60% if (ageiR4 & hBMIO=0)
20% if (age-24 & hBMI0=0)

Probability ofhigh BMI ¥30) at | Control &Experimental Binomial randonvariable -
Month 8 90% if (ageR4 & hBMI0=1)
30% if (age24 & hBMI0=1)
60% if (ageiR4 & hBMIO=0)
20% if (age24 & hBMI0=0)

Baseline hazard function loghazard{l.2 :+ 0.2:*#t- Userwritten hazard function
0.03:*#:10.5 :+ 0.05:*#t:20.5) using a wo-component
parametric survival model
WeibulFWeibull (Mixture)

distribution
Coefficients for generating gral f 0 (Age = 025 Implemented within the
survival time I 0 (hBMIQ =035 & & dzNJhadel hiStata

f 0 (hBMI1) = 0.35

f 0 (hBMI2) =0.35

1 (A1) =0.40

1 (A2 =0.40

1 (A3 =0.40
Treatment effect=0.75
Timedependent effect= 0

Administrative censoring (End | 1.0
of study) in Years

T hthe coefficient for baseline covariates and the value of tdependent covariates at baseling (; T , the coefficient

for time-dependent covariates at 4 months (I, the coefficient for timedependent covariates at 8 months (;f

1 andf  , the coefficients for implementation neadherence between baseline at 4 months (A1), 4 to 8 months (A2)

and 8 to12 months (A3); hBMIO, high Body Mass Index at baseline; hBMI1, high Body Mass Index at Month 4; hBMI1, high
Body Mass Index at Month 8. A1, Implementation faatherence between baseline and 4 months; A2, Implementation non
adherence between 4 and 8 morghA3, Implementation neadherence between 8 and 12 months.

The parameter values presented Trable11 were incorporated into the simulation program and
survsimmodel to produce graft survival times in the absence of -adherence. The Kaplaveier
survival curves produced from one simulated dataset with a sample size of 2000 and perfect
adherence using the relevant parameter valu€alfle1l) are presented ifrigure 5. This step was

run 1 million times to produce the truth for one scenario in the full simulation progfégure 5

shows KM survival curves with naxherence incorporated.
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Figurel5: Graft survival curves frothe simulated dataset in the absence of radherence

Scenario 2

Graft survival in the absence of non-adherence

0.50 0.75 1.00
| | |

Probability of Allograft Survival
0.25
|

o
o

o Y
Baseline

Number at risk
trt = Control 1000
trt = Experimental 1000

T
Month 4 Month 8 Month 12

Time Since Transplantation [Months]

864 753 647
934 869 813
trt = Control —— trt = Experimental

Figurel6: Graft survival curves frothe simulated dataset in the presence of ratherence
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To illustrate the impact of noadherence and prognostic characteristics on graft survival over time,
KM survival curvewere generatecdbased on analysis tiie abovementioned dataset. These include

the impact of agéFigure ¥), BMI (Figures 8-20), and nonadherence (Figures 2-23).

Figurel?7: Impact of age on simulated graft survival time

The impact of age on graft survival
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Figurel8: Impact of baseline BMI on simulated graft survival time

The impact of hBMIO on graft survival
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Figurel9: Impact of BMI at 4 months on simulated graft survival time
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Figure20: Impact of BMI at 8 months on simtéa graft survival time

The impact of hBMI2 on graft survival
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Figure21: Impact of Gn Y 2 yhipl&n@eatationnon-adherence on graft survival

The impact of MNAO on graft survival
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Figure22: Impact of dy Y 2 yihipl€nGeatationnon-adherence on graft survival

The impact of MNA1 on graft survival
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Figure23: Impact of8-12Y 2 y Uikpie@entationnon-adherence on graft survival
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4.4.7 Simulation program

Data were simulated using Stata MP 1564 (i 0  IMgr$enna tiSte@hdomnumber generator
6YlGcnao ¢l a dzaSR G2 aSié I WaadNBIYQ 2F NIyYyR2Y ydz
SI OK aGNBIY 2F NIYR2Y ydzYoSNBE 61a WmMomyoQ® t | NI f
Performing Computers (HPC) for racefficiency. This was performed using the Sheffield Advanced
Research Computer (ShARC) facilities.6THeA Y dapproach i Stata was usedperform a Monte

Carlo simulation

The SharedMemory Parallelism3MP) approach with eight processor coresrgeenario was used

within ShARC to run 16 scenario sets simultaneously for 1 million iterations each. These scenarios
represent RCT datasets in the absence of-adherence to generate the truth. For scenarios with
non-adherence, the SMP with four processcores was used to run 90 scenarios for applying-non
adherence adjustment methods with 1900 simulations each. These scenarios were divided into three
sets based on the type of neadherence (implementation=38, persistence=18, initiation=34). Each
scenard set was run as a single job with multiple threads (each represesitgyle scenario) using the

MP parallel computing environment. This meant the full set of simulations were run in four separate

jobs, including one job for estimating the truth.

The paallel computing approach has allowed the simulation program to run within 96 hours for truth
scenarios and 40 hours for scenarios applying the nradherence adjustment methods. This
approach saved significant computation time and allowed the simulgiimgram to be run in an

efficient way given the large number of scenarios evaluated.

¢ K Survdini command in Stata was used for simulating biologically plausible graft survivaftata.
This was complemented by additional programming to simulate-amerence data which was
associated with covariates and the graft survival outcdtié. K Sy = L siomuE eomiadin
Stata for reporting the results of th@imulation study in a more efficient was? This involved using

tables and graphs (e.g. nested loop plots for presenting results from the performance mea&ures)

The simulation program involves the following datasets which were generated and stored in a pre
specified directory within the University of Sheffield HPC facilities:
(a) Simulatedtruth datasets:these are datasets withops generated by dierent DGMs with 1

million iterations, which were used to generate the truth for each set of scenarios.
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(b) Simulated datasetwith non-adherencethese are datasets withops generated by different
DGMs, and to which the alternative adhereradjustment metlods were applied to estimate
the treatment effect -8

(c) Estimates these are datasets witmsm summaries (e.g—) from repetitions for each
combination of DGM, scenario and method.

(d) Performance measurethese are datasets that contain the estimated performance measures
for each combination of scenario, DGM and method.

(e) Monte CarloStandard Error¢SE) of estimates:These include Monte Carlo SE estimates of

the estimands and performance measures.

In summarythe simulation program was run fartotal of 90 scenariod@ppendixC) that were defined

by a partial factorial design usingample size (2 levelslype on nonradherence (3 typesyon-
adherencelevels(2 levels) graft survival time datagererating model (2 types}he strength ofthe
relationship betweemon-adherence leveand graft survival outcome® levels)the existence of a
time-dependent treatment effect es/no) (2 levels)and treatment effect size (2 levélsThe
simulation considred each type of noadherencefor each scenario, and therefore, the three types

of non-adherence (initiation, implementation, persistence) were not combined for assessment in a

single dataset.

4 5Estimands

The primary estimand of interest is treatment &gt using the difference in restricted mean survival
time [RMSTF® between treatment groups, had there been no radherence | also recoreéd
experimental group RMSand control group RMST and includeem as estimates for secondary
estimands. In addition, the populatidevel HRs were estimated and reported, but theserevnot

used for assessing methods performance. This is mainly because there is no guarantee that the
proportional hazards assumption will hold in each scenario, which man$iR is a potentially
misleading summary statistidn practice, investigatorsnd analysts are interested in different
estimands depending on the purpose of each particular study. Therefore, the secondary estimands
were included in this simulation to ensure that the radherence adjustment methods could be used

to produce estimatesssociated with these estimands.

The difference in RMST was chosen as the primary estimand becausethmlike it is not affected
by the proportional hazards assumptiofihis wascalculatedusing thestpm?2 Stata commandyvith
the standsuryost estination command. Tis involves fitting flexible parametric models (FPM) to the

graft survival data estimated by each method under the hypothetical assumption of zero non
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adherence and calculating the RMST using these models, restricted toyibar Endof-follow-up
timepoint. TheFPMsalso produced the RMSTs in the control and intervention groups alongside their
d0FyRIFINR SNNBNEP® | wa 6SNB 3ISYSNF GSR dzistkoga |

command in Stata. The specification of the modelsssiwdised in more detail in Sectidré.

4.6Methods assessed

Each simulated RCT dataset was analysed using each of the following methods:

(@) Intention-To-Treat (TT) analysis

(b) PerProtocol PB analysis

(c) Marginal Structural Model (MSM) with IPCW Estimator

(d) Structural Nested Failure Time Mod8NFTNIwith Gestimation

The application of foualternative methods todatasets simulated in 90 scenars meant that 360
different causal analyses weperformed (four methods x 90 scenarios). Tageof the University of
Sheffield HPC facilities for running parallel simulations, as described before, helped efficiently

undertake the simulation study.

The nonadherence adjustment methods assessed were described in more detail in Chapter 2
including the estimands, estimators and key assumptions. However, for the sake of clarity, the
application of each method to adjusting for nadherence in the simulatiostudy is briefly described

in the following subsections.

46.11TT

ThelTT method does not attept to adjust for noradherence. In this particular simulatiotine ITT
method estimates RMSTs in the presence of the estimated level chdbarence in the simulated
data, whilst the PP and-methods (described in the subsequent sections) refe@tadjustment to
non-adherence. All methods are compared against theilities to estimate the same truth
(difference in RMSIih the absenceof nonadherence using the performance measures described in
Sectiord.7.

The ITTanalysignvolves fitting a flexible parametric survival mo@ePM)to both treatment groups
combined (i.e. with treatment group as a covarjaising thed & { LO¥ewvéritten command in Stata.
Ftting one FPM to the treatment groups combined (rather than fitting a separate model to each

treatment arm) assuming a proportional treatment effetheFPMmodel was adjusted foage asa
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baselne covariate using 2 degrees of freedom in the model sjpatién. This was based on testing a
range of values for the degrees of freedom and the appropriate option was selected based on model
fit criteria using theAkaikelnformation Qriterion (AIC)and theBayesiarinformation Criterion(BIC)

Thestpm2model pecification was similar across alternative methods for a fair comparison.

The vce(robust)option was included in the model to produce robust standard errors. Then, the
G a d Iy Résdasidmation command was used to produce the difference in RMSTs hetwee
treatment groups alongside the standard error and confidence intervals around the estimates. The
standsurvcommand was simultaneously used to produce estimates for the secondary estimands in
terms of RMST by treatment arm alongside standard error andidemce interval around these

estimates.

In addition, the ITT analysis involved applyingRHmodel using the@ (i Oétamand The model
was adjusted for baseline covariates to produce HRs alongside the standard error and 95% confidence

intervals.

4.6.2 PP

ThePPanalysis strategyas applied by excluding naadherent patients from the analysis dataset.
This wasappliedby censoring all noadherent patients at the first time of neadherence. Then the
stpm2, standsurand stcoxcommands were applied in the same way as described in the ITT analysis

(Sectiord.6.1).

4.6.3 MSM with IPCW estimator

The application of MSM with IPCW estimator stanith creating a timelependent noradherence
indicator for each time interval within the dataset (i.e40months, 48 months, and 82 months).
Then, a timedependent outcome for graft loss was created using the same time intervals. To derive
the IPCWsfour nonadherence logistic models were fitted (two models per treatment arm). The
impact of BMI (as a timdependent confounder) dependent on time is an important predictor so the

interactionof confounders with time was incorporated into the IPCW weightnodels

In these noradherence models, | used logistic regression to predictaudtim®rence given baseline
covariate and timen the control arm (Noradherence Model 1). Neadherence Model 2 was then

fitted on the control group with both baseline antne-dependentcovariates with interaction terms
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included in the model specificatioNon-adherence Model 3 and Model 4 were fitted in the same way
on the experimental group. Following thapplicationof each logistic regression (naaherence
models), thedpredicE command was used to estimatbe probability of noradherence for each
patient observation included in the regressiohhese were then used to calculate the probability of
remaining uncensored (i.e. the probability of adherence) by subtractirg pitobability of non
adherence from 1. This wamdertakenat the individual patierHevel using the estimates obtained

from each of the noradherence models.

To generate stabilised weights, | divided the probability of remaining uncensored (adhetained

from Model 1 by the probability of adherence generated from Model 2. This produced the IPCW
stabilised weights for the control group. Similarly, | divided the probability of remaining uncensored
generated from Model 3 by the one obtained fravtodel 4 to derive the IPCW stabilised weights for
the experimental group. Then, | declared the data as survival data by using &hé &cgningnd
incorporating the stabilised weights. A pseudgopulation dataset was created using the stabilised
IPCW weiglgtand thisrepresents a population in which there was zero faatherence Then, | applied

the stpm2 parametric survival modgdfincluding thestandsurvpostestimation command) and Cox
proportional hazards model, as described above, to obtain the required estinietesmodelused
robust standard errors to get 95% confidence intervals that take into account the weighting of the

data and the clustering ahdividuals.

4.6.4 SNFTM with @stimation

The application of thg-estimation method was implemented as follows. First, | specified baseline and
time-varying confounders foinclusionin the g-estimation model. This involved specifying aga
baselinecovarate and BMI asa time-dependent confounder. The timéo-event indicator (time
dependent graft loss) was made tirgependent in the dataset. Then, timagged noradherence
variables were generated using individual patietel adherence data for each timaterval.
Subsequently, | declare the dataset as survival data wsgycommand clustering observations by

patient ID.

Second, | stimated the Acceleration FactofAF)as the efect of time-dependent noradherenceon
graft survival timeoutcome. Thiswas done for eachtreatment arm separatelyusing thed & 0 3Sa G o ¢
commandwhichisa Stataprogram for implementing-g@stimation in an SNFTM: Thestgest3model
specification included baseline and tirdependent confounders using thmaodel(all)option which

includes all observations and tleeitcome(mgalepption for handling how the potential outcome is
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entered into theg-estimation model. The latter ia new technique using the martingale potential
outcome that brings together théme to event(time-to-graft loss)and censoring indicatotegether
to improve performanceThestgest3modelincorporatedthe interactionof confounders with timeén

the sane way applied to the IPCW weighting models.

Third, | used the estimated AF to adjust graft survival times by treatment arm allowing for recensoring.
This results in estimated graft survival times that would have been observed if there had been non

non-adherence.

Finally the stsetcommandwasappliedagain and thestpm2 standsurv and stcaxodelswere used
for generatngthe required estimatesas explained in previous subsectioiibe Clobtaineddo not
factor in the fact the data have been adjusted, and therefare likely tounderestimate uncertainty,

with implications for coverage.

4.7Performance measures

The performace assessment was focused on the following key properties of the estimators: bias,
accuracy, coverage, and both empirical and mdabeded standard errors. In addition, to quantify
simulation uncertainty ovensim, | have estimated the Monte Carlo standagrrors (MCSE) of the
estimated performance measures. The formulae for computing the performance meaatges

provided below.

- Bias isa measure of accuracy amhsevaluated usingbsolute andercentagebias The

absolute llaswascalculatedusing the following formula
0 QW i—é P — — om

- Mean Squared Error (MSE) is a measure of overall accuracy because it includes both bias and
variability measures. This is presented as a percentage of the true ¥aeally, it is the sum

of the squared bias and variance-efvhich can be computed using the following formula.

. e P
YO — — —
0] 3 op

- Coverage is defined as the probability that a Cl contaiffise. the proportion otimes that 95%
ClI contains the true value of the estimated parameter). For adided interval, coverage was

computed using the following formula.

6éU'Q‘|“%<£—'Q b— § — — & oc

143



- Empirical standard errdempSIfor —is an estimate of the lonrgun standard deviation o+

over the nim. The EmpSE was computed using the following formula.
N4 e p
odan YO —— — I (ole)
€ Y

- Average modebased standard error (ModSE) feis the average of the estimated SEs which
targets the estimated empirical standard error. The ModSE was computed using the following

formula.

5001 HIOYO —— S woi- o
Both EmpSE and ModSE were expressed percentage of the true value of the treatment effect (i.e.

Difference in Restricted Mean Survival Times).

The number of simulations or repetition®is(y) used to simulate datasetgeported previously in
Sectiond.4.7, was 1900The central issue when considering the optima} isthe MCSBEvhere the
main performance measures should be estimated to a satisfackegyee of precision. Asne of the
key performancemeasures of interest iscoverage the following formulavasused to calculate the
optimal number of simulations.

DO0E€VQI MPQO0 £V QI QWA

€ gvu
DEc 0B WO

| assumed 0.5 % MCSE to be satisfactory for 95% coveriaigh produces ansimvalue 0f1900. This
was used as the number of simulations across all scendrf@es minimum and maximum MCSE for

each scenario across all methods is presentedgside the detailed results in Chapter 5.

The analysis of the estimates datasets starts by generating the number of successful iterations out of
1900 simulations. This is followed by calculating successful estimations relating to model convergence

for each method For some methods, multiple models need to converge in order to achieve successful
estimation for one iteration. For IPCW, convergence for each of the fowadbarence models was

captured (see Sectiof6.3. In addition, two further modelss{pm2and stcox) need to converge for
successful estimation of the difference in RMST and HRs to be achieved. For SNFgFastmitation,
ddz00SaaFdzad SadAayYlldAazy AydgestEdgmdel inidad traamgn@8mME Sy OS

followed by the convergence of th&pm? and stcoxmodels. All these convergence events were
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captured and reported in the estimates datasets and summarised as successful simulation and

successful estimation in the results.

Then, the estimates datasets were analysed using dimesum Stata commad to generate the
performance results for comparing naherence adjustment methods across scenarios. The results
from all scenarios were compiled and saved in separate datasets (depending on the type of non
adherence) for data visualisation and repoginThese are presented using nested loop plots for
comparing methods performance using the seven factors specified in the study design as descriptors.
The anking of methods based on best performance was assessed and presented using tables. The
latter coveaed the five performance measures specified above. The analysis also involved generating
the mean estimates (by method) for each estimand across the successful estimations and these are

presented using tables in this chapter.

4.8Steps of the simulation sty

In summary, lhe simulation study involves the following steps:

a. RCTdatasets were simulated using 1 million iteratiomdth prognostic baseline and tirme
dependentconfounding andyraft survivabutcomes. Theaverage treatment effect generated
from the analysis of these datasets represents the "trmeatment effect The true treatment
effect was estimated usinthe difference inrestricted means survival time [RM&T]as a
primary estimand. The true values were also obtainedstwondary estimanddiR, RMST in

the control and experimental groups)

b. RCTdataset were simulated using 1900 iterations and a similar DGM specified in (a) with the
only difference being the presence ofon-adherence (implementation, persistence or
initiation variables). Inhese datasets,lte probability of noradherencewasassociatedvith

the prognostic baselinfage and timedependent(BMI) characteristics

c. The alternative four methods were applied to adjust for patieat-adherence in the dataset
simulated in (b)to estimate the adherenceadjusted treatment effect The key estimates
generated from this step include the difference in RMSTSs, standard errors and confidence
intervals for the difference in RMSTSs, and indicators for model convergence (including four
non-adheence models used by IPCW and tgvestimation models used by the SNFTM). The
estimates datasets also included similar estimates for the secondary estimands (HR, RMST in

the experimental and control groups).
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d. Each estimates dataset was analysed usingcahie A Y &Stitd package for assessing the
performance of each method he performance of each methadasassessed based on five
measures: (i) biasdy comparing the predicted with the true mealifference in RMSTii)
mean square error to assess varidpijli(iii) coverage based on the number of simulations
where the 95% confidence interval includes the true mean outcomeHmpSHEo assess the
precision of the estimator; and (v) averagedSEIn addition the Monte Carlo standard error

was producedo assess simulation uncertainty each scenario.

A flow diagram showinghe main steps and operatiortd the simulationstudyis presented irFigure
24.

Figure24: Simulation steps flow diagram

* Simulate RCT datasets with perfect adherence (1 millioniterations)
* Calculatethe truth for the primary estimand (Difference in RMST)
Step 1 * Calculatethe truth for the secondary estimands (RMSTO, RMST1, HR)

¢ Simulate RCT datasets with non-adherence (1900 iterations)
* Probability of non-adherence dependenton baseline and time-dependent characteristics
Step 2 * Repeat for 90 scenarios with different types and levels of non-adherence

* Apply methods to adjust for patientnon-adherencein the RCT datasets simulatedin Step 2

Step 3 * Obtain method estimates for each estimand across 90 scenarios

A

* Analysesthe estimate datasets for assessing the performance of each method
* Compute performance as percentage of the truth (bias, MSE, ModSE, EmpSE and coverage)
Step 4 * Obtain MCSE to assess simulation uncertainty in each scenario

\ ]
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Chapter 5Simulation study assessing the performance of non

adherence adjustment methods: Results, discussion and conclusions

5.1Introduction

Chapter 4 presented the design and methodology of the simulation study for assessing the
performance of the alternative methadacross all types of neadherence scenarios. This chapter
presents the results of the simulation study, discusses the findings and provides the conclusions.
Sectionb.2presentsthe results of the simulation studgnd provides new evidence for using thest
performing methods teestimate treatment effect adjused for patient nonadherence Section5.3

discusses the redts of the simulation study and presents the conclusions.

5.2Results of the simulation study

5.2.1 Overview of the results

The reporting adheres to publishedténnational guidelines for reporting simulation studies and
medication adherence researék® 12 Firstly, the true values of the estimates are report&g¢tion
5.2.2, which are then followed bynhe performance results based on the primary estimand (difference
in RMST expressed in years) acries90 scenarios by théhree types of nonadherence $ections

5.2.35.2.5. Sectiorb.2.6presents the results for the secondary estimands.

To summarise and interpret the findings of the simulation study, | use tables and graphs to illustrate
the pattern across eaaroup of scenarios using the specification factors as descriptors. These factors
include sample size, graft survival time dgeneration model, level of neadherence, the
relationship between nomdherence and graft survival outcome, tirdependent treaiment effect

and treatment effect size.

| use nested loop plot®tpresent the performance of all methods atadllustrate how the parameter

values influenced the estimates across all scenafib$’’l use tables to summarise the number of

times each method performed the best across each set of scenarios dddfiy the type of non
adherence) for each performance measure. These included bias, percent bias, MSE, ModSE, EmpSE

and coverage as specified in the simulation study protacbhpter 4Sectiord.7).
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5.2.2 The truth

The truth represergwhat would be observed with zero neadherence, and that is what each of the
adjustment analyseis designed to estimateThe true values of thestimateswere generated from

the analysis of large datasetdath 1 millioniterations for each scenario. Thesvalues included the

truth for the primary estimand (the difference in RMSTSs) and the secondary estimands (HR and RMST
in the control and experimental groups) acrosssténarios Each scenario generates the truth for a

set of scenarios for the applicatiof adjustment methods as these scenarios varied by the type and
level of nonadherence while the truth remains similar among each Bet. example, Scenarios 1, 3

and 5 havea similar sample size, DGM, treatment effect size and they only differ in thet &
implementation noradherence and the strength of the relationship between treatment effect and
non-adherence. Therefore, the three scenarios have a similar value of truth (See Appendix C details

across all snairios).

Figure B presentsthe distributions within the datasets used to generate the truth for the difference
in RMST. In this figure, scenarie8 dllustrate the distribution of the true survival times obtained from

datasets with a large sample size (n=450). Scenati@rBpresent small size datasets (n=120).
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Figure25: Distribution of therue difference ilRMSTgthe primary estimangacross all scenarios
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n=450, Two-component
Weibull Mixture tde=0.15,
SmallTE size

7=

n=450, standard PSIM;
Weibull tde=0.15)Jarge TE
size

8=

n=450, two-component
Weibull Mixture, tde=0.15,
largeTE size

o=

n=120, standard PSM;
Weibull no tde, large TE
size

10=

n=120, two-component
Weibull Mixture no tde,
largeTE size

11=

n=120, standard PSM;
Weibull no tde, SmallTE
size

12=

n=120, two-component
Weibull Mixture no tde,
small TE size

13=

n=120, standard PSM;
Weibull tde=0.15smallTE
size

14=

n=120, two-component
Weibull Mixture tde=0.15,
smallTE size

15=

n=120, standard PSM
Weibull| tde=0.15arge TE
size

16=

n=120, two-component
Weibull Mixture tde=0.15,
largeTE size

TE= treatment effect, tde= timdependent effect
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Figure & and 27 show the distribution othe data which were used to produce theie RMSTs by

treatment group.

Figure26: Distribution ofthe true RMST by treatment arm across scenar@andard parametric
survival modelith Weibull distribution
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Figure27: Distribution of the true RMST by treatment arm across scenafiws-component Weibull

Mixture model
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14=
n=120, two-component Weibull Mixturede=0.15small
TE size

16=
n=120, two-component Weibull Mixturg¢de=0.15 large
TE size

TE= treatment effect, tde= timdependent effect

151




The true parameters values for each scenario alongside their standard errors are presenhadadiein
12. For the difference in RMST, the true treatment effect ranged betw0.05 and 0.21 years across
16 scenario sets. For the HRs, the true treatment effect ranged between 0.45 and 0.74.

Tablel2: Trwe values of parameteifer primaryandsecondary estimandsssuming perfect
adherence

chgf‘“o i[r)]if;el\r/le;fe %ﬁs%ge RMST 0 gfﬂngo RMST1 gfﬂgfn HR SE of HR
1 0.11 0.030 0.61 0.023 0.72 0.021 0.65 0.080
2 0.06 0.024 0.81 0.020 0.87 0.017 0.65 0.113
3 0.17 0.029 0.61 0.023 0.78 0.020 0.48 0.063
4 0.09 0.023 0.81 0.020 0.90 0.015 0.48 0.091
5 0.16 0.029 0.61 0.022 0.76 0.020 0.52 0.067
6 0.09 0.024 0.81 0.020 0.89 0.015 0.52 0.096
7 0.09 0.030 0.61 0.022 0.70 0.021 0.69 0.084
8 0.05 0.025 0.81 0.019 0.86 0.017 0.70 0.119
9 0.11 0.057 0.61 0.043 0.72 0.041 0.66 0.158
10 0.06 0.047 0.80 0.038 0.87 0.032 0.67 0.229
11 0.17 0.056 0.61 0.043 0.78 0.038 0.49 0.125
12 0.10 0.045 0.80 0.038 0.90 0.028 0.50 0.184
13 0.16 0.056 0.61 0.043 0.76 0.039 0.53 0.132
14 0.09 0.046 0.81 0.038 0.89 0.029 0.54 0.194
15 0.09 0.057 0.61 0.043 0.70 0.041 0.71 0.166
16 0.05 0.048 0.81 0.038 0.86 0.033 0.72 0.241

RMSTO: restricted mean survival time in the control group; RMST1.: restricted mean survival time in the experimental
group; HR: hazard ratio; Sffandard error

Key: similar tahe key provided undeFigure 5.

5.2.3 Performance of methods across implementation-sadherence

scenarios
This section presentthe results of methods performance across the 38 scenarios adjusting for
implementation noradherence irthe control and experimental arms of the simulated RCT datasets

(Scenarios-B8). The detailed results acrossialplementationscenariosncluding tie minimum and

maximum MCSEre provided in Appendik Table37.
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Tablel3summariseshe performance results for each method in terms of five performance measures
specified in the study protocal.€.,bias, MSE, ModSE, EmpSE and coverage). The performance results

were computed as percentages of the truth for the comparison.

The results show that SNFTM wggestimation was the best performing method in terms of producing

the least bias (expressed as percent bias) in 21 out of 38 scenarios. MSM with IPQWidqukdest

in 9 scenarios followed by R¥hich performed best in the remaining 8 scenarios. ITT performed the
worst in all scenarios in terms of bias. In terms of MSE, the performance results favoured PP and ITT

methods.

SNFTM performed best in all 38 saéns in terms of ModSE. The EmpSE favoured ITT in all scenarios,
whereas MSE favoured PP. However, this should be interpreted with caution because ITT performance
lagged behind IPCW and SNFTM in terms of bias percent and Mod8Eagepercent representshe
proportion of timesthat the 95% confidence interval contains the true value of the estimated
parameter (i.e. the difference in RMST). Although a robust standard error around the difference in
RMST was estimated using thee(robustpption within theFPM model, the coverage data generated
seems less reliableCoverage percent favoured IPCW and PP in 19 out of 38 scenarios each. ITT
performed the worst in terms of bias, ModSE and coverage across all implementation scenarios. The
detailed performance raults alongside the mean estimates, standard errors and 95% confidence
intervals across all implementation scenarios are provided in App&ndike subsequent subsections
describe the performance of the alternative methods for each measure across sxeunsirg nested

loop plots.

Tablel3: Bestperforming methods by performance measure across implementatioradberence
scenarios (138)

Method Bias MSE gé)del—based Empirical SE | Coverage

ITT 0 13 0 38 0

PP 8 22 0 0 19

IPCW 9 2 0 0 19

SNFTM 21 1 38 0 0
5.2.3.1 Bias

Bias was evaluated and presented in terms of absolute bias and percent bias (i.e. a percentage of the

true value of the estimated parameter).
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Figure 8 shows the nested loop plot illustrating tiperformance of methods in terms of percent bias
across the implementation neadherence scenarios. The paramésation of each scenario is
summarisedat the bottom of the figure. For instance, the sample size used in the simulated datasets

was 450 for sagarios £18, and a small sample size of 120 was implemented in scenarig®. 19

SNFTM and IPCW performed the best across most scenarios although in scenarios with large
treatment effect size (14 and 2734) there is a modest increase in its percent bids level of non
adherence has some influence on percent bias,dtethods (SNFTM and IPCW) generally handled
the variation in noradherence better than other methodBP performed best in 8 out of 38 scenarios

and generally produced ralis closer to gmethods in terms of biasAs can be seen in the graph, it
should be noted that the levels of bias between IPCW, SNFTM and PP were often veryHilar.
MCSE for the three methods are also close to each dqttetailed MCSEs are provided in Appendix E)
When looking at each of these methods, the MCSE rahgtteen0.07-0.17% for PP, 0.00.22% for

IPCW and 0.00.17% for SNFTM acmoall implementation scenarios.

ITT was always the worperforming method as it produced a higher bias percent (as anestimate)
reaching more than 50% in some cases (Segere 3). ITT bias was amplified by a larger treatment
effect sizeGenerally, levels of percent bias ranged betweedB% for the IPCW, PP, SNHRBP6 on
average) but between 2075% for ITT40% oraverage)

The relationship between neadherence and graft survival outcome had a small but noticeable
influence on IPCW and SNFTM performance wiftronger relationship increasing bias, although

these methods handled this factor better than all othertimzds.

Looking across all factors, it is clear that treatment effect size is one of the factors contributing to
higher bias percentages for ITT wéthtronger relationship increasing bias. The level of-adherence
impact on bias is demonstrated by tmature of the lines in the nested loop plot. Other factors

contributing to bias include the type of survival time DGM (Biegire B).
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Figure28: Percentage bias itme estimation of the difference in RMSAoss implementation nen
adherence scenarios
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Figure @ illustratesmethods performance in terms of absolute bias. Generally, bias was very small
for g-methods and PP; however, in scenarios with a small treatment effect, this has resulted in

relativelyhigher bias percentages as showrkigure 3.

G-methods produced a small bias of 0.019 years (7 days) on average (12 monthsaufollaeross all
38 implementation noradherence scenarios, followed by PP that resulted in it an average bias of
0.020 (7.4 dys). In contrast, ITT resulted in a higher bias of 0.036 years (13.1 days) across the same

implementation noradherence scenarios.
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Figure29: Bias inthe estimation of the difference in RMSTs acrinsglementation noradherence

scenarios
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5.2.3.2 Mean square error

The performance of methods based on MSE is presenté&igime30. MSE is a useful performance

YSI adz2NB 0SOldzaS Ad O2YO0AySa 020K 0Al pgerfdmarte O NA | 0

in terms of MSE is presented as a percent of the t(ffigure 3). PP and gnethods produced the
lowest MSE across scenarios with an average MSE of 1.7% for large sample size and this remained
below 3% in most of these scenarios. In contréBT, produced much higher MSE with higher values

up to 4.5% in some cases.

Interestingly, ITT showed improved MSE performance in scenarios with a smaller sample size
(Scenas 1938) with gmethods and PP lagging behind in these scenarlwerelis some fluctuation

in MSE performance resulting from a combination of treatment effect size with other factors such as
the level of noradherence and the relationship between nadherence and graft survival outcome

(see Figur0). PP analysis proded good MSE performance compared to the alternative methods,

although the method struggled to cope in scenarios witmall samfe size, as dig-methods.
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Figure30: MSE irthe estimation of the difference in RMSTs across impiegaten nonadherence
scenarios
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5.2.3.3 Modelbased standard error

The performance of adjustment methods in terms of ModSE across the implementation non
adherence scenarios is presentedrigure 3. These figures are reported as a percentage of the truth
to aid the comparisons of methods across the range of scenarios. As illustrated in the nested loop plot

(Figure 3), scenarios with a smaller sample size-889 produced higher ModSE.

For MOodSESNFTM performed the best in all the implementation +amthererce scenarios with IPCW

and PP showing lower performance across scenarios. ITT always produced ModSE higher than SNFTM
but better than IPCW and PP in most cases with higher ModSE % in scenarasmathsample size.

In addition to sample size, treatmergffect size, timedependent treatment effect and the
relationship between nofadherence and graft survival outcome are the factors that had a noticeable
influence on ModSE performance. A larger treatment effect size (Scenbddiaid 2734) contributed

to generating higher ModSE across methods, although SNFTM remained the best performing method

in all of these scenarios.
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Figure31: Modelbased SE itihe estimation ofthe difference in RMSTs across implatagon non
adherence scenarios
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5.2.3.4 Empirical standard error

The EmpSEepresents the standard deviation of the estimates across the successful simulations (out
of 1900 iterations). The performance of methods in terms of EmpSE across the impléorenta
scenarios is illustrated in Figur@.3The results favoured ITT acrossrgarios, however, this should

be interpreted with caution because ITT has generated the highest bias and produced the worst
ModSE performance across all implementation faatherence scenarios. Nevertheless, EmpSE
performance is reported to provide the fipicture in terms of the simulation results and to comply

with the study protocol.
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Figure32: Empirical SE the estimation ofthe difference in RMSTs across implementation non
adherence scenarios

100 120 140
|
|
_ 1
|

% i -
L j—| —
e L
©© ] —
L
==
£ [ [
Ly A

Sample size simulated (450, 120) .
o 4 Survival time data-generating model (Two-component Weibull Mixture, Standard PSM - Weibull

Level of non-adherence (Low imqlementation High imglementationl)
Relationship betwween non-adherence and graft survival (Strong, Weak

Time-dependent treatment effect .(NO' Yes)

Treatment effect size (Small, Large

—

1 3 5 7 9 M 13 15 17 19 21 23 25 27 29 31 33 35 37
2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38

Scenario

ITT — IPCW
PP SNFTM

5.2.3.5 Coverage

Figure 3 reports coverage percent for each method across 38 implementationauberence
scenarios. Coverage percent represents the proportion of times that the 95% confidence interval
contains the true value of the estimated parameter (i.e. the diffeeerin RMST). Coverage
performance data favoured IPCW and PP across scenarios with coverage percent reaching more than
90% in most cases. In contrast, ITT produced lower coverage especially in scenarios with large sample

size. SNFTM struggled in terms of@@ge in scenarios with small sample size.
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Figure33: Coverage ithe estimation of the difference in RMSTs across implementation non
adherence scenarios
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5.2.4 Performance of methods across persistenca-adherence scenarios

This section presents the results of methods performance across 18 scenarios adjusting for persistence
non-adherence (Scenarios 3b) as specified in the simulation study protocol. First, | present a
summary table highlighting theesults in terms of the number of times each method performed the
best across the 18 scenarios. Then, the results by performance measure are presented and interpreted

using nested loop plots in the subsequent subsections. The detailed results are prioviigaendix
E

Table14 shows that SNFTM performed best across 7 of the 18 scenarios evaluated in terms of bias
followed by IPCW (6 scenarios) and PP (5 scena@dten the results were very close between g
methods and PP.ITT was the worgperforming method across all persistence ratherence
scenarios. MSE favoured PP and ModSE showed SNFTM as the best performing method across all
scenarios. EmpSE favoured ITT in 17 out of 18 scenarios with PP performingheestinaining one

scenario. Results using EmpSE as a performance measure should be interpreted with caution by
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looking into the results from all other measures at the same time. In terms of coverage, IPCW was the
best performing method in 11 out of 18 s@ios with PP performed better in the remaining 7
scenarios. ITT and SNFTM lagged behind in terms of coverage. The subsequent subsections illustrate
methods performance across scenarios and the influence of the seven factors incorporated in the
design of he simulation study across scenarios.

Tablel4: Bestperforming methods by performance measure across persistencadimrence
scenarios (3%6)

Modelbased | Empirical SE | Coveage
Method Bias rank MSE rank SE rank rank rank
ITT 0 4 0 17 0
PP 5 12 0 1 7
IPCW 6 0 0 0 11
SNFTM 7 2 18 0 0
5.2.4.1 Bias

Figure 3 illustrates methods performance in terms of percent bias across the persistence non
adherence scenarios in both the control and empental arms. @nethods (SNFTM and IPCW)
performed well across 13 out of the 18 scenarios with PP producing better results in 5 scenarios with
a small sample size. In all scenarios, theetiffice between gnethods and PP methad very small

When looking at MCSE (reped in Appendix EYhe MCSE are also close with values ranging from
0.07 to 0.17% for PP, 0.0723% for IPCW and 00718% for SNFTMepss all persistence scenarios

Figure & shows that small sample size has a negative impact on the peafuze of gnethods

leading to higher bias compared to the simple censoring method (PP). SNFTM, IPCW and PP produced
lower bias in direction of overestimation with bias percent around 20% although this is slightly higher
(around 30%) in scenarios with a dhreample size. ITT generated substantially high bias, in most
scenarios reaching up to 60% of the true value. Generally, levels of percent bias ranged b&tween
39% for the IPCW, PP, SNHRBPb6 on averageput between 1672% for ITT47% on average).
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Fgure34: Percentage bias ite estimation of the difference in RMSTs across persistence non
adherence scenarios
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In terms of absolute bias,-methods produced a small bias of 0.023 years (8.3 days) on average (12
months followup) across all 18 persistence radherence scenarios. PP produced resilitg were

very close to the gnethod with an average absolute bias of 0.023 (8.4 days). Inastriim a higher

bias of 0.04 years (14.7 days) produced by ITT across the same scenarios. The nested(Kignnelot

35) clearly shows that ITT was the woepsrforming method across all scenarios in terms of bias in
the direction of ovefestimation. Asn percent bias, the type of baseline hazard function specified by
the DGM has an impact on the size of bias produced by each method. The combined effect of the

simulation specification factors (shown as descriptors) on bias is illustrated

In summary, gnethods (SNFTM and IPCW) were the best performing method in terms of percent bias
(compared to alternative methods) in adjusting treatment effect for persistence-aurerence,
although it produced higher bias in some scenarios when the results are cothpaite
implementation noradherence. PP did well in most scenarios as it produced performance results
closer tog-methods (better in some cases) with ITT always produced the worst performance in terms

of bias.
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Figure35: Bias irthe estimation of the difference in RMSTs across persistencadimrence
scenarios
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5.2.4.2 Mean square error

Figure & illustrates the results of methods performance in terms of MSE. The values are expressed as
a percentage of the truth to aid comparison using the nested loop plots. As shown in the figure, PP
permed best especially in scenarios with a small sample sieePRW performance was influenced
by the combination of sample size and treatment effect size waitbmall sample size and low

persistence leading to a higher MSE percentage.

SNFTM, IPCW and PP generally did well in scenarios with a large sampletsizewith MSE below

2.5 % in most scenarios. In these scenarios, ITT produced higher MSE with clear fluctuation influenced
by survival time DGM and level of nadherence. MSE performance results were influenced by
sample size, with IPCW performing wonstscenarios with a small sample size with MSE values

reaching up to 10 % of the truth. PP performed better than ITT in most scenarioBSigRe= %)
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Figure36: MSE irthe estimation of the difference in RMSA@oss persistence nadherence
scenarios
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5.2.4.3 Modelbased standard error

Figure 3 shows the performance results in adjusting for persistence-adimerence using ModSE.
SNFTM witlg-estimation performed the best across all persistenoa-adherence scenargwith the

most noticeable trend relating to sample size. In scenarios with a large sample size of 450 observations
(39-49), SNFTM performed better than scenarios with a small size of 1BB}50he impact of a small
sample size oModSE was much bigger for IPCW with substantially higher values in scenarias with
small sample size. Large treatment effect size (in combination with small sample size) led to an even

higher ModSE percentage for IPCW.
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Figure37: Modelbased SE itihe estimation of the difference in RMSTs across persistence non
adherence scenarios
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5.2.4.4 Empirical standard error

Figure 3 illustrates methods performance using Emp&ioss the 18 persistence naaherence
scenarios (3%6). These results show ITT as the best performing method followed by PP with SNFTM
and IPCW produced higher EmpSE. These results should be interpreted with caution as discussed in
Section 4.9.3.4.

165



Figure38: Empirical SE the estimation of the difference in RMSTs across persistencadtmrence
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5.2.4.5 Coverage

Figure ® presents coverage percent showing the probability that the 95% confidémeeval

contains the true value of the estimated parameter (i.e. the difference in RMST) across the successful

simulations. IPCW performed best in most scenabas PP did better in scenarios with large

treatment effect size. IPCW and PP coverage wasrgéiy very high reaching more than 90% in most

cases. SNFTM lagged behind IPCW and PP in terms of coverage, but the method still produced better

performance compared to ITT, which was the worst across all scenarios. Coverage was affected by the

DGM with TT resulted in coverage lower than 60% in some cases.
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Figure39: Coverage ithe estimation of the difference in RMSTs across persistencadimrence
scenarios
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5.2.5 Performance of methods across initiatimon-adherence scenarios

The performance results of adjustment methods across 34 initiatioratthrerence scenarios (830)

are presented in this section. An overview of the results summarising the number of times each
method ranked first on each performamaneasure is provided. This is followed by highlighting the
results in the subsequent subsections in terms of performance measures (bias, MSE, ModSE, EmpSE
and coverage) using nested loop plots. The detailed results for the performance of adjustment

methods across all initiation neadherence scenarios are presented in Apperidix

Table1l5 summarises the results based on the number of times each method performed #te be
compared to the alternative methods assessetoss initiation scenarioSNFTM performed the best

in terms of bias and ModSE compared to simple methods and IPCW in adjusting estimates of
treatment effect for initiation noradherence across scenariofthaugh PP produced better MSE in

most scenarios. In terms of bias percent, SNFTM performed the best in 19 out of 34 scenarios with PP

performed the best in 11 scenarios. EmpSE error favoured simple methods with ITT peyfoest;
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however, this should bmterpreted with caution because ITT produced higher bias in most scenarios.
Coverage also favours SNFTM in 21 out of 34 scenarios with PP performed best in 10 scenarios and
ITT in three scenariosOften there was very little to choose between IPCW, SNBEid PP as the
performance are very close.

Tablel5: Bestperforming methods by performance measure across initiationautrerence
scenarios (5P0)

Modeklbased | Empirical SE
Method Bias rank MSE rank SE rank rank Coverage rank|
ITT 3 3 0 29 3
PP 11 26 0 5 10
IPCW 1 0 0 0 21
SNFTM 19 5 34 0 0
5.2.5.1 Bias

Figure 40Qllustrates bias expressed as a percentage of the true difference in RMST across 34 initiation
non-adherence scenarios. SNFTM wigestimation produced the smallest bias compared to the
alternative methods in most scenarios. In contrast, to the performreanesults in implementation and
persistence noradherence, PP did better than IPCW in terms of bias percenfsigdlar to the other

types of noradherence, the difference between IPCW, SNM and PP is very small. MCSE data also
show close results for théntee methods with numbers ranging between 0048 for PP, 0.00.27

for IPCW and 0-0.20% across all initiation scenarid@ias performancéuctuated,largely dependent

on the datagenerating model, sample size and treatment effect size.

In contrast,ITT performancavas worse tharg-methods and PP in terms of bias across all but three
scenarios. The direction of bias produced by all methods was in the positive region compared
suggesting an overestimation, although the direction of bias changed to imegéuggesting an
under-estimation) in some scenarios &8). This change was influenced by a combination of small
sample size, large treatment effect size and tidependent treatment effect. In scenarios with a large
sample size (574), the average bb percentage produced by SNFTM was 14.7% in contrast with an
average bias of 52.1% generated by the ITT analysis. PP resulted in a low bias percentage geloser to

methods) in the positive region of the nested loop plot indicating eastimation in mosscenarios.

SNFTM witlg-estimation produced better performance in scenarios with a large sample size with bias
percent closer to zero in most casgee Figurel0). In addition to the small sample size, the other

main influencer of bias seems to be the treatment effect size with a larger effect size leading to higher
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bias, althoughg-methods and PP handled treatment effect size better than ITT in all scenarios.
Geneally, levels of percent bias ranged betweedd to 110% for the IPCW, PP, SNFTM (35% on
average), but betweerl8 to 200% for ITT (75% on average)

Figure40: Percentage bias ithe estimation of the difference in RMSTs acliog&tion non
adherence scenarios
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Figure 4 presents performance as absolute bias with results largely similar to percent bias as
discussed above. SNFTM produced the smallest bias of 0.035 years (12.8 days) on average compared
to the alternative methds across the 34 initiation needherence scenarios with even smaller bias in
scenarios with a large sample size (0.015 years [5.4 days]). This is followed by PP and IPCW that
generated absolute bias of 0.036 (13.1) and 0.036 (13.2), respectively. lastohfiT was the worst
performing method as it resulted in a higher bias of up to 0.064 years (23.3 days) across the same

scenarios. That is 82% higher bias compared with bias produced by SNFIgwstithation.
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Figure4l: Bas inthe estimation of the difference in RMSTs across initiatioratirerence scenarios
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5.2.5.2 Mean square error

Figure £ shows the results using MSE as a performance meagdneethods (SNFTM and IPCW)
resulted in very low MSE (expressed as parentage of the true difference in RMST) compared to ITT
across scenarios with a large sample size. For these metht®is percent wdess than 9.%with an

average of 2.% across congred with an average MSE of $7or ITT across the same scenar@s.
methods struggled in terms of MSE performance in scenarios with a small sample size combined with
high treatment effect size as a keyntobuting factor. ITT was the worgterforming method across

most scenaps with an MSE of more than Z5in some scenarios with a small sample size. ITT did
better in scenarios with a small sample size, small treatment effect size anddépendent
treatment effect (Scenarios 836). The influence of each factor combined with other factors specified

in the simulation study design is illustrated by the descriptaorthe nested loop plots (see Figu®.4
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Figure42: MSEnN the estimation of the difference in RMSTs across initiationadirerence scenarios
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5.2.5.3 Modelbased standard error

Methods performance based on ModSE (as a percentage of the truth) is preserigdria 8. SNFTM

with g-estimation showed better performanceompared to the alternative methods across all 34
initiation non-adherence scenarios. ModSE in scenarios with a large sample size (n=450) is better than
scenarios with a small sample size as illustrated in the nested loopRdpiré 8). IPCW produced
higher ModSE in scenarios with a small sample size (Scenarg®y.7Similar to implementation and
persistence nofadherence, treatment effect size had a large influence on methods performance

when it comes to adjusting treatment effect for initiation nadherence.
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Figure43: Modelbased SE itihe estimation of the difference in RMSTs across initiatior non
adherence scenarios
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5.2.5.4 Empirical standard error

Figure 4 illustrates the performance of methods using EmpSE across 34 initiatioadi@mrence
scenarios. As shown, ITT and PP produced better results compareadthods with IPCW generated
higher EmpSH scenarios with a small sample size. As discussed earlier, the EmpSE results should be

interpreted with caution and read alongside the results of the other performance measures.

172



Figure44: Empirical SE the estimation of the difference in RMSTs across initiation-adimerence
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5.2.5.5 Coverage

Figure % reports coverage percent generated by each method across the 34 initiaticadiverence
scenarios. IPCW performed best across 21 out of 34 scenarios with a very high coverage percentage
up to 95% (87.2 % on average). This was followed by PP and then &M TM produced the worst
coverage across scenarios. The level ofadherence was a noticeable contribution to the magnitude

of coverage for ITT in particular lower levels of initiation 4aoiherence leading to lower coverage

percentage.
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Figure45: Coverage ithe estimation of the difference in RMSTs across initiationadirerence
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5.2.6 Results for secondary estimands

The results in terms of estimates for the secondary estimands are report@dpendix-(Tables39-

41). These include RMST in the control arm, RMST in the experimental arm and HRs alongside their
standard errors across 90 scenarios. As discusseldpter 4 $ectiord.7), the results from secondary
estimands were not used for assessing methods performance or comparingadhn@mence
adjustment methods. However, these estimates are reported alongside theiciassd standard
errors to show that alternative nheadherence methods could be used to produce these estimates.
Another reason for generating these estimates was to see if they highlighted any differences in
interpretation of the results; e.g. if one metbd did well forthe difference in RMST, but that was as

a result of ovetpredicting RMST for control and experimental separately, then this would suggest that
although the method seemed good based on the primary estimand, actually it was not good because
it is predicting worse absolute survival. Looking at the results from the secondary estimands, there is

no evidence anything like that was apparent from the simulations.
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5.3Discussion and conclusions

5.3.1 Summary

The findings of this simulation study demonst@ithe importance of adjustinghe treatment effect

for patient nonadherence in the context of survival analysis and HTA. In this S«@ily datasets with
non-adherence, prognostic characteristics antinae-to-eventoutcome were simulated to assess the
performance of alternative method3he study included all types of naaherence (implementation,
persistence and initiatiorgcrossa range of 90 realistic scenarios. Scenarios represent diffeypas

and leves of nonadherence, sample size, the patterof hazards, treatment effect size, the
relationship between treatment effect amtbn-adherenceand the existence of anynie-dependent
treatment effect The simulation assumed no informative censoring (other than that related te non
adherence) and no nmetng data. Noradherence adjustment methods were assessed using five
performance measures (bias, MSE, ModSE, EmpSE and coverage). Performance was presented using
these measureaspercentages of the truth for each scenario assessed. Both absolute andhtzgee

bias were presented in the results sectiomegenting the results in terms of absolute bias shows the
scale in term values but the comparison of methods performance is better when using percent bias.
The study assessddur non-adherence adjustmentiethodswith three of these method&lentified

as appropriate for the HTA conte%tThe fours methodéncludetwo g-methods (SNFTM and IPCW)
and two simple methods (ITT and PRjith the PP analysis strategy included as a benchmark

comparator.

The main results show thgtmethods performed better thathe ITT method in tens of bias across

most implementation and persistence naaherence scenarios with marginal differences compared

to the PP method. The simulation results show that IPCW produced better coverage in most scenarios
across the three types of nemdherence (imfementation, persistence and initiation). This was
followed by PP and SNFTM with ITT pradgithe worst coverage performance in all but three of all
scenarios assessed across all types of-adimerence. EmpSE favoured simple methods across
scenarios; howeer, this should be interpreted with cautiomhen consideringperformance results

from other measures such as bias and coverage.

175



5.3.2 Key findings

G-methods were found to be the best performing method for adjusting treatment effectiveness in the
presence of implementation neadherence in terms of bias and Mod$&r biasg-methods and PP

had very similar patterns in the performance results and tHéedinces between them were very
marginal. The findings show slight changes with higher bias results associated with small sample sizes.
The better performance of the PP method is more likely to be related to the strength of the
relationship between progmstic characteristicsnon-adherence andhe survival outcome in the
simulated datasets (see below for further discussion). Coverage performance was better for IPCW in
50% of implementation scenarios (mostly in scenarios with a large sample size) follgweg. b
However, coverage did not favour SNFTM, although the method has performed the best in terms of

bias and ModSE.

In scenarios with implementation nemdherence, bias ranged betweéh38% for the IPCW, PP,
SNFTM20% on averagebut between 2675% fa ITT(40% on averageuggesting that all adjustment
methods reduced percentage bias by about half compared to ITT, but some reasonable level of
percentage bias did remaiSBNFTM produced the lowest bias in most scenarios (21 out of 38) followed
by IPCW{ out of 38), although bias was higher in scenarios with large treatment effect size. Methods
performance varied with variation in the values of other factors such as sample size and treatment
effect size, with small sample size and large treatment effizet both leading to higher bias. The level

of nonadherence and the relationship between nadherence and graft survival outcomes were
found to influence the performance of methods in terms of MSE, ModSE and EmpSE across
implementation scenarios. For tee performance measures, the sample size was the most noticeable
influencing factor with a small sample size leading to a higher percentage of these measures (i.e. lower
performance compared to scenarios with a large sample size). PP analysis produced a go
performance in terms of MSE and coverage, although the method lagged bghiethodsin terms

of bias and ModSE across implementation +aaerence scenarios. On the other hand, the findings
show that ITT was the worpierforming method in terms of b& ModSE and coverage across all
implementation noradherence scenarios. The findings show that ITT produced 47% higher bias (on

average across all implementation nadherence scenarios) compared wgimethods.

In scenarios with persistence naaherence the performance of methods was largely comparable to
implementation, although the results show higher percent bias in some persistence scefarios.
methods were the best performing methods in terms of bias, ModSE and coveBage ranged
between 339% or the IPCW, PP, SNFTR6% on averageput between 1672% for IT{47% on
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averageyuggesting that all adjustment methods reduced percentage bias by about half compared to
ITT, but some reasonable level of percentage bias did rerfi@inwas always theokst-performing

method when these measures were used to assess performance across 18 persisteadbe@mce
scenarios. The findings show that ITT led to 76.2% higher bias (on average across all persistence non
adherence scenarios) compared genethods. Although bias was the key performance measure in

this simulation study, MSE is also important because it combines bias with variability, with the latter
considered as particularly important to address uncertainty in an HTA context. MSE favoured PP;
howeve, the performance results are very close to those produceg-imethods in most persistence
scenarios with large sample size, with ITT produced a significantly higher MSE percentage across the
board. In scenarios with small sample size, IPCW produced a higher MSE percentage with even higher
percentages in scenarios Wwita large treatment effect size. EmpSE favoured simple methods in

persistence scenarios; however, this should be interpreted with caution, as discussed in 5&ction

In scenarios witlmitiation nonadherence, SNFTM withestimation was the best performing method

in termsof bias in most scenarios, withe bestperformance in terms of ModSE acrossimitiation
non-adherencescenarios. The next best performingethod found was PP followed by MSM with
IPCW estimatorBias ranged betweef84 to 1104 for the IPCW, PP, SNF[38% on averagebhut
between -18 to 20@4 for ITT(75% on averagejuggesting that all adjustment methods reduced
percentage bias by about hatbmpared to ITT, but some reasonable level of percentage bias did
remain PP was found to produce better performance in terms of MSE, although the results were very
close tog-methods in scenarios with a large sample size. The study demorcsthateSNFT with g-
estimation outperformed the alternative methods in 19 out of 34 initiation +amtherence scenarios
(mostly in scenarios with a large sample size). The treatment effect size was the next contributing
factor in influencing bias produced lgymethodsasa large treatment effect size led to larger bias,
particularly in combination witla small sample size. However, SNFTM struggléstins ofcoverage
performance in which IPCW was the bpstforming method in 21 out of 34 scenarios. The level of
non-adherence was a key contributing factor for coverage performance with very high levels-of non
adherence leading to poor coverage performance. PP performed well in terms of MSE and bias,
although the method lagged behind SNFTM in terms of bias acrossamtrain-adherence scenarios.

ITT produced higher bias, higher MSE and lower coverage across all initiation scenarios. The findings

show that ITT led to 82% higher bias compared to SNFTMgvestimation.

Another important research finding rdks to PP analysis as the method performed well in many
scenarios producing good performance closeg-toethods in terms of MSE. The method also did very

well in terms of coverage and was faiito be the besperforming method in 50% of implementation
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scenarios (similar to IPCW). The latter finding was mostly associated with scenarios with a small
sample size where IPCW struggled in coverage performance. Based on further investigations carried
out in this study, this finding seems to relate to the impaadhe time-dependent confounder on graft
survival times. In the simulatestenarios whergatientswith worse prognostic characteristic§.e.

high BMI and aged below 24 yeaasg¢ more likely to noradhereto the dosing regimerut over time

more of theg patientsare likely toexperiene the event Therefore fewer patientsare left to non
adhere, andultimately in the endl get a mixture ofpoor and good prognosis patients nauhering,

and the relationship between neadherence and prognostic characteristicsvisakened over time
Thisissue mayesult in the IPCW having weights that are all close to 1, so itraiedo much on top

of the simpé censoring (PP) analysisthese particular scenario$his means that because there is

not a strong relationship between prognosis and adherence, the PP approach is not very Didsed.

issue may require more complex DGMs and this could be an impataatfor future research.

A potential reason might be related to the DGM as only three {fpomts were simulated, and so
maybe it was difficult for consistent relationships to show up in each simulated dataset, given
variability. The impact of the numbef data points is another important consideration for the design

of future simulation studies. The abovementioned reasons might potentially explain why similar
results between PP and tleemethods were generated in many scenarios, which perhaps would not
have been expected based upon the advantages ofjthreethods and based on findings in previous
simulation studiesn circumstancesuch as those simulated this study when the pool of "atisk of
non-adheling' patients changes over time, the confound might even out (at first worse prognostic
patients nonadhering, then over time better prognostic patients radhering) might lead to a case
where the bias in a simple censoring approach is lawhis case, methods applyiagimple censoring

mechansm such as PP might work. Future research is required to further investigate this issue.

Although complex simulation methods were used in this simulation study to generate RCT datasets
for testing the alternative methods, the DGMs in some scenamayg not sufficient ingenerating
substantiatime-dependent confoundingp test the limitations of the PP method in this context. This
means the relationship between prognosis and famliherence was not strong enough for tige
methods to generate superior penfmance compared to the PP methofihe gmethods did not
improve much compared to PP and this could be because of the chatiggegatient mix over time,

perhaps because there were only theime intervals, or perhaps a mixture of these reasons.

However the simulation study was complex enough to assess the performanagnuadthods

compared to ITT analysis across all types of-audimerence. The study provides clear evidence in
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favour ofg-methods against ITT analysiBhe latter analysis is not possilite perform using the PP
simple method. The implications of this finding are discussed further in the methodological framework
developed in this thesis (Chapté). It should be noted thatinlike g-methods and ITT, the suitability
of the estimandused byPPis not theoretically appropriate for HTBecause the estimand is not
marginalized to the entire study populatiom dther words it isnot comparing like with like in terms

of estimatesgenerated by the methods.

The overall pattern of performance rdssiacross all the scenarios is that ITT is the worst performing
method, witha quite high percentage bias; and IPCW, SNFTM, PP all reduce this bias by about half (or

more) and produce very similar results to one another.

5.3.3 Comparison with othestudies

Existing evidence from relevant simulation studies showed comparable results, although the design
and nonadherence metrics used in these simulation studies were different. For instance, Cain and
Cole (20092 published the first simulation evidence in the methodological literature that compared
IPCW and ITT analysis in adjusting for-adherence in the context of survival analysis. The study
aimed to correct for the effect otime-varying nomadherence on estimating the effect of a
hypothetical highly active antiretroviral therapy on time to the incidence of AIDS or death. The study
assessed methods performance in three scenarios defined by different levels -aidhenence (9
assuming perfect adherence, 20% and 40%-adimerence) by performing 2000 iterations for each
scenariot®® The sample size used was 1000 with a standard Weibull distribution usgérferating
survival times in the simulated datasets. Bias and MSE were reported as performance measures with
findings showed that thg-method (IPCW) was the begerforming method in terms of unbiasedness.

The paper reported that bias and imprecisionrgase as the level of neadherence increased. This

is similar to findings from my current simulation study, although the magnitude of bias differs,
potentially due to the different estimands, DGMs, radherence metrics and other parameter values.

In their study, HR was used as a primary estimand whereas; | used difference in RMSTs for assessing
methods performanceFor example, theistudy reported bias and RMSE as absolute numbers;

whereas, | used bias percent and MSE as percentage of the truth.

Other existing simulation evidence includes a study reported by Zhang et al. in which they compared
the same methods (IPCW vs [TThe study aimed to assess methods performance on adjusting for
treatment discontinuation (i.e. persistence type of radherence). Thetudy assessed hypothetical

treatments comparing two anticoagulants with a tif@event outcome. The study design assumed
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a large dataset (n=2000) and simulated 2000 iterations with time to discontinuation as a measure of
time-varying noradherence. Theimulated datasets included baseline covariates, tiulependent
confounders, censoring of event time, and tiwarying noradherence, with simple Bernoulli
distributions, used to generate randomisation assignment. The paper reported an average non
administative censoring of 32% over the study folloyy. The key findings are similar to those
reported by Cain and Cloe with IPCW generated the best performance in terms of bias and coverage.
IPCW produced an average estimate@#92 in contrast with an ITT tesate of -0.334 compared

with the true parameter value 00.500 in terms of the log HR. The reported coverage performance
was 96% for IPCW and 14.1% for ITT andf&ithough, a different study design was used (including

the estimand), the findings of this sty are similar to my simulation study with IPCW outperforms ITT
analysis in adjusting treatment effect for persistence +awiherence. However, the magnitude of
coverage differs and this is likely to be due to differesinedDGMs and sample size. My stuimhdings

show that a smaller sample size leads to poor performance, but the advantage is that it is more
generalisable than findings arbitrarily chosen sample size as in the two existing studies discussed in
this section. It was not possible to compare tfiedings related to PP method because the two
relevant existing studies (discussed above) did not include PP analysis in the alternative methods

assessed.

The g-methods evaluated herehave also been tested in several simulation studies for adjusting
effectiveness in the presence of treatment switch#t3§.1?® 2°There are some arguments in the
published literature considering treatment switching as a type of persistenceadbarence.
However, the counteargument is that switching prescribed medicatisraidifferent type of change

in therapy, as it must be initiated by the prescriber (e.g. the medical practitioner). Whereas
persistence noradherence, which happens before the end of prescribing by the patient's own
behaviour, would be considered as nadherence.Latimer and colleagues published several papers
providing evidence on the performancé these methods in the context of treatment switching and

survival analysis.

The findings from these studies show tltainethods were superior to simple methods in terwifs
performance using a range of performance measures including bias and cevéiaginstance,
Latimer et al®? publisred findings from a simulation study aimed to assess the performance of,IPCW
RPSFTMnd ITT (among othemethodg. The authors simulated RCT datasets in the presence of
treatment switching (from the control onto the experimentabup)with a timeto-ventoutcome and
time-dependent confounding. The primary estimandsiRMST in theontrol group that would have

been observed imbsence of treatment switching. The findings from the simulations demonstrated

180



that both g-methods (PCW and RPSFYperformed wellin terms of hanting the effects of time
dependent confounding. However, IPCW struggled in situations with high percentages of switching

andamodest sample size.

5.3.4 Strengths and limitations

This simulation study is superior to the comparadtésting studies in many aspects. Hiady design

was based on international guidelines for planning simulation stualiesfollowed a prespecified

study protocol 13 115These include using a new taxonomy of medication-adherence using the
initiation, implementation and persistence framewofike. ABC taxonomyYhe study included the
simple censoring PP method, which was not considered in the existing comparable studies, and this
has produced interesting findings as discusfgrther down this section. Moreover, a range of five
performance measures and four estimands were included in this swbich is more than used in
many previous studiesThe study also used a nested loop ploatsesperformance patterns using

different performance measures and study factors across all scenarios assessed.

Robust dategenerating mechanisms were used to simulate biologically plausible survival data with
baseline covariates, timdependent confounders, timgarying nomadherence and arobust
randomisation assignment procedure. The relationships between prognostic variables, non
adherence and the survival outcome followed a DAG which was developed in this study based on
discussionswith clinicians, external advisors and evidence from the literature. The-wsgen
baseline hazard functions used for simulating survival data in a delayed entry model allowed for
simulating a range of RCT datasets (with reasonable levels of complexitg}tfog the alternative

non-adherence adjustment methods.

Other strengths associated with this simulation study include the incorporation of seven important
factors in a partly factorial simulation study design that has contributed to widening the m@nge
scenarios assessed. These factors coveasaple size, type of neadherence, level of neadherence,
baseline hazard function, tirelationshipbetween patient noradherence level and survival outcome,
time-dependent treatment effect and treatment eff¢ size. Using two types of baseline hazard
functions (standard FPM and twammponent mixture FPM) contributes to improving the
generalisability of findings to other disease areas beyond kidney transplantation. Using five key
performance measures within ghbest available tools (e.g. tlsénsumStata Package) with the nested
loop plots have facilitated the presentation and interpretation of the results. The simulation reporting

adheres to published international guidelines for reporting simulation studied medication
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adherence researcH?® 126 Presenting the results in terms of absolubéas shows the scale in term

values but the comparison of methods performance is betthen using percent bias

There are limitations associated with this study, and these are discussed here. It is difficult to
accurately simulate the complexities of remabrld disease pathways and biomarkers; therefore,
simplification is inevitable, and this simulation study is not an exception. Key simplifications include
the number of baseline and timeéependent confounders simulated in the datasets. In this study, only
one baseline covariate (age) and one thependent confounder (BMI) were included as a
simplification to simulate meaningful relationships between covariates;adirerence and graft loss.
However, in real RCT datasets, there are likely to be more codérs. The interaction between
multiple confounders, noadherence and survival outcomes might lead to different outcomes to
those generated in simulated datasets and this might influence performance. In the simulated
RFEGlIraSidas L -adoiaiszfiI@Sy DSF@E2WAYy ¢ YR y2 YAaaAiy3
do not take these intecurrent events into account. However, these problems were properly
investigated in the methodological literature; and it could be argued that accounting for non
administraive censoring and missing data in real practice should be considered alongside the non

adherence adjustment methods assessed in this simulation study.

The RankPreserving Structural Failure Time Model (RPSFTM) gagdtimation was identified as
appropriate for the HTA context. However, the method can only be applied for RCT designs with a
placebo control arm (see Chapter 2 for more details about how the method works). | have discussed
this with Professor lan White and considered designing a spestiadfsscenarios for testing this
method as all the 90 scenarios simulated datasets compared two active treatments with non
adherence applied on each arm. Based on further considerations, | decided to exclude this method

from assessment in the current sinatibn study.

Unsuccessful data simulation and noonvergence problems were captured by the simulation
program with the latter possibly being related to the degrees of freedom specified in the flexible
parametric survival model (FPM), although this hasrbegre in this particular simulation study. |
considered using a different approach by allowing the FPM to choose a smaller degree of freedom if
the originally specified one results in noonvergence. However, the concern is that the modified
model is lilely to produce different results influenced by the model specification rather thar non
adherence whgh is not desirable. Therefgredecided to record results from the failed simulations as
missing and move to the next iteration. The argument is thttte "preferred"FPMmodeldoes not

converge, the results are less comparable to other simulations where the preferred model does
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converge Nevertheless, the degree of freedom used in the FPM specification was chosen based on
assessing a range of values gsikIC and BIC criteria for model fitting. In trials with very small sample
sizes, the application ofrmethods to adjust for nomadherence might lead to neoconvergence
problems and therefore the analyst needs to consider this as a potential issue whignidggheir
analysis plan. Theom-convergenceissue was alsassociated with thedata-generation methods
including the randomisation and survsim commands that have resulted in several unsuccessful
simulations and this should be considered as a limitatidowever, enough successful simulations
were achieved to assess the alternative remtherence adjustment method for each scenario

assessed in this simulation study.

Another limitation relates to the coverage performance results. Although a robust SEdaten
difference in RMST was generated, the coverage data seems less reliable. As an alternative approach,
bootstrapping might be needed on top of robust SE to improve coverage performance estimates.
While this approach has not been specified in the stpihtocol; and therefore noapplied it might

be worth considering it in the design of future simulations if better coverage performance is desirable.
For ITT and PP no adjustments are made, and the SEs and Cls generated are robust. For IPCW weights
are wedto get a pseudepopulation, but also use robust SE which account for these weights. For
SNFTM robust SEs deal with the clustering of the data but do not recognise that the FPM is applied to
an adjusted dataset, therefore, the uncertainty associatedylie adjustment is not recognised. For
SNFTM, adequaieonfidence intervalsGlg and coverage could be obtained bootstrapping the entire
adjustment analysis, which in a simulation study is very computationally intensive. In this particular
simulation, | would need to sample the simulated dataset 1000 times (for example), apply the SNFTM
and FPM in each sample, record the RMST in each sample, then take Cls across the 1000 samples to
get the CI for 1 simulation. Then do that 1900 times forcénario and this will be equivalent to
1900*1000 SNFTM analyses for 1 scenario. This computational burden was the main reason for not

applying bootstrapping in this simulation study.

It is important toassess the sensitivity of each method performancetteir departure from key
assumptions¢ K S -dayy¥2S | A dzZNBE R O2 y F 2 dzy RA y 3 ég-matliods(SNEFT®&andl & & dzY L
IPCW). As a limitation, the assumption of rgrmeasured confounding was not assessed in this
simulation study. This is because onlgdime-dependent confounder was simulated, thereby making

it impossible to run analyses with fewer covariates. However, the analyst should consider this to
ensure that the assumption of renmeasured confounding is met when applygmethods in their

studies in practicePP analysis could be considered as a baseline for this. The method does not correct

for differences between noadherers and adherers, and so, represents IPCW had IPCW not included
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any covariates or if the relationship between prognosid annadherence is not being very strong.
Future research needs to consider including more than one baseline andlépendent confounders

to allow for testing the assumption of nammeasured confounding.

Other limitations include the values of parameteand coefficients used for simulating the datasets.
While these were based on the literature with values calibrated to achieve KM survival curves that
mimic data from RCT evaluated immunosuppression in kidney transplantation, the performance of
methods inscenarios with different parameter values is unknown. | tried to vary the values of certain
parameters and factors including sample size, treatment effect size, the relationship between non
adherence and graft survival to improve generalisability. Howefeerpractical reasons covering all
possible options was not possible as it requires a fully factorial study design and more resources which
are beyond the scope of this thesis. Nevertheless, the findings of this simulation study provide new
evidence forchoosing the appropriate methoakcrossa range of realistic scenarios. This also opens a
range of possibilities for future research (simulation studies) for testingautrerence adjustment
methods in other scenarios with different DGMs, longer follggvand different parameters values.
Special attention should be given to the robustness of methods for generating substantial time
dependent confounding if the simple censoring method (PP) is considered among the alternative
methods to be assesseinally, asuming binary adherence used by the adjustment methods is

another limitation which is more relevant to adjusting for implementation 1aatherence.

5.3.5 Conclusions

In conclusion, the findings of the simulation study demonstrated ¢ghaethods (MSM with IPCW and
SNFTM witlg-estimation) are the besperforming methods in terms of unbiasedness and ModSE for
adjusting estimates of treatment effect in the presence opliementation and persistence nen
adherence in RCTs with tinte-event outcomes. For initiation neadherence, SNFTM is the best
performing method in terms of unbiasedness and ModSE. The findings demodstratgrmethods
produce higher coverage comparal ITT in most scenarios across all types of-adherence. The
study provides new evidence comparing four statistical methods coveringwethods (IPCW and
SNFTM) and two simple methods (ITT and &R)ssa range of implementation, persistence and
initiation nonadherence scenarios. The simulation studyovided evidence on nuances on
relationships between prognostic variables, patient mix, and adherence to medication over time, and
the ability ofg-methods to model these relationship$he study findigs also demonstratéthat the

PP analysis method performed well in many scenarios with good performance in terms of MSE and

coverage, although the PP estimand is different from the ITTgandthods estimands.
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The findings favour SNFTM in shgcenarios across all types of radherence, but it should be noted
that the method might produce high bias in scenarios with high levels ctidberence and/or large
treatment effect size, although this is more likely to be lower than the potentiead produced by the
alternative methods. The findings demonstrdtidat IPCW is the best performing method in terms of

producing higher coverage in most scenarios axaiktypes of noradherence.
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Chapter 6: A case study on the application ofadherene

adjustment methods in kidney transplantation

6.1 Introduction

This chapter presents thease study tehow how theadjustment methodsan be applied using real
RCTdata combined with realworld nonadherence levels to generatadherenceadjusted cost
effectiveness estimates of immunosuppressive regimens in kidney transplant&ction 6.2
presents the aim of the case study. Sectiér&provides an overview of the methods used in the case
study including the overall study design, interventions compared, study population, diractetic

graph (DAGand analytical steps. Sectiém describes the SYMPHONY trial dataset used in analysis
AyOf dzZRAY3 LI GASydaQ OK kdeépenGentSchidiotnidig &and adhedehcad $f A y' S
medications in the trial. Sectio®.5 presents a review of implementation neadherence to
immunosuppressive therapy in the real world basedeaisting evidence from the literature. Section

6.6 presents the analysis of the SYMPHONY dataset using the standard ITT (unadjusted analysis) and
the analyses using-methods to adjust the treatment effectiveness for reabrld implementation
non-adherence levels. Secti@? describes the economic model and cestectiveness analysis. The
section describes the economic analysis undertaken for estimating adheesljgsted cost
effectiveness ofmmunosuppressantsising an adapted economic model. Sect®8 presents the

results of the case study. Sectiér® discusses the findings and provides the conclusions of the case

study.

The case studyuilt on the wok undertaken in Stagk (Systematic review) and Stage 2 (Simulation
study) of this PhD research projecs applied to maintenance immunosuppressants for kidney
transplantation in adults. This disease ar@as dosen for three main reasons:1j significant
implications of noradherence for patients (i.@raftloss return to dialysis and potentially death®)(
significant cost implications to the NHS; ar®) &vailability of both RCT and rembrld data with

adherenceto medicationanetrics.

The original idea behind this case study was to investigate the implications of differential adherence
levels to a newoncedaily modifiedrelease tacrolimus formulation compared to a twidaily
immediaterelease tacrolimus formulation among kidney transplant recipié#tdhe tcrolimus
once-daily formulation was rejected ithe recent update of NICE Technology Appraisad@T°

The original plan was to obtain individyzdtient level data (IPD) from the UK ReRabistry (UKRR)

in terms of drug concentration levels to estimate readrld nonadherence for the two tacrolimus
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formulations. And then use the adherence estimates from the UKRR database within an RCT dataset
from the OSAKA study (a trial that compared@daily versus twicalaily tacrolimus formations):
However,my requests for both the UKRR and the OSAKA datasets have been rejected by the data
owners; and therefore, a change to the original plan was made. Based on tatiosisl with two
clinicians (WM and JF), the plan was changed to use published estimateswobrieahonadherence

to the twice-daily tacrolimugegimen compared to the standard and la@lese cyclosporine regimens
within the SYMPHONY trial dataset (seeti®a 6.4 for more detail about this trialj*

Given the potential weakness of the UKRR dataset, the new plan may not be inferior to the original
plan. Among others, thedUKRRdata limitations are:(a) centres stared submitting data on drug
concentration levelss part of their 2016 data (from Janudé§17) but it is likely to be a number of
years before all centres ¢¢b) the data is collecteds part of the PatientView extracirf online portal

that takes data from renal unit's records at least once a day and links to useful information about the
path Sy 1 Qa 1 ARy Se& 02 y;RridickatieitViewdda istodhdvailaoed péople who O
have signed up to PatientView (i.e. around halfheftransplant patients) and these patients may not

be representative of all kidney transplapatients as they are signing up to check their own blood

results online.

The selection of the SYMPHONY trial was also informed by adviceheodiiriciansThe regimens
compared in the case study (and SYMPHONY trial) represent the current standarenaiadet
immunosuppressive regimens in the NHS and other health care syateonsd the worldSYMPHONY

is the largest RCT that evaluatealcineurin inhibitor{CNIs; cyclosporine and tacrolimu&khird trial
dataset (the 3C studi?’? was also pursued, but this was abandoned due to contractual problems
encountered by the investigators due to their dataset also including data from NK& (dgd for

which they did not have the rights to share with a third party).

Non-adherence in patients after having kidney transplantation can be so serious that the transplanted
kidney may be rejectedr lost the patientmay need to return tantensive treatment (kidney dialysis)

or they may even dieWelldesigned andconductedRCTsare used as the best way of assessing
treatment effects!®® However, there is a debate around whether evidence from trials can reflect
normal healthcare practice. A major factthrat could impact on treatment effect is patient nen
adherenceto the prescribed dosing regiam. The key point is that adherence in RCTs may not reflect
normal adherence in the real world, and therefore, estimates of effectiveness from trials may not be
externally validThis is particularlimportant when the medications are prescribed for aden period

(i.e. lifetime) as in the case of maintenance immunosuppressive therapy after kidney transplantation.
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6.2 Aim of the case study

The case study aimed to assess the -@ffdctiveness of maintenance immunosuppressive therapy
for kidney transplantdbn in adults, adjusting fopatient non-adherenceto the prescribed dosing
regimens.The analysissed adherence data fronthe real worldto adjust effectiveness data frorna
RCT to produce estimates of reebrld effectiveness, which were then appligdthin an existing
decisionanalytic model The purpose of the case study is to show howlibstperforming methods
from the simulation studgould be applied usingealdata andto identify any issues associated with

applying the methods to unsimulated @at

Given the nature of the patient population and intervention, only implementation-adherence is
relevant. Furthermore, based on the results of the simulation study this meant that entlypds
were considered relevanbtthe HTA context of the study. T values were estimated as they represent
the current approach adopted by NICECWvas chosen to restimate effectiveness the basecase
analysisvith SNFTM applied in a secondary analy®iere was not much to choedbetween thetwo

methodsbased on performance in the simulations so | did the adjusted analysis using them both.

6.3Methods overview

To apply noradherence adjustment methods, the requir@CT data should include demographic
information, adherence ntecs,and relevant prognostic confounderfhe SYMPHONY trial is a study
that meets these criteria. Thdetails of this trial are published elsewhefé but these are briefly

described in SectioB.4.

6.3.1 Case study design

Theoveralldesign of the case study is a coslity analysis where the resultre expressed in terms
of total discounted costs, total discounted QALN¥&remental costs and QALYamd net health
benefits (NHBs)Actual adherencéo maintenance immunosuppressive therapy in the real works
obtained from a review of the literature (see Sect®3). This informatiorwasused tore-estimate
the clinical effectiveness based the assumption thasadherence in the trial population walse same
as observed in the real wakl Tte clinical effectiveness estimates were thesedwithin an adapted
decisionanalytic modelo estimate the adherencadjusted coseffectivenesof these drugsver a
patient lifetime horizonl obtained NHS Research Ethics Approval for this cadg GREC reference:

19/LO/0847).
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An existing healtreconomic modelvas adaptedo estimate adherencadjusted coseffectiveness
comparing standardlose cyclosporindow-dose cglosporine and lowdose tacrolimus (referred to
a4 Wil ONRf A Y dzimfhanodugpresgdntor/adult Kidney @&hsplant patients in the UK.
The economianodel was originallybuilt by the Peninsula Technology Assessment Group (PenTAG)
which underpinned the recent update of NICE Technology Appraisal guile&4).22° The model

has been adapted in this study incorporatetreatment effectiveness estimates produced from my
analysis of the SYMPHONY ddtae economic model is describedgireater detail inSection6.7.

6.3.2 Interventions

The interventionsassessed in this case studye the following maintenance immunosuppressive

regimens as used in the SYMPHONY sandyhe adapted economic model

1 Group A: Standardose cyclosporine (Neoral or Samdiune, Novartis) plus mycophenolate
mofetil (CellCept, Roche) and corticosterai@sA+MMF+3T

1 Group B:Basiliximab induction anaWw-dose cyclosporine plus mycophenolate mofetil and
corticosteroidgBas+CsA+MMF+ST).

1 Group CBasiliximab induction andWw-doseimmediatereleasetacrolimus (Prograf, Astellas

Pharma) plus mycophenolate mofetil and corticosterdiflas+Tac+MMF+ST).

All three alternative treatment regimens included the maintenance immunosuppressive drugs,
cyclosporine (standardose or lowdose) or tacrolimus, in combination withycophenolate mofetil

and corticosteroids An induction agent, basiliximab, was also usedgroups B and.@h theadapted

economic modelpasiliximab vas used as an induction agent for the dase cyclosporine and
tacrolimusregimens; wheregasn the SYMPHONY triatlaclizumab was useds an induction agent.

Although these are two differerdrugs, a ecentmeta-analysiofsixw/ ¢ & O2y Of dZRSR G KI
and efficacy oflaclizumab andasiliximab are similayi { A Ry S& { NI y'&Ihiestydyy NS OA L
also indicated that &siliximab is more cosdffective than daclizumab* Therefore, lasiliximabwas

considered as the induction agent of interest in the analysis as used in the original economic model.

The new induction agent was also accepted by NICE in their updlatgthology Appraisal guidance

(TA481).

Although the treatment regimens includeuttiple drugs, noradherence datavere only collected for
the maintenance immunosuppressive agents within each regimen; and therefore, the analysis did not
consider the impact of multiple adherence to all medications within each regiMeasuringnultiple

medication adherence (MMA) has been identified as an issue in a recent report of the ISPOR
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(International Society for Pharmacoeconomics and Outcomes Research ) Medication Adherence and
Persistence Special Interest Grodp.Therefore, adjusting for MMA in cosffectiveness estimates
could be an interesting area for future researdie maineénance immunogppressive therapiesf

interest(tacrolimus anctyclosporie) are described in more detail in the following subsections

6.3.2.1 Tacrolimus

Immediaterelease tacrolimus is a maintenance immunosuppaesased for the prophylaxis of graft
rejection in adult transplant patient? It is administered orally as capsules, twice a day, with a
recommended initial dose of Dto 0.3 mg/kg/day which iasually reduced over tim® maintain the
target levels'’® 12°The common brand names are Prograf, Adoport, CapeRenxis Tacniand

Vivadex.
6.3.2.2 Cyclosporine

Cyclosporia is an immunosuppresant that may be used aloner in combination with other
medication as maintenance therapy after kidney transplantation in adtft$he recommendedose
is 26 mg/kg/day administered as twiedaily capsules and reduced gradually to maintenance with a

lower dose when used concomitantly with other immunosuppressive therapy (e.g. corticosteéfdids)

6.3.3 Study population

The study population include aduk patients aged 18 and over receivinmaintenance
immunosippressive therapy (tacrolimus ayclosporine) after incident kidney transplantation. The
study population was selectdshsed on the decision problem assessed in the latest NICE Technology

Appraisal model (T481). No subgroup analysigasundertakenin this case study.

6.3.4 Directedacyclic graph (DAG)

A DAG for the case study was drawn based on evidence from the literaturéiseuksion with
cliniciang(Figure #). In the DAG, time flows from left to right and therefore the sequence of variable
measurements are based on this conventidithe DAG illustrates the randomisation variable (Z) to
the left-hand side assigning patients to each of the three immunosuppressive regimens assuming
perfect initiation of the treéments. The implementation neadherence only occurs after that for a
follow-up of 365 days podransplantation. The confounders Ls affect subsequent adherence (As) and
the time to graft loss outcome (Y); and the Ls themselves are affected by previoepresenting

time-dependent confounding. Baseline covariates and the values otdiependent confounders at
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baseline (both denoted as)Lare common causes which means they influence both graft survival
outcome and noradherence between baseline and tfiest follow-up time point A, as illustrated in

the DAG.The justification for the identification of baseline and tikdependent confounders was
discussed earlier in Chapter 4, Sectdoh Figure 46 showsthe relationships between all the variables
used in the analysisNo potential collider variables were identified (for more detail see Chapter 1,
Sectionl.3.6).

Figure46: Directedacyclic graph (DAG)r SYMPHONY dataset

A612

/\/\/\

Z=is randomisation variabldp=is a vector obaseline covariatethat includes age and gender and also
includevaluesof time-varying covariatesneasuredat baselineLs, Ls = updated timevaryingcovariate BMI
and acute rejectionpat 3 and6 months, respectivelyo, Ao-s, Ass, As-12=time-varying noradherenceat
baseline pbetween baseline and 3 montt&6 monthsand6-12 montts, respectively.

6.3.5 Analytical steps

The case study involdehe following analytical steps:

1) Identification ofestimates of medicationadherence levels in the real world usidgta from the
literature. This was focused on implementation nadherence measured using CV% relating to
blood concentratiorievels for immunosuppressants (i.e. tacrolimus and cyclosporine).

2) The predicted noradherence levels were obtained by adjusting the CV%offutised for
determining the presence of neadherence, such that the overall adherence level in the trial

matchedrealworld estimates.
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3) Reestimation of the relative clinical effectiveness of immunosuppressive regimens (tacrolimus
versudow-dosecyclosporineversus standardlose cyclosporineusing data fronthe SYMPHONY
trial, adjusted according to the predicted tesorld adherence levels (this is described in more
detail in the next paragraphYhe adjusted analysis was performed usingethods (MSM with
IPCW applied in the basmse analysis and SNFTM vgibstimation used as a secondary analysis).
The clinicakffectiveness estimates included graft survivor functions censored for death with a
functioning graft (DWFG). A standard ITT unadjusted analysis was also performed and the results
are presented alongside estimates from the adjusted analysis.

4) Adaption o the health economic model for estimating lotgrm adherenceadjusted cost
effectivenesf immunosuppressive therapy for adult kidney transplant recipients in theTb&
economic modelas originally developed fothe latest NICE Technology AppraisSBM81)
Unadjusted coseffectiveness results using effectiveness estimates from the standard ITT analysis

was also performed and presented alongside the adjusted analysis for comparisons.

The predicted noradherence levels were obtained using adhererlegels observed in the
SYMPHONY trial in terms of CV% and a newvoftytoint such that the overall proportion of nen
adhered patients matches realorld estimates. People with higher CV% based on the observed trial
records of drug concentration levels @& higher probability of being neadhered in the predicted
dataset. The analysis for restimating treatment effectiveness conducted in this case study was
adjusted for patient characteristics and prognostic factors timaty cause confounding bias. These
were variables that had a common cause on the exposures and the outcome of inBasstine and

time-dependent confounders were identified using the process described in Chajggectdd.4.2).

In brief, the process was based on the DAG which was drawn based on evidence from the literature
and discussions with cliniciafsee Figure @). Simple regression was used to check thatiehships
between confounders and adherence to medications in the datd3etse will be subject to potential

bias themselves, hence they are just a check and the main choices were made based on the DAG.
Statistical significance was not used to determihe inclusion of the potential confounders as the
assessment was mainly based on the values of the coefficients from the regressionregted to

show some degree of associations. This confirmatory step wastossatisfy the conditions of

baseline o time-dependent confounding as described in Chapter 1 (Sedti®#).
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6.4The SYMPHONY trial data

The SYMPHONY study was a prospective, randomisedjatpelnmultcentre study of 1,645 kidney
transplant recipients with a Xehonth follow-up. The study evaluated the clinical effectiveness of four
immunosuppressive regimens involvingarsdarddose cyclosporine, lowose cyclosporine,
tacrolimus andow-dosesirolimus.The analysis undertaken in this case study included three arms
with the sirolimus regimen excluded. The main reason for excluding the sirolimus regimen was that
the treatment is rarely used in the NHS as a maintenance immunosuppressive therapy in kidney
transplantation. In addition, unlike tacrolimus and cyclosporine, evidence suggests that the intra
patient variability (IPV) obtained from drug concentration levels for sirolimus is unreliable and may
not be appropriate for use as a proxy measure of adhezelMoreover, sirolimus has a much longer

half-life, so level variation will inevitably be less even in{adherent patients.

In this context, IPV is defined as the amount of fluctuation in drug blood concentration within an
individual patient over garticular period during which the dose of the drug has not chariéfed.
Patients with highetPV indicates a higher level of radherenceAs the sirolimus arm was excluded

data from1,190patients was included in the analysitafgdarddose cyclosporingn= 390];low-dose
cyclosporingn= 399];tacrolimus[n= 401]). The SYMPHONY trial was utadkein across 83 centres in

15 countries (Australia, Austria, Belgium, Brazil, Canada, Czech Republic, Germany, Greece, Israel,

Mexico, Poland, Spain, Sweden, Turkey, and the United Kingdom)

The SYMPHONY dataset was provided by F. HofirmnRoche Ltd. based on a datsaring
agreement (DSA) signed between Roche and the University of Sheffield. Written permissions for using
the SYMPHONY dataset in this case study were also obtained fromserd?&adip Halloran, University

of Alberta, Canada (&ponsor of the SYMPHONY trial) and Ulf Malmqvist, Region Skane, Sweden
(Sponsor representative of the SYMPHONY trial).

The SYMPHONY dataset was provided in an anonymised individual petigrformatincluding the

raw data. The key study documentation was also provided in a redacted format including the study
protocol, data definition document, case report forms (CRFs), statistical analysis plan (SAP), clinical
study report (CSR), and the anonymisatiientation document. The individual patielgvel datasets

were checked for consistency against the CSR and the published report before the case study analysis
was conducted!®Minor data queries were checked with theNBYHONY trial statistician and resolved
based on their advice. The dataset matches the CSR and published reports apart from minor deviations
resulting from the data anonymisation process performed by the Roche Global FatrehtData

Sharing team. The #i dataset is described in the following sséctions.
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6.4.1 Baseline characteristics

Tablel6 provides information on the key baseline characteristics ftbenanalysis of the SYMPHONY
dataset. The values for each variable were checked against the published data and CSR. These data
checks were done to ensure that the adhereramfusted analysis was performed on a dataset that is
consistent with the publishettial data (se€Tablel6X ¢ b2 (G Saé¢ O2f dzyYy o @

Tablel6: Key baseline characteristics of the study population

Group A: Group B: Low | Group C: Notes

Standarddose dose cyclosporing Tacrolimus

cyclosporine (n=399) (n=401)

(n=390)
Age (Years) 46.7(13.2) 47.9(12.8) 46.8(13.7) Slightly different fronEkberg et
Mean (SD) al*®*due to anonymization [i.e.

patients <21 or >89 years old
were aggregated]

Male (%) 62.3 66.4 65.8 Consistent witHekberg et al.

Race (%) - - - Variable dropped as part of the
anonymgation

Type of donor (%)

Deceased 65.6 64.3 63.0 Consistent witHekberg et al.
Living related 28.5 26.9 31.8 Consistent witiekberg et al.
Living unrelated | 5.9 8.8 5.3 Consistent withEkberg et al.
Donor age (years) 47.8(13.2) 48.5(13.0) 48.4(12.6) Slightly different due to
Mean (SD) anonymgation
Donor with expanded | 16.9 18.0 17.7 Consistent withEkberg et al

criteria (%)

Note: Group D (lovdose sirolimus) wagropped from theoriginaldatasetas this regimen is not included in
the case study

6.4.2 Baseline and timdependent confounding

The identified baseline confoundenereage and gender. Age (in years) was recorded as a continuous
variable and gender as a dichotomous variable in the trial @tdsmedependent confounders were
BMI and acute rejection, with BMI included in the analysis as a continuous variable and acute rejection

as a binary variable. BMI was calculated from the height and weight records in the SYMPHONY dataset.
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6.4.3 Adherence to medications in the trial

6.4.3.1 Description of adherence to medication data

Adherence to mdications in the SYMPHONY tuals based on the drug concentration level data for
tacrolimus and cyclosporine. Theug concentratioriroughlevelsweremeasured at 10 planned visits
(baseline; 1, 2, 4, 6 and 8 weeks; and 3, 6, 9 and 12 maaisisransplantation). In additionextra

dataon drug concentration levels were measured at additional visits to the clinics over im@its
follow-up. The analysis of adherence data in the case study was based on a combined dataset that

included measrements at protocol visits plus records from additional visits.

A total 0f 18,873 trough level recordsere available acrosthe three armsof the SYMPHONY trial.
Trough levels data @re used for calculatinghte coefficient of variation (®4) as a proxgneasure of
implementation noradherence Figure #-50 show the mean trough levels over 12 months post

transplantation for cyclosporine and tacrolimus, respectively.
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Figure47: Mean cyclosporine trough levelger the study followp (Protocol visits data)

Mean Cyclosporine Trough Levels [Protocol visits]
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Figure48: Mean tacrolimus trough levels over the study folapv(Protocol visits data)

Mean Tacrolimus Trough Levels [Protocol visits]
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Figure49: Mean cyclosporine trough levels otlee study followup (All data)

Mean Cyclosporine Trough Levels [All Data]
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over the study follomup. Some patients have more than one trough level recordgretocol visit window; in
this case, the average value was used based on the SAP document for SYMPHONY.

Figure50: Mean tacrolimus trough levels over the study folapv(All data)

Mean Tacrolimus Trough Levels [All Data]
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Note: All data means trough levels measuregattocol visits + extra trough levels recorded over the study
follow-up.
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Figure 8 shows the distribution of trough levels data frqmmotocol visits andxtra visits by the date
of assesment and treatment arm. Thegkata were combinedsuch that all the fough level data

recorded between 3 and 12 months were used in the anaffiscalculating adherence in the
SYMPHONY trial.

Figureb1: Intra-patient variability for immunosuppressants by treatment group
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Data showrarethe trough level recordssed in the analysigncluding records fronprotocol visitsand extra
visits)

Of the 18,873available trough level records, a total 1,049 records measured betwedraseline

and 3monthswere excluded from the analysis. The exclusion was based on recommendations from
published guides and discussions with clinicighd3® The justification for exchling trough levels
recorded between 8 months postransplantation include several factors including fluctuations due

to infections, and intravenous steroid treatmergse (Figures 450).2*° Therefore, a total of 7,824

drug concentration records measured between 3 and 12 mompis-transplantation (as a more
stable periodwere included in thdinal analysisDiscarding trough levels data recorded betwee8 0

months posttransplantation is consistent with the studies that analysed the-veadld adherence
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data. Among others, the key reasons for discarding data indludeuations due to infectiongand

intravenous steroid treatment$*®

Figures 2 and53 show themean trough levels for data included in the analysis by the treatment arm.
These represent the adherence obged in the SYMPHONY trial. Theseda® used for calculating

the CV% and prediction of reaibrld non-adherence levels as described in Sectdn

Figure52: Mean cyclosporine trough levels12 months)

Mean Cyclosporine Trough Levels 3-12 Months [All Data]
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Figure53: Mean tacrolimus trough levels-(2 months)

Mean Tacrolimus Trough Levels 3-12 Months [All Data]
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Thetotal and mean numbers of trough level records ahd sampling frequencjor each treatment
group are provided iffablel7. This represerstthe adhererte data used in the analysis.

Tablel7: Mean number of trough level records excluding patients with less than three recdr@ls (3
months)

Treatment goup Number of patients | Total number of | Mean number of
with less than 3 trough level records per patient
records of trough records

levels n (%)

Standarddose cyclosporine (n=390) | 83 (21.3) 2325 7.6
Lowdose cyclosporine (n=399) 68 (17.0) 2409 7.3
Lowdose tacrolimus (n=401) 48 (12.0) 2701 7.7

6.4.3.2 Calculating theoefficient of variation from trough levels data

Pharmacological treatments usually work if their concentration levels in the blood are maintained
GAGKAY | YAYAYdzY FyR Yl EAYdzY ¢ A yhRatd ofthy Bighgst | a

dose that is aceptablysafeto the lowest whichis sufficient for the drug to be effectiyeThe dose
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that the patient needs to take regularly is usually calculated to maintain g concentration within

that therapeutic window until the end of prescribing. Howeveuge to patient noradherence, the

drug concentration level will fluctuate as a result of erratic use of the prescribed dosing regimen. This
may lead to a situation where the drug concentration falls below that recommended level and
ultimately results in aherapeutic failure. This fluctuation is usually measured ugntiga-patient
variability (IPV)s part of therapeutic drug monitoringflDM)as a standard in clinical practice for
particular medications. Higher IPV indicates +aminerence to the prescrilik dosing regimen

depending on the cubff point which differs by drug or classes of drugs.

IPVis defined as fluctuation in drug trough concentration levels for an individual patient over a
specified followup period in which the dose was not changed. IPV is commonly quantified using the
coefficient of variation (CV) for the pose blood concenétion of the immunosuppressant known

as trough concentration ¢ Trough levels are routinely used in practice iDMof medications with
alow therapeutic index such as cyclosporine and tacrolimus.péneentageof CV (CV%) forp €an

be calculated usig the following formulad

od (O] PTITT O@

where ® is the average of all availableough concentrations ( records measured over the
analysis time¢ is the numberof records® is theA Y R A @ firRR tiauigh ®%el record® is the
aS02y R NXThareNiR btheBfan@uas used in the literature to calculate CV%, belimioally

relevant differences havieeen demonstrated between thirmula.

Once the CV% for each patient is calculated, afutoint is required to determine patient adherence

to the prescribed dosing regimeRatients with a CV% higher than the -cdit point are considered
non-adherent in terms of implementation of the prescribed dosing regimen. Different approacbes
commonlyusedin practiceto determine the cwioff point including median CV and simultaneous
measurement of adherence such as eleaic monitoring.The key points are that standard eoifs

are widely accepted and that these vary by drug due to their different PKPD characteristics and

forgiveness profiles.

Calculating CV% the trial

In the basecase analysis, the CV% was calculdtedlividing the analysis time into three separate
time intervals. These were baseline to 3 month&§ Bionths and 6.2 months postransplantation.

Dividing the last time interval into two equal intervals of 3 months each was considered; however, this
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wasnot applied The main reason for this was the smaller frequency of trough level measurements
during that period compared to the first 6 months resulting in higher proportions of patients with
missihg CV% which is not desirabMevertheless, some patientsad missing data in terms of the
calculated CV% in the primary analysis. In this case, patients who had fewer than three trough level
records during specific followp time intervals did not provide sufficient data to calculate their CV%
for that particubr time interval.In these cases, the CV% could not be calculated as per the
recommendations of published guides for the reasons mentioned in Se&:do® No adjustment was
applied for those patients effectively assuming they adhered to the prescribed dosing regimiehs

might not be the case.

Three sensitivity analyses relating to the apgech for addressindiscardedadherence datand real

word nonadherence estimatesvere conducted. The first sensitivity analysis used differential
adherence levels based on a small study that usedweald data!*° In that study, implementation
adherence was higher for tacrolimus compare to cyclosporine withatirerence level of 26.7% and
36.4%, respectively. Teerformthis sensitivityanalysis, a different cedff point of CV% wassed such

that the predicted wn-adherence proportions for eadineatment arm are similar tadhose observed

in the reatworld study. The second sensitivity analysis assumed perfect adherence during the first 3
months posttransplantation as the trough levels data reded during this period were discarded due

to concerns of reliability as disciesbabove. The third sensitivity analysis adjusted for-adherence

for the period 612 months only(effectively discarding adherence data measured between baseline
and 6 months) The latterapproach is consistent with the realorld estimates of noradhernce and

the level of missing adherence ddta the last 6 monthsvas lower than the interval-8 months due

to longer followup. The last 6 months period also represents a more stable immunosuppression

follow-up based on the CV% for trough levels.

A sendivity analysis assuming that patients with no or lesstttaree trough level records for each
interval were considered but noperformed The justification was that a higher proportion of patients
falls into that category and performing a sensitivityagrsis with such a strong assumption will risk

producing misleading costffectiveness results.

6.4.3.3 Primary and secondary outcome data

The primary outcome used in SYMPHONY was the estimated glomerular filtration rate (eGFR) 12
months after transplantatio as defined in the study protocol. Secondary outcomes included time to
biopsyproven acute rejection (BPAR), graft survival, allograft dysfunction, treatment failure and death.

In this case study, graft survival was the outcome of interest used in thgséal' he selection of graft
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survival was made to match the outcome used in the adapted economic model for estimating the
longterm adherenceadjusted coseffectiveness of immunosuppressants in kidney transplantation.
The primary and secondary outcomeata were used as additional checks for data consistency

(alongside baseline characteristics).

The SYMPHONY graft survival data show tiatatal number of patients who lost their graft during
the first year postransplantation, including death, was Stgndarddose cyclosporine 41, lowdose
cyclosporine=27, tacrolimus=23). Data on graft survival censoredefth with a functioning graft
(DWFG shows that the total number of graft loss was &&afdarddose cyclosporine 31, lowdose

cyclosporine= 22, tacrolimus= 14). All these numbers are consistent wiBtWdPHONESR report

6.4.3.4 Missing data

Missing datawere checked anchandled inthe analysis performed in this case studi§issing data

were particularly important ifthey areO2 Yy aA RSNBR (2 FFFSO0G G(KS ay?2
I & adzYLJi A 2 yé aNjiistmendiethadidal@pled in Bis case study. The SYMPHONY dataset

was checked for missing data for the key variables used in the analysis. These include baseline

covaiates (age and gender) and tirgependent confounders (BMI and acute rejection).

Out of the 1,190 patients included in the analysis, 42 patients (Group A= 11, Group B= 11, Group B=
20) had missing age values. For BMI values at baseline, a total pati&its (Group A= 55, Group B=

43, Group B=59) had missing data mainly due to missing weight values. Missing data for age and BMI
at baseline were imputed using the mean values. For baseline covariates, using means instead of
multiple imputation methodsvas considered more appropriate to maintain the prognostic balance,
between treatment groups, generated by the randomisation procedure. There were no missing values

for gender andacute graft rejection at baselinand therefoe, no imputation was required

The imputation of missing values for tirdependent confounders at 3 and 6 months folloyy post
transplantation was handled using the last observation carried forward (LOCF) method. The LOCF
imputation used all the available data from the study visitther than data from the three analysis

time points used in this case study. This meant that the nearest available observation was used to
impute missing values. Alternative approaches for handling missing data fordépendent
confounding were considetke(including mean values and multiple imputations) and the LOCF was
selected as the most appropriate optioorfthis particular case studylhe decision was justified
because BMI does not usually change much over a short period making the last obseraai®n

more likely to hold. In addition, missing data on thaependent acute rejection was minimal.
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6.5Nonadherence to medications in the real world

A review was conducted to identify reabrld estimates ofiPVusing the C\Mor tacrolimus and
cyclosporine in kidney transplantatioithe objective wago identify relevant papershat reported
realworld estimates of C¥% for trough concentrations as a proxy measure of famiherence to

tacrolimus and cyclosporine A (CsA) in kidneggpdantation.

6.5.1 Review to identify realorld adherence levels

A citation search and reference list checkimgs undertakeron five key papers identified based on
discussioswith two clinical expert§WM and JF)**13% 1411431 addition, a targeted author search on

GYlI KIORW2 Kypalzy ! ®¢ gl & LISNF2NN¥SR oFaSR 2y | RGAOS
search and reference list checkingaswindertaken usinghe Web of Science electronic database.

Papers were included if they reported CV estimates for tacrolimus and/or cyclospegmeensfor

adult kidney transplant recipients with a minimum follayp of 12 months. Paperthat reported CV

for Sandimune® (the olg/closporineformulation)were excluded because they are not similar to the

formulation assessed in SYMPHONY and are no longer used in current clinical practice.

6.5.2 Realworld studies included

The search generated 703 records afthe removal of dupliates. Following title screening, 647
records were excluded. A further 43 papers were excluded at the abstract screening stathe and
remaining 13 papers were reviewed in full text. A final list of two relevant papesgwaluded in the

review 3 144A summary of estimates obtained from the included papepovided inTable 18.

6.5.2.1 Tacrolimus realvorld noradherence level

The Whalen et af® study assessed variability in a tacrolimus reginteat is consistent with
SYMPHONYising data from the West of Scotland Electronic Renal Patient Record. Tacrobonyls tr
levels were measured at clinic visits. The analysis used tacrolimus trough lgvele&Sured 6 to 12
months after kidney transplantation. The median CV of 15% was used a®ff point assigning 190
patients (50.5%) to the high variability growguggestingmplementationnon-adherence. The key

estimates are provided ifmable 18.These estimatesvere used for predicting the realvorld
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implementation noradherence for each individual patient allocated to tacrolimus in the SYMPHONY

dataset.

The re&world adherence data is comparable to the SYMPHONY data in terms of frequency of
sampling for trough level recordsSampling frequency refers to the number of available drug
concentration records over a particular follawp period.The sampling frequenaynged between
6.9310.02 records (on average) in the re@brid data compared to 7-3.7 records on average in the
SYMPHONY dataset. Moreover, btth SYMPHONY trial and the reabrld study included incident
transplant recipients only and discarded wigh levels data recorded at the first63 months
(depending on the analysis) providing more assurance that the two estimates of adherence levels are

comparable.

6.5.2.2 Cyclosporine realorld noradherence level

Jorga et al** assessed the IPV lfw-dose cyclosporine trough levels)f@mong 102 stable kidney
transplant recipients (minimum of 6 months pdsansplantation) recruited from an outpatient clinic

in the UK. The mean age of the study populaticas 50 years anthe mean weight was 75 kg. The
study found that 50% of patientsese above the cuoff point for the CV of 26% fopEstimates from

this studywere used as realvorld nonradherence to cyclospine in the adjusted analysis. No study
wasidentified for the standard dose cyclosporine, therefore, it was assumed that they are similar to
the low-dose formulation which is a conservative assumption. 4ddherence to the standard dose
cyclosporine in the real world is likely to be higher than-tlege formulation due to the higher level

of toxicity. However, this is a minor issue for the case study as the key difference in adherence levels

are between the tacrolimus and cyclosporine regimens.

The realworld adherence data on cyclosporine is also comparable to the SYMPHONY trial data as both
included incident transplant recipients and discarded the trough concentration levels recorded during
the first 36 months. HoweverJorga et aldoes not povide the sampling frequency and therefore it

was not possible to compare it with SYMPHONY dataset in this aspect.
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Tablel8: Estimates of realvorld nonadherence to tacrolimus and cyclosporine

Author Tacrolimus/ | Study Study Sample| IPV CV%| CV% estimates| Impact on
(Year of Cyclosporire | population | context | size (n)| assessmeni cut- clinical
publication) period offa outcomes
Whalen et | Tacrolimus | Adult West of | 376 6-12 15% Percentage| Reduced risk
al. (2017) kidney Scotland, months of patients | of rejection
transplant | UK in the low | free survival
between variability | among HV
January (LV) group | patients
2007 and (defined as| compared
December CV% €< with LV
2011 15%)= patients at 12
49.5% months
Percentage| follow-up
of patients | (HR=1.953;
in the high | 95% CI: 1.234
variability | 3.093; p
(HV) group| value=0.0054)
(CV% £x
15)=50.5%
Jorga et al. | Cyclosporing Adult UK 102 12 months | 26% Percentage| Impact on
(2004) A (CsA, kidney (minimum of patients | clinical
Neoral®) transplant 6 months in the high | outcomes not
between post- variability | assessed in
January transplant) (HV) group| this phase of
2003 and (defined as| the study
January CV% &
2004 26%) =
50%

Note: G= troughconcentration (i.e. the drug concentration in a whole blood sample measured immediately

before the next dose)ai average concentration (i.e. dosing interval corrected value).

a: This cutoff point was based on the median IPV among all patients.

6.6Reestimation of treatment effectiveness

6.6.1 Predicting realvorld adherence within SYMPHONY dataset

Therealworld implementationnon-adherencefor each individual patient for each time interval was

predicted using the Civom observed trough levels measuratthe SYMPHONY trial. The prediction

was based on the pharmacokinetics data (trough levels) usimgw cutoff point for CV%uwith

SYMPNH6 achieve the adherence levels in the real wohidother words, | identified a new ciiff

point of CV% for troug levels recorded in SYMPHONY above which every patient with higher CV%

falls into the noradherence group in the predicted adherence indicator. The predication method
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satisfies two conditions: (a) the percentage of ramtherent patients matches the realorld non
adherence level; and (b) patients withoor prognosis (aged<24 years, male, high BMI and/or
experienced acute rejection) hava higher probability of being neadherent in the predicted
adherence data. The predicted adherence indicator (a bindhneeence variable) is then used in the
application of gmethods to produce the adjusted effectiveness estimates for the economic model
(see Sectior®.6.2. Themain advantage of this prediction approach is that is based on an objective
measure of adherence using pharmacokinetics data measured within the trial. This prediction

approach was informed by discussswith two clinicians (WM and JF).

Table19 provides the reaivorld predicted noradherence as a percentage of patisbl treatment

arm for the basecase analysis. The CV%-cfitpoint required to achiee the realworld estimateds

also provided in the Table. The percentage of-adherent between & months is low because a
large proportion of patients do not have the minimum three data points required to calculate the CV%
based on trough levels recagd in the trial. These patients were assumed adherent and will result in
an underestimate of realorld predicted noradherence withinthe SYMPHONY dataset. For the
interval between 6 and 12 monthsufficient data on trough levelsere available and ther®re, non
adherence predicted for that interval could be consideredtlas best estimate of realvorld
adherence. This matches the analysis from the identified papers ofmaddl adherence levels as
both studies estimated noadherence for 6 months onl{6-12 months postransplantation) as

discussed in Sectidh5.2

Tablel9: Realworld predicted noradherence by treatment arm

CV% cubff for Percentagepatient
predicting reaiworld | predicted as non
Treatment arm adherence adherent

Nonadherence between-8 months

Standarddose cyclosporine 32.51 13.60
Lowdose cyclosporine 28.94 12.96
Tacrolimus 24.25 15.65

Nonadherence between-42 months

Standarddose cyclosporine 26.02 41.64
Lowdose cyclosporine 25.69 39.78
Tacrolimus 24.39 43.94
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6.6.2 Adjusted and unadjusted analysis

The SYMPHONY dataset was first analysed using the standaahélyBis to produce unadjusted
effectiveness estimates. The adjusted analysis was performed usingifPtO&/base case analysis

and SNFTM and secondary analydike IPCWadjustment methodwas chosen to r@stimate
effectiveness inthe basecase analysis fdhis case study because its performance on coverage was
superior to SNFTMcrosshe relevant implementation nomadherence scenarios. In those scenarios,

the IPCW produced about 10% hégltoverage (about 85% coverage on average) compared to SNFTM
which has produced around 75% coverage on average. The IPCW adjusted analysis used CV%
estimates to predict the realorld nonadherence for each individual patient in each time interval in

the dataset.

Clinical effectiveness estimates from these sensitivity analyses were obtained using the IPCW
adjustment method. The effectiveness was estimated in a form of graft survivor functions including
the SEs and 95% confidence intervals around the estisn The choice of the form was influenced by
how treatment effectiveness was incorporated into the original economic nitddhe ®nsitivity
analyses in terms of estimating adhereradjusted treatment effectiveness were performed using
three alternative approaches f@ddressing missing adherence data. The sensitivity analyses were as

follows:

1 Using differential noradherence levelg¢as nonadherence percentaged)ased ona small
singlecentre study used real world datérom Serbia(tacrolimus= 26.7%, cyclosporine=
36.4%)-4°

1 Assuming perfect adherence between baseline and 3 months as the trough concentration
levels data was discardédr this intervalas discussed ifection6.4.3

1 Adjusting for noradherence between 6 and 12 months only as a more stable time interval for

trough level records.

As expected,hie realworld non-adherence levels identified from the revid®ection6.5) were higher

than adherence levelsbservedn the SYMPHONY trial, althoutitese are not very different between

the tacrolimus anayclosporine regimensn other words, adherence to the reabrld is worse than
adherence observed in the trialfherefore, the differential adherence sensitivity analysis was
performed to see the impact on the adjusted cadtectiveness results compardd the basecase
analysisClinical effectiveness estimates from these three sensitivity analyses were obtained using the

IPCW adjustment method.
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The clinical effectiveness results from thanalysis performedncluding unadjusted and adjusted
analyses a presented in Sectiof.8.1 The adjusted survivor functions obtained from the sensitivity
analyses were used in the adapted economic model to obtain the adheimljosted cost

effectiveness estimates (see Secttid for more detail about the economic analysis).

Thereal worldpredictedadherence levels withithe SYMPHONY datadelescribed in Sectio.6.1)
were used for applying the IPCW using the four steps described in Chapter 4 (Se6tBrin brief,

the IPCW analytical steps applied in this case study wherst, | censored observations at the
beginningof the interval when they are predicted to m@n-adherent in the real world. Note this is
the point that makes their graft survival outcome worse as a contribution to the weighted pseudo
population.Second, modelled the probability of nodherence using 18 logistic models comprising
6 models foreach arm (two models for each of the three intervals). These models were appliegl

the realworld predicted noradherence with baseline confounders (age, gender); and again with both
baseline and timalependent confounders (age, gender, BMI, acute atjm) for generatinghe
stabilisedweights Third, | computed the inverse probability of remaining uncensoaed the
stabilised IPCW weights. Finally, | applied survival analysis on the psepdiation to obtain the
adjusted graft survivor functionsnéluding the SEs and 95% confidence intervals around these
estimates. Graft survival functions wetensored for DWFG for running the economic modieliso

generatedthe KM graft survivaturves and RMSTs by the treatment arm.

The key thing thamakes the accountingf realworld adherencdevelswasthe use of predicted non
adherence in generating the IPCW weights. Because the predicteddimrence was influenced by
the confounders as a resuif being generated from the objectiyharmacokinetics data recorded in
the trial (i.e. trough levels with different CV% threshold) it ended up creating a pgsyuldation

with people predicted to be noadherent having negative contribution on the overall averageaft
survival.That isbecause the part after the censoring point was the part that had a good outcome in
the absencef realworld nonadherence as opposed to having a worse outcome in the simulations.
other words in this analysapproach | censored those whwaere predictedto become noradherent

in the real world and dund patients who remain unescorted and wpeighted to account for

themselves and those censored.

A secondary analysis using BRFTMvith g-estimationwas applied for estimating adjusted estimates

of treatment effectiveness This secondary analysis was undertaken for two main reasons. (1)
Although the IPCW coverage performance was better than SNFTM in the simulation study, there was
uncertainty around the coverage performance data, and given it is simildorpgance in terms of

bias and ModSE, SNFTM could be considered as an alternative option; and (2) the analysis provides
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additional information on the application of SNFTM (which was found to be thepse&irming
method across many scenarios) using redada this case study. The latter will aid the transferability
to other disease areas where the SNFTM might be the best option for adjusting favaddinon

adherence in future studies.

In the SNFTM adjusted analysidpllowed the following stepsFirst, lused the predicted non
adherence as a binary lagged variable within thestimation incorporating all confounders (age,
gender, BMI and acute rejection) in tggest3model by treatment arm. This step resulted in an
acceleratiorfactor (AF)which | used to shrink graft survival for those predicted fagimerent. This is
the step where the negative contribution to the overall averggeaft survival comes as opposed to
the positivecontribution in the simulation studyin other wordsthe truncatedpart is the part that
hadabetter outcome in the absence of realorld nonradherence (i.ebecause graft survival observed

in the trial was still the one used in the analysis dataset). This step ended up generating ateéstima
averagegraft survival thats worse than the one observed in the trial as produbgdhe ITT. Then, |
generated theadjusted graft survivor functions censored for DWFG for running the economic model
and the KM graft survivalcurvesand RMSTdy treatment arm Thekey contributing factois the
objective prediction of realvorld nonadherence in the trial dataset thatdeto the truncation of a
goodpart of graft survival for those predicted to be naadherent Thisended up with worse

outcomes (on average) as a result of accountingdakworld nonadherence

As another secondary analysis, the clinical effectivemetssms of RMSTsagestimated. These were
not used in the economic model butere generated toprovide more information in terms of

comparing adjusted and unadjusted effectiveness estimates using the SYMPHONY trial dataset.

6.7The economic model and cesfifectiveness analysis

The economic analysis was performed using the adapted model for estimating adhaajoseed
costeffectiveness of immunosuppressive therapy for adkidney transplant recipientsThe
economic model including the adaptation, cedtectiveness analysis and consideration of the impact

on nonadherence on direct drug costs are descdlie the following subsections

6.7.1 Economic model

The economic model was originally built by the PenTAG group for assessing a range of 16
immunosuppressi regimens to update of NICE Technology Appraisal guidand81{TA 4°The

overall structure of the case study involved an adaptation of this economdel which was focused

210



on the reestimated treatment effectiveness in terms of graftss in the first 12 months post
transplantation (see Sectidh7.2for more detail on model adaptation). The structure of the economic
model (Figure 8) was a discrie-time state transition model with three principal health states
(functioning graft, graft loss, death) with up to two-transplantations allowed?! The cycle length

was 3 months and a 5¢ear time horizon was used in the economic analysfsto a maximum cohort

age of100 yeary The main outcome used in the economic evaluation was QALY's with graft survival
and patient survival as key other outcomes used in the-atilty analysis. The economamalysis uses

the NHS andPersonalSocial Service perspective with both costs and QALYs discounted at 3.5% per
year.Costs associated with each treatment optiom &achhealth statewithin the original economic

model wereestimatedusing variousourcesand these estimates were not updated in this case study

Figureb54: Model structure

FG= functioning graft, GL= graft loss, dashed arrow represent prinwerfunctioning graft, green arrows
represent preemptive retransplantation

SourceReproduced frondonesHughes et al?° This is an opeaccess article distributed under the terms of the
CCBY 4.0 license (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution,
and reprodudbn in any medium. This includes minor additions and formatting changes to the original.

6.7.2 Adaptation of the economic model and extrapolation

The longterm treatment effect was estimated by extrapolating the adhereadgusted treatment

effect based orthe analysis of SYMPHONY data undertaken in this sty adherencadjusted
treatment effect was applied to the initial periad 12 months (the trial followup). The extrapolation
beyond 12 months was based on data from the UK Transplant Registretasassed in the original
model. The economic model adaptation involved using estimates from SYMPHONY data analysis in
terms of graft survivor functions (censored for DWFG) at baseline, 3, 6, 9 and 12 months. These
estimatesof graft survivor functionsreplacedthe values inthe original economic modeip to 12
months Beyond that, | did not applthe SYMPHON#stimatesin the originalto the post12month

survival models because the risk comes from somewhere €lserisk for graft swival beyond 12
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months come from theUKTRdata that already reflects real world adherendevels All other
parameters, including drug costs, were not updated in the adapted model. By leaving everything else
the same in the economic model, | was able $sess the sole impact of adjusting for readrid non

adherence levels versumt adjusting.

The IPCW adjustedaft survival curves in the first 12 months from SYMPHONY and the extrapolation
is shown inFigure 5. Thepost12 months curves reflecigraft survival from the UKTR dafBhese
extrapolated estimates, as well astimates of graft survival obtained from SYMPHONY, were used to
populate the adapted economic model for estimating the relative -effectiveness of
immunosuppressantsThe modelwas run using 10,000 probabilistic sensitivity analysis (PSA)
iterations to produce the costffectiveness estimated.he results in terms of NHBs were calculated
at the costeffectiveness thresholds of £20,000 per QALYs as described in the NICE Matiuadf$ G
The costeffectiveness estimatesre presentedin terms of total discounted costs and QALYS,
incremental costs and QALYs, and redlth benefits(NHBs)ThelPCW analysis compared with the

ITT analysis of the SYMPHONY .data

Figureb5: Graft survival extrapolation from the IPCW adjusted analysis
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6.7.3 Impact of noradherence on direct drug costs

The impact of noradherence on drug costs was considered for the adapted economic model. This
issue has been investigated in other disease areas but no evidence was identified on
immunosuppressive therapy after kidney transplantation. Consultations with two clinicians (WM and
JF) and a Clinical Pharmacist (apworth Hospital NHS Foundation Trust, RaghvEverad,
Cambridgg were conducted to investigate if drug costs for ramthered patients are likely to differ
from those adhered to in real practice. Based on the discussions, it seentkehditiS is likely tmcur

the full drug cost since patientare likely to get their prescriptions dispensed but not fully use their
medicationsas prescribed as a result of nadherence Consequentlyit wasdecidedto use the full

drug costin the adapted economic modeHowever, it should be noted that this assption might

not be generalisable to other disease asa& other health care systems.

6.8Results of the case study

6.8.1 Reestimation of treatment effectiveness

The results in terms of unadjusted and adjusted clinical effectiveness estimates are presented in the

following subsections.

6.8.1.1 Unadjusted analysis using ITT

The graft survivor functions estimated for the ITT analysis of SYMPHONY data at baseline, 3, 6, 9 and
12 months are presented ifable 20.The survivor function estimates show that the probability of

graft survival among patients in the two interventions groups {tmge cyclosporine and tacrolimus)

were higher than thestandarddose cyclosporinggroup. The probability of graft survival ihet
tacrolimus group was better than those of the lalese cyclosporingroup. Thesestimates from the
unadjusted analysiare used to replace the values of survivor functions in the adapted economic

model.
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Table20:

ITT graft survivor functions censored for DWFG (unadjusted analysis)

e (%0 e oo [se e
Stardard-dose cyclosporine

Baseline 390 0 1]- -

Month 3 354 23 0.9404 0.012| 0.9117 0.9600

Month 6 342 4 0.9297| 0.0131] 0.8991 0.9512

Month 9 339 0 0.9297| 0.0131] 0.8991 0.9512

Month 12 325 4 0.9186 0.014| 0.8863 0.9421
Lowdose cyclosporine

Baseline 399 0 1]- -

Month 3 379 12 0.9696| 0.0086| 0.9471 0.9826

Month 6 368 4 0.9592 0.01| 0.9343 0.9748

Month 9 362 3 0.9514| 0.0109| 0.9248 0.9687

Month 12 344 3 0.9434| 0.0117| 0.9153 0.9624
Tacrolimus

Baseline 401 0 1]- -

Month 3 379 11 0.9724| 0.0082| 0.9506 0.9846

Month 6 372 1 0.9697| 0.0086| 0.9473 0.9827

Month 9 365 0 0.9697| 0.0086| 0.9473 0.9827

Month 12 349 2 0.9642| 0.0094| 0.9403 0.9787
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The KaplaiMeier (KM) curves on graft survivdtensored for DWF@ptained from theunadjusted
ITT analysesf the SYMPHONY dais presented inFigure ®. The survival curves show that the

tacrolimus regimen was superior to both ledese and standardose cyclosporine regimens.

Figureb6: Graft survival censored for DWE@ T unaglisted analysis

Graft Survival [Censored for death with functioning graft]
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Standard-dose CsA 390 353 341 338 325
Low-dose CsA 399 378 367 361 344
Tacrolimus 401 377 371 364 349

Note: CsA= cyclosporine
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6.8.1.2 Adjusted analysis using MSM with IPCW (base adjusted analysis)

The IPCW estimates of graft survivor functions (censored for DWFG) including the SEs and 95%

confidence intervals arpresented in

Table21. These adjusted estimates were used in the adapted economic model to estimate the real

world adherenceadjusted coseffectivenesof the alternative regimens.

Table21: IPCW graft survivor functions censored for DWFG {t&s® adjusted analysis)

e (%0 Jew S [se [ o coneence
Stardard-dose cyclosporine

Baseline 390 0 1]- -

Month 3 329.9 29.06 0.9203| 0.0142| 0.8874 0.9439

Month 6 294.1 6.96 0.8993| 0.0159| 0.8631 0.9263

Month 9 192.0 0 0.8993| 0.0159| 0.8631 0.9263

Month 12 181.9 2.99 0.8851| 0.0177| 0.8452 0.9152
Lowdosecyclosporine

Baseline 399 0 1]- -

Month 3 352.2 15.00 0.9595| 0.0102| 0.9337 0.9754

Month 6 321.1 4.82 0.9454| 0.0119] 0.9165 0.9645

Month 9 210.6 3.24 0.9311| 0.0141| 0.8974 0.9541

Month 12 193.7 2.99 0.9177| 0.0159| 0.8801 0.9438
Tacrolimus

Baseline 401 0 1] - -

Month 3 346.8 17.13 0.9534 0.011| 0.9262 0.9707

Month 6 313.1 2.96 0.9446 0.012| 0.9154 0.9639

Month 9 193.0 0 0.9446 0.012| 0.9154 0.9639

Month 12 182.9 0 0.9446 0.012| 0.9154 0.9639
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Figure ¥ shows theKMcurves on graft survivakensored for DWF@om the adjusted IPCVinalsis.

The graphs are based on the survival analysis applied to the pgmpldation generated from the
IPCW weights. The KM graphs show that the tacrolimus regimen still produces better graft survival
compared to the alternative regimens, although the scaf health benefits is slightly lower when

realworld implementation noradherence was taken into account.

Figureb7: Graft survival censored for DWEGCW adjusted basmse analysis

Graft Survival [Censored for death with functioning graft]
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Standard-dose CsA 366.9961 329.9106 294 072 190.9784 181.9306
Low-dose CSA 373.0157 352.1534 321.1242 209.5944 193.6582
Tacrolimus 370.9813 346.8424 313.058 190.9891 182.9179

Note: The risk table shows numbersdiecimalsas a pseud-population was used in the IRCadjusted survival analysis
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Figure B illustrates the graft survival from the standard ITT unadjusted analysis compared with the

IPCW adjusted analysis.

Figureb8: Graft survivafrom the standard TTunadjusted analysiand IPCWadjustedanalysis
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LD CsA 399 378 367 361 344 LD CSa73.0157 352.1534 321.1242 209.5944 193.6582
Tac 401 377 37 364 349 TeR70.9813 346.8424 313.058 190.98391 182.9179

SDCsAr standaradose cyclosporine, LD CsA={dese cyclosporine

Note: For the IPCW graft survival curve, the number at risk include decimals because the adjusted analysis is

based on a pseudpopulation of adherent patients up weighted to represent the entire study population
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Table22 provides the graft survivor functions comparing the ITT unadjusted estimates with the IPCW

adjusted estimates by treatment arm.

Table22: Unadjsted ITT estimates versus IPCW adjusted estimates of graft survivor functions

%
difference
Time ITT IPCW between
IPCWand
ITT
Standarddose cyclosporine
Baseline 1 1 0
Month 3 0.9404| 0.9203 -2.14
Month 6 0.9297| 0.8993 -3.27
Month 9 0.9297| 0.8993 -3.27
Month 12 0.9186| 0.8851 -3.65
Low-dose cyclosporine
Baseline 1 1 0
Month 3 0.9696| 0.9595 -1.04
Month 6 0.9592| 0.9454 -1.44
Month 9 0.9514| 0.9311 -2.13
Month 12 0.9434| 0.9177 -2.72
Tacrolimus
Baseline 1 1 0
Month 3 0.9724| 0.9534 -1.95
Month 6 0.9697| 0.9446 -2.59
Month 9 0.9697| 0.9446 -2.59
Month 12 0.9642| 0.9446 -2.03

The coefficients generated from the 18 nadherence models (logistic models to generate tRCW
weights) are providedn Appendixl, Table 43.Table23 provides the IPCW weights including-un
stabilised and stabilised weights generated from weighting models. In this table, the number of
observations represents the uncensored observationsHerthreetime intervals, which are weighted

to create the pseudgopulation to which the survival analysis was applied to produce the adjusted

clinical effectiveness estimates.
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Table23: Unstabilised and stabilised IPCW weglhy treatment arm

Treatment arm n Mean SD Min Max
Weights(un-stabilised)

Standarddose cyclosporine 866 1.2570 0.2997 1.0188 2.2339
Lowdose cyclosporine 916 1.2571 0.2874 1.0066 2.2934
Tacrolimus 885 1.2982 0.3334 1.0411 2.3500
Stabilised weights

Standarddose cyclosporine 866 0.9998 0.0196 0.8436 1.0887
Lowdose cyclosporine 916 0.9997 0.0297 0.9135 1.2285
Tacrolimus 885 1.0001 0.0156 0.8664 1.0842

6.8.1.3 Sensitivity analysis

The IPCW estimates of graft survivor functions from sensitivity analyses are presenaddie2d. The
graft survivor functions from the IPCW adjusted baase analysiare also included for comparisons.
The detailed results of graft survivor functions from all sensitivity analyses including SEs and the 95%

confidence intervals around the estimates are provided in Appehdixble44-46

Table24: Graft survivor functions from sensitivity analy8&CW adjusted analysis)

Assuming Adjusting
perfect for MNA
Base Differential adherence between 6-
Time case MNA between0-3 | 12 months
months only
Standarddose cyclosporine
Baseline 1 1 1 1
Month 3 0.9203 0.9203 0.9205 0.9205
Month 6 0.8993 0.9 0.8995 0.8993
Month 9 0.8993 0.9 0.8995 0.8993
Month 12 0.8851 0.8882 0.8853 0.8855
Low-dosecyclosporine
Baseline 1 1 1 1
Month 3 0.9595 0.9595 0.9595 0.9595
Month 6 0.9454 0.9456 0.9454 0.9449
Month 9 0.9311 0.9335 0.9311 0.9311
Month 12 0.9177 0.9221 0.9177 0.9181
Tacrolimus
Baseline 1 1 1 1
Month 3 0.9534 0.9534 0.9538 0.9538
Month 6 0.9446 0.9502 0.9449 0.9448
Month 9 0.9446 0.9502 0.9449 0.9448
Month 12 0.9446 0.9502 0.9449 0.9448
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Graft survival censored for DWFG from sensitivity analysis using differentialoddlinonadherence

is presented irFigure B.

Figureb9: Graft survival censored for DWFG from sensitivity analifierential realworld non
adherence levels

Graft Survival [Censored for death with functioning graft]
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Standard-dose CsA 366.9961 329.9106 307.9429 228.9868 220.0018
Low-dose CsA 373.0157 352.1534 334.0706 247.6765 231.7476
Tacrolimus 370.9813 346.8424 296.2891 253.1537 241.8671
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Figure 60 shows graft survivafcensored for DWFdom the IPCWsensitivity analysis assuming

perfect adherence between baseline and 3 months geastsplantation.

Figure60: Graft survival censored for DWF&ensitivity analysis assuming perfect adherence
between 0 3 months
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Standard-dose CsA 367 330 294.072 190.9784 181.9306
Low-dose CsA 373 352 321.1142 209.5844 193.6582
Tacrolimus 371 347 313.0585 190.9891 182.9179
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Figure @ shows graft survivdktensored for DWF@)om the IPCWsensitivityanalysis adjusting for

non-adherence between 6 and 12 months only.

Figure6l: Gaft survival censored for DWF@ensitivityanalysis adjusting for neadherence
between 612 months only
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Standard-dose CsA 367 330 294 196.025 186.9772
Low-dose CsA 373 352 321 216.8098 200.9096
Tacrolimus 371 347 313 201.9157 193.8445

6.8.1.4 Adjusted Secondary analysis using SNFTM vestiiGation

The treatment effectiveness results in terms of graft survivor functions obtained from the secondary
adjusted analysis using the SINFwith g-estimation is presented ifiable 25 The graft survival from

the secondary SNFTM analysis is provideigure @ The AF (value of psi) and the causal survival
ratio (the value by which graft survival shrunk based on the impact ofadberene) are provided in

Appendix | Table47.
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Table25: SNFTM graft survivor functions censored for D¢EGondary adjusted analysis)

e (50 e e [se [
Standarddose cyclosporine
Baseline 0 0 1 - -
Month 3 331 31 0.9178| 0.0142| 0.8852 0.9415
Month 6 295 7 0.8973| 0.0158| 0.8615 0.9242
Month 9 180 0 0.8973| 0.0158| 0.8615 0.9242
Month 12 171 3 0.8821| 0.0178| 0.8420 0.9126
Low-dose cyclosporine
Baseline 0 0 1 - -
Month 3 353 15 0.9609| 0.0099| 0.9359 0.9762
Month 6 321 5 0.9464| 0.0117| 0.9180 0.9651
Month 9 196 4 0.931| 0.0139| 0.8978 0.9536
Month 12 181 3 0.9165 0.016| 0.8788 0.9428
Tacrolimus
Baseline 0 0 1 - -
Month 3 349 18 0.9529| 0.0109| 0.9262 0.9701
Month 6 313 3 0.9439| 0.0119] 0.9151 0.9631
Month 9 180 2 0.9377| 0.0126| 0.9077 0.9583
Month 12 171 0 0.9377| 0.0126| 0.9077 0.9583

Figure62:

Graft survival censored fO'WFG secondary analysis using SNFTM \gidstimation
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6.8.1.5 RMST estimates from IPCW, SNFTM and ITT analyses

The effectiveness results in terms of RMSTs based on IPCW compared to ITT estimates are provided
in Table 26 RMST estimates from SNFTM compared to ITT estimates are provitkiolé27. These
estimates were not used in the economic model, but they provide more information in terms of
comparing adjusted and unadjusted effectiveness estimates. selts demonstratd that
accounting for realorld adherence levels reduces the RMSTs by 1.65 to 2.53% compared to ITT

analysis.

Table26: Graft restricted mean survival times: unadjusted ITT estimates versus IPCW adjusted
estimates

Difference in | Differencein
RMSTs RMSTs
between between
RMST (SE)ITT | RMST (SE)IPCW| IPCWand ITT| IPCWand ITT
Treatment arm (Days) (Days) (Days) (%)
Standarddose cyclosporine | 349 gg (3.888) | 333.15 (4.649) -8.65 2,53
Lowdosecyclosporine 349,53 (2.027) | 342.28 (2.518) 7.26 -2.08
Tacrolimus 354.73 (2.363) | 348.86 (3.238) -5.87 -1.65

Table27: Graft restricted mean survival times: unadjusted ITT estimates versus SNFTM adjusted
estimates

Difference in | Difference in

RMSTs RMSTs

between between

RMST (SE)ITT | RMST (SE)SNFTM| SNFTM and | SNFTM and

Treatment arm (Days) (Days) ITT (Days) ITT (%)
Standarddose cyclosporine | 341 g (3.888) | 333.17 (4.607) 8.62 2,52
Lowdosecyclosporine 349.53 (2.027) | 341.25 (2.498) -8.28 -2.37
Tacrolimus 354.73 (2.363) | 347.35 (3.346) -7.38 -2.08

Figure @ providesthe RMSTs generated from IPCW, SNGTM and ITT by treatment group for
comparison. The results show that ITT analysis overestimates treatment effectiveness when
accounting for realvorld adherence levels. The results also show that IPCW and SNFTM produce

simiar results using real data and this is consistent with the findirggs the simulation study.
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Figure63: Graft restricted mean survival times from IPCW, SNFTM and ITT by treatment group
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6.8.2 Costeffectiveness results

The results in terms of treatment of cesftfectiveness estimates (unadjusted and adhereadgisted

estimates) are presented in the following subsections.

6.8.2.1 Unadjusted cosgeffectiveness results

Table 28 presents the total lifetime discounted costs andl @A incremental costs and QALYs from a
fully incremental analysis and NHBs for the three alternative immunosuppressive regimens from the
unadjusted ITT analysis. The results from the unadjusted analysis show that the tacrolimus regimen is
the most costeffective option producing an NHB of 6.64 QALYs over the patient lifetime at the
willingness to pay (WTP) threshold of £20,000 per QALY. This is followeddysewyclosporine and
standarddose cyclosporine regimens producing NHBs of 6.10 and 5.75 Q&lpésient, respectively.

The results show tacrolimus regimen dominated ddose and standardiose cyclosporine (both

cyclosporine regimens were more costly and less effective compared with tacrolimus).
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Table28: Net health benefits and incremental costs and QALYstfienT T unadjusted analysis

Total
Total discounted NHB Incremental | Incremental
Regimen discounted cost QALYs (WTP £20K costs QALYs
Bas+Tac+MMF+ST £90,830.29 11.0015 6.4600 - -
Bas+CsA+MMF+ST £97,713.35 10.9871 6.1015 £6,883.06 -0.0143
CsA+MMF+ST £101,636.32 10.8342 5.7524 £3,922.97 -0.1529

Bas= Basiliximabgat@= tacrolimus, MMF= mycophenolate, ST= corticosterditdB= net health benefit, WTP=
willingness to pay, QALYguality-adjusted life years.

6.8.2.2 Adherencedjusted coseffectiveness results from IPCW

Table 29 presents the adherencadjusted coseffectiveness results generated from the IPCW
estimates.The results show that the NidBstimated from theealworld adherenceadjusted analysis
are smakr than those obtained from the ITihadjustedanalysisFor the tacrolimus regimen, the
NHBs estimated from the adjusted analysis is reduced by 0.0596 QALYs per patient. Foidibselow
cyclosporine regime, the reduction on NHBs when adjusting forwedd nonadherence is 0.0721

QALYs per patient.

The total discounted cost per patiens higher for thetaaolimusregimen (the most costffective
option). For the tacrolimus regimen, the total discounted cost increased by £2,429 per patient when
the reatworld nonadherence levels are taken into account. Tésults show that the total discounted
costs are also higher fother alternativeregimens and the NHBs are smaller when adjustingefak

world non-adherencelevels (seeTable 29). The percentage change in NHBs compared to ITT is
provided in Sectior.8.2.3alongside all sensitivity analysis for comparistimere was no change in

the costeffectiveness conclusionsedicted bythe original model

Table29: Net health benétfs and incremental costs and QALY's from IPCW adjusted analysis

Total Total

discounted discounted NHB  (WTH Incremental | Incremental
Regimen cost QALYs £20K costs QALYs
Bas+Tac+MMF+ST £93,259.20 10.9419 6.2790 - -
Bas+CsA+MMF+ST £100,697.51 10.9150 5.8801 £7,438.31 -0.0270
CsA+MMF+ST £105,407.90 10.7455 5.4751 £4,710.39 -0.1695

Bas= Basiliximabad= tacrolimus, MMF= mycophenolate, ST= corticosterdildB= net health benefit, WTP=
willingness to pay, QALYs= qualtjusted lifeyears.

When compared to the ITT unadjusted analysis, the IPCW adjustedftadiveness results show a

noticeable mpact of realworld nonadherence orthe incremental resultsFor lowdose cyclosporine
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versus standardlose cyclosporineegimensanincreaseof 8.1% in incremental costad a reduction

of 88.2% in incremental QALYere found compared to the ITT unadjusted analyBiw tacrolimus

versus lowdose cglosporine regimens, an increase of 20.1%maremental costind a reduction of

10.8% inncremental QAL Ywere found from the realvorld adjusted estimatesompared to the ITT

unadjustedanalysis

6.8.2.3 Adherencedjusted coseffectiveness results from sensitivity analyses

Table30 present the IPCW adjusted cesffectiveness results from the sensitivity analyses with the

results from the adjusted basgase analysis provided at the top of the table from compariddwe

table also shows the percentage change in NHBs in the adjustdgssicompared to the ITT analysis.

The case study findingslemonstratad that accounting for realorld adherence levels lead ta

reduction in the expected health benefits when adherence levels in thewedd are worse than

those observed in the t

Table30: Net health benefits and incremental costs and QALY's from sensitivity analyses

rial

Total

Total discounted NHB Incremental | Incremental| % Change
Regimen discounted cost QALYs (WTP £20K costs QALYs in NHBs
Basecase analysis (IPCW adjusted)
Bas+Tac+tMMF+ST £93,259.20 10.9419 6.2790 - - -2.80
Bas+CsA+MMF+ST £100,697.51 10.9150 5.8801| £7,438.31 -0.0270 -3.63
CsA+MMF+ST £105,407.90 10.7455 5.4751| £4,710.39 -0.1695 -4.82
Sensitivity analysis: Usidifferential reatworld nonradherence levels
Bas+Tac+MMF+ST £92,512.17 10.9522 6.3266 - - -2.06
Bas+CsA+MMF+ST £100,095.06 10.9218 5.9170| £7,582.89 -0.0304 -3.02
CsA+MMF+ST £104,925.53 10.7489 5.5026| £4,830.48 -0.1729 -4.34
Sensitivity analysis: Assuming perfect adherence betwe8m®nths
Bas+Tac+MMF+ST £93,149.31 10.9586 6.3012 - - -2.46
Bas+CsA+MMF+ST £100,615.43 10.9301 5.8993| £7,466.13 -0.0286 -3.31
CsA+MMF+ST £105,285.48 10.7604 5.4962| £4,670.04 -0.4031 -4.45
Sensitivity analysis: Adjusting for nadherence between-42 months only
Bas+Tac+tMMF+ST £93,172.47 10.9473 6.2886 - - -2.65
Bas+CsA+MMF+ST £100,551.69 10.9213 5.8037| £7,379.22 -0.0260 -3.41
CsA+MMF+ST £105,233.75 10.7513 5.4896| £4,682.06 -0.4040 -4.57

NHB= net health benefit, WTP= willingness to [Bas=basiliximab, TAC= tacrolimussA= cyclosporine,

MMF= mycophenolate, ST= corticosterqi@ALYs= qualitgdjusted life years. IPCW= inverse probability of

censoring weighting.
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6.8.2.4 Adjusted coseffectiveness results from SNFTM gitstimation

Table31present the adjusted cosffectiveness results from the SNFTM secondary analsistable

shows the percentage change in NHBs compared to the results from the ITT anEgsigsults are

very close to the IPCW estimates (see Se@i8.2.

Table31: Net health benefits and incremental costs and QALYs from SNFTM adjuesiesils

Total Total

discounted discounted NHB Incremental | Incremental| % change
Regimen cost QALYs (WTP £20K costs QALYs in NHBs
Bas+Tac+MMF+ST £93,979.35 10.9443 6.2453 -3.32
Bas+CsA+MMF+ST £100,720.43 10.9299 5.8939| £6,741.08 -0.0143 -3.40
CsA+MMF+ST £105,617.05 10.7555 5.4747| £4,896.62 -0.1744 -4.83

Bas= Basiliximabad= tacrolimus, MMF= mycophenolate, ST= corticosterdit$B= net health benefit, WTP=
willingness to pay, QALYs= qualijusted life years.

6.9Discussion andonclusions

6.9.1 Summary of findings from the case study

The case study applied thengethods (IPCW and SNFTM) for estimating the adheradpested cost
effectiveness of immunosuppressive therapy among adult kidney transplant recipients in the UK. The
analyss used individuapatient level data from SYMPHONY (a large multicentre RCT with data from
1,190 patients) combined with realorld implementation noradherence levels for assessing three
immunosuppressive regimens commonly used in the UK. The regimesessad consisted of
tacrolimus as the maintenance

standarddose cyclosporine, lowose cyclosporine and

immunosuppressants for which the n@aherence adjustment was applied in this analysis.

In this case study, graft survival functions wereestimated by applying the gnethods on the
SYMPHONY dataset. TREW adjusted estimates were used in the beage economic analysis with
SNFTM used in a secondary analysis to show how this adjustment method could be applied in real
data. Further sensitivity analgs were performed using three different ways to deal with ©on
adherence data recorded during the first 6 months pwansplantation. The analyses used the CV%
which was calculated from the trough levels data recorded in the SYMPHONY trial and comdsieed th
with realworld adherence levels to predict neadherence for each individual patient in the trial
dataset. Realorld adherence was predicted by using a new-affitpoint for CV% above which
patients were classified as nadhered such that the ovedaprobability of noradherence in the
predicted dataset matches the levels observed in the real world. Causal analysis-osatigpgs was

then applied to produce the adheren@ajusted effectiveness estimates. Subsequently, the adjusted
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effectiveness egtiates were used in an adapted economic model to produce the adheradjosted

costeffectiveness of the alternative immunosuppressive regimens.

The costeffectiveness results generated from the adjusted analysis were compared with estimates
from the unagusted ITT analysis of SYMPHONY trial data. The key findings show that unadjusted ITT
analysis overestimates the NHBs and underestimates the total cost for all regimens. As an alternative
approach, the gnethods provides a practical framework for corregtinhe costeffectiveness
estimates by taking into account the reabrld adherence levels for each regimen. The case study
demonstrated that it is possible to incorporate different levels of #gatd adherence using the-g
methods This provides better co®ffectiveness evidence for resource allocation decision making
relating to maintenance immunosuppressive therapy by taking into account theirwaerd
adherence levels. This analysis framework is potentially transferable to other disease areas where

non-adherence to the prescribed dosing regimens is identified as an issue.

The key findings of the case study show reduced net health benefits and increased costs per patient
for the alternative regimens when realorld implementation noradherence levels are taken into
account in the coseffectiveness analysis. The findings destrated that using estimates of
treatment effectiveness adjusted for realorld nonadherence alters the results in terms of total
lifetime discounted costs and QALYs and incremental costs and QALYSs, althought¢fffectdatness
conclusions have nohanged in this particular case study. The tacrolimus regimen remains the most
costeffective immunosuppressive therapy in kidney transplantation, although the NHB estimated by
the IPCW adjusted analysis is predicted to be smaller by 0.0596 QALYR @ higher cost per
patient compared to the standard ITT analysis when the-neald adherence levels are taken into

account.

Theanalysis showed that thadjustment methods make graft survival worse by accounting for the
potentially higher levels of therpdictedrealworld non-adherence. This is consistent with the whole
hypothesis that adherendevels in the real world are worse than trials and by accounting;fare
expect the treatment effecvenessto be worse than the ITT estimates. This is denrasd by the
findings of tle case studyresented in thi€hapter.The findings demonstrate thataounting for real

world non-adherence inthe SYMPHONTYfial dataset resulted in reductions in the expected graft
survival times by about-8 daysdepending on the treatment groupluring the first 12 months post
transplantation.The impact on costffectiveness was reduced net health benetitith a higher cost

per patient when the realworld adherence levels are taken into accourbr lowdose cyclosporine
versus standargiose cyclosporine, the impact amounted to an 8.1% increase in incremental costs and

88.2% reduction in incremental QALYs compared to the unadjusteahidlysis. For tacrolimus versus
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low-dose cyclosporine regimengidincremental cost per patient was higher by 20.1% with a 10.8%

reduction in incremental QALYs compared to the ITT estimates

In the economic model, the knoan effects of noradherenceon costs are more likely to come from

the worse outcome, which may result in higher total costs. This happens automatically in the economic
model because people move to a different health state that has higher costs (e.g. graft loss health
state) and a lowr utility in terms of quality of life as a result of moving to kidney dialysis intensive

treatment on a regular basis.

6.9.2 Strengths and limitations of the case study

There are strengths and limitations of this case study. The main strengths includeplieatqn of

the adjustment methods (selected based on the new evidence of performance from the simulation
study reported in Chapter 5) using data from a large ‘aetiducted RCT using data from 1,190
patients with 12 months follovup. The SYMPHONY triataset included the variables of interest
required for the application of-gnethods including measurement of the important baseline covariates
(age and gender), timdependent confounders (BMI and acute rejection) and a ttmevent
outcome (i.e. time tayraft loss). Based on the DAG (described in Se6tid), it seems the important
time-dependent confounders were collected in SYMPHONY; and therefore, the agsurapino
unmeasured confounding is likely to be met. This is an important point for consideration in the design
of future studies intending to adjust for neadherence. Data on patient survival (time to death) was
also available in the SYMPHONY datasdthis allowed for estimating the probability of graft survival

censored for DWFG to match the parameters used in the adapted economic model.

The availability of individual patietével records on trough levels for the three immunosuppressants
measured 810 study protocol visits as well as extra visits to clinics allowed for thevadd non
adherence to be predicted in a way that takes into account the relationships between adherence and
important prognostic characteristics observed in the trial. Ehiesluded time updated BMI and acute
rejections. Recent estimates of reabrld adherence levels using CV% from two UK studies that
assessed SYMPHGO#tYle tacrolimus and lowdose cyclosporine regimens provided the data required
for predicting realworld adherence within the SYMPHONY dataset. This allowed for the planned
causal analysis to be performed on a randomised dataset for producing valid adhejonsed
effectiveness estimates (i.e. the intended estimates) to populate the economic model. Another
important strength of the case study was using an adaptation of a validated economic wiadal
underpinned the recent update of NICE Technology Appraisal guidancenmunosuppressive

therapy for adults in the UKT A181).12°
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There are some limitations of the cases study. The CV% was used as a measure of adherence in the
case study, although it is not the perfect or most recommended measure for implementation
adherence and this may be considered as a limitation. The main réasosing CV% in this case study

was that trough levels was the only adherence data measured in the SYMPHONY trial, tindeed

also influenced the choice of CV% as a measure ofveddl adherence so that the prediction within

the SYMPHONY dataset abbke performed. Moreover, CV% is commonly used and well accepted as

a proxy measure of adherence in many disease areas including kidney transplantation. T iceal
estimates of standardlose cyclosporine were not identified from the review and this assumed

similar to the lowdose cyclosporine which is a conservative assumption.

When considering the generalisability of the findings from this case study to adjust fadi@mence
beyond kidney transplantation, a range of adherence measures ardableaifor consideration
depending on the disease area, type of medications assessed and study population. Based on
preliminary findings from an ongoing ESPACOM¢rational Society for Medication Adhererjce

Delphi panel, the following adherence measures recommended for each type of naadherence*®

1 Initiation adherence: prescription refill data or questionnaires
1 Implementation adherenceElectronic monitoring devices (eldedication Event Moitoring
SystemMEMS)

1 Persisence adherence: questionnaires Medication Possession Ra{ldPR)

Initiation and persistence types of n@uherence are generally expressed as binary variables derived
from the abovementioned measures, and these couldipglémented for adjusting effectiveness and
costeffectiveness in a similar way applied in the simulation study (Chaptesy. 4Vhile
implementation noradherence data such as trough levels could be analysed to derive a binary
variable asappliedin this cae study, alternative approaches might be needed to transform data
collected by other types of adherence measures, such as MEMS, to a binary variable to allow for

adjustment methods to bapplied

Anotherlimitation associated with using CV% is the aptlit use a different measure of adherence to
predict realworld adherence levels within the randomised data3éte approach used was discussed
with clinical advisors and they considered that it would provide a realistic prediction eivorkl
adherence within the trial dataset. However, this approach implicity assumes that the
pharmacokinetics data collected in thedris a good predictor of realorld adherence (patients with
higher CV% in the trial are more likely to become-adherent in the realvorld) which may not hold.

It is also very difficult to assess the accuracy of the prediction and this is likely to be an issue for other

prediction methods.
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As an alternative approach, the marginal standardisation method might be considered in scenarios
where trough levels data (such as the data used in this case study) is not avdildibie.marginal
standardisation method is considered a special cas¢hefgcomputation method#’” While this
method has not been tested in this case study due to the type ofmalite data available in
SYMPHONY, the method relies on predicting the marginal probabilities eddimrence for each
individual patient over the distribution of observed confounders and a counterfactual adherence level.
This could be applied settiing the probability ofadherence to a counterfactual value (reabrld
adherence) foall patientsin the RCTdataset. Thengonfounderadjustedlogistic regressionould be

fitted using the observed data momputethe predicted probabilitiesf nonadherencdor all patients

at the observed values of confounders ahe newly assigned (counterfactual) lagkence level. This

will createrealworld predicted probabilities of adherence in the Rfzfasetand thenestimates of

effectivenessould be obtained by gpying the same approach used in this case study

Another limitation relates to medication adherence data recorded in the trial during the first 3 months
posttransplantation. To calculate the CV% from trough levels in SYMPHONY, at least three data points
within each time interval (e.g.-8, 36 and 612 months postransplantation) is required to generate

a valid adherence estimate. This means for each individual patient in trial, a minimum of nine equally
distributed trough level records is required. BYMPHONY, some patients do not meet this data
requirement and as a result, missing CV% was generated for those patients. Moreover, for all patients,
the trough levels data recorded between baseline and 3 months-passplantation were discarded

based onrecommendations from published guides and discussions with two clinicians. The
implications were that all patients in the SYMPHONY dataset had missing CV% generated at the first
interval (baseline to 3 months)he decision for discarding that dateas dueto several factors
including fluctuations due to infection@nd intravenous steroid treatments? The implication of

these two related issues is that n@aherence adjushent was not applied for those patients which
effectively means assuming they adhered to implement the prescribed treatment and this should be
considered as a limitation. However, three sensitivity analyses were performed to address the issue.
The key learing point from this issue highlights the importance of collecting medication adherence
data in the trial to allow for the noadherence adjusted analysis to be performed properly and avoid

making such assumptions.

The issue of multiple medication adheae (MMA) was not addressed in this case study which could

be considered as a limitation given that multiple treatments were used within each
immunosuppressive regimen assessed in the case study. Addressing MMA in the analyses undertaken
in this case studwas not possible because adherence data for the other medications (BAS, MMF, ST)

were not collected in the SYMPHONY trial. This issue of dealing with MMA has been identified as an
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area with no consensus exists in the health economics literature as chasact by a recent ISPOR
special interest group repott® This can be considered as an area for futwsearch when it comes
to accounting for noradherence to multiple medications on the caffectiveness of prescribed

chronic medications.

Dichotomised adherence variable was incorporated in the adjusted analyses usingnithadsin

which a patient vas either adhered on not adheretiowever, there are alternative approaches used

in the health economics literature for incorporating implementation reatherence, although these
were not related to the gnethods. These include stratifying patients byeatiét levels of adherence
(e.g. >80%, 680%, or <60% as characterised earlier) and then assign reduced treatment effects for
patients with lower levels of adherence. This approach might not be appropriate given the way the
dosing schedules are designedrmintain the drug concentration with the therapeutic window to
achieve the intended therapeutic effect. In other wards for particular medications, adherence below
80% is more likely to result in a therapeutic failure rather than a reduced treatment effaid
approach was heavily criticised in the medication adherence literaMEMS is the recommended
measure of implementation adherence (based on the ESPACOMP Delphi panel) which is different from
the CV% used in this case stdtiThe analysis of medication adherence data collected using MEMS
tools is generally presented aform of percentages of tablets used over a specific time interval. Then
a cutoff point will be required to assign each patient above the threshed to a bimamadherence
variable in the same way applied in this case study using the ThW&&ey point is the requirement

for objective determination of the cendff point to avoid introducing biais the analysisHowever, this
approach has not been empiricallyssessed in this case study, and therefore, incorporating
implementation noradherence as a nehinary variable could be an interesting area for future
researchAnother related limitation ishat the censoring mechanism used in the adjusted anahass

not previously been tested. This was based on the predictedadirerence as opposed to censoring
patients who actually did not adherdo the treatmentin the trial. Further research should also
consider assessing the censoring mechanism alongside thevoelal nonadherence prediction

methods, ideally in a wetilonducted simulation study.

Although the discarded medication adherence data recorded betweeB ®onths post
transplantation could be considered as a limitation of this case study, three approaches were used in
terms of sensitivity analyses to address the issue. These analysestaagtfeat the adherence
adjusted coseffectiveness results generated from the basse analysis are robust. This indicates

that the data on CV% from SYMPHONY based on trough levels measured between 3 and 12 months
were adequate for performing the planneatijusted analyses in this case study. Furthermore, and

based on discussion with clinicians, it could be argued that most graft losses that occur at the first

234



three months postransplantation (the interval where we do not have usable trough levels data) a
more likely to be due to technical rejections rather than rewherence to the prescribed

immunosuppressive therapy.

Missing data on the baseline and tirdependent confounders could be considered as a limitation,
although this was a minor issue in t8&¢ MPHONY dataset. With age missing data of only 3.5% (42 out
of 1,190 patients) and BMI at baseline missing data of 13.2% (157 out 1,190 patients) which are evenly
distributed by treatment arm. Missing data also applies to tidependent confounders wherBMlI

was the main variable that had missing data. Nevertheless, missing data for baseline and time
dependent confounders were imputed using acceptable approaches; and therefore, the risk of
introducing bias as a result of missing data is minimal in thiscpéar case study. The data imputation
allowed for the full dataset of all patients randomised in the three relevant arms of the SYMPHONY

trial to be included in both adjusted and unadjusted analyses.

In this case study, the LOCF method was used taiiemmissing data relating to timéependent
confounders and this was considered the most appropriate option for this particular case study. To
aid transferability of this analysis for other disease areas where the LOCF method might not be
appropriate, thealternative approaches are briefly discussed here with references provided from the
methodological literature further informatiorMissing data is a commaon problem in clinical trials and
realtworld data and the methodological literature on dealing withstiisue is well establishétf:?
Guidance and tools to address the issue which could be considered including multiptaetions and

complete case analyst

Finally, subgroup analyses are commonly performed in the analysis of clinical trials; however, this was
not planned for this case study. The main issue with subgroup analysed igdls are generally not
powered to detect a difference in treatment effect based on a smaller sample size specifying a
subgroup of participants. Therefore, evidence from subgroup analysis is unlikely to be used to inform
resource e allocation decisionaking in health care. However, these subgroup analyses are commonly
used to inform future research where the technology might show potential for working better among

a specific group of the study population. In the simulation study, the performance afnhethods

was negatively affected by the small sample size leading to higher brasti®ds may also run into
convergence problems whemsmall sample size is used as observed in the simulation study. This is
likely to be the case for subgroup analyssthough this has not been assessed iis tase study (see

Chapter 5).
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6.9.3 Conclusions

Based on the analysis undertaken in this case study, a numlsenofusions can be drawn about the
application of gmethods for estimating adhereneadjusted clinical effectiveness and cost
effectiveness of prescribed chronic medications. First, adjusting foweddl implementation non
adherence for immunosuppres® regimens commonly used in the UK did result in reduced estimates

of health benefits and increased costs per patient compared to using the standard ITT estimates in
costeffectiveness analysis. The impact of re@rld nornradherence on incremental resaltwas
noticeable in this case study. For lalese cyclosporine versus standatdse cyclosporine, the impact
amounted to an 8.1% increase in incremental costs and 88.2% reduction in incremental QALYs
compared to the unadjusted ITT analysis. For tacrolivausus lowdose cyclosporine regimens, the
impact was higher in terms of increased incremental cost by 20.1% with a 10.8% reduction in

incremental QALYs compared to the unadjusted ITT analysis.

Second, gnethods provide a practical framework for incorptng reatworld adherence levels to
predict the costeffectiveness of alternative regimes using individual patienel data from an RCT
dataset. Availability of the required data including measurements of adherence to the prescribed
medications, baselinand timedependent confounding within the RCT dataset as well as data on real
world adherence levels is crucial to implementing the adhereamtjested analysis. Third, the type of
non-adherence measure (e.g. CV% based on PK dapaesents a key elemerih predicting real

world adherence in this particular case study and there is some uncertaititg prediction method
Finally, missing data, including data on adherence to medication as well as baseline and time
dependent confounding represent a risk @methods rely on data from these variables to produce
valid estimates of adhereneadjusted effectiveness and cesffectiveness resultsPredicted non
adherence between 6 and 12 months pasinsplantation was close to realorld estimates; however,
potential differences between an adherertime adjusted trial dataset, compared to an adherer in the
real world, is possible given that | had to change the CV%ftut the trial to get the desired nen

adherence.
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Chapter 7: A methodologitframework to account fahe impact of
non-adherence on the cosdffectiveness of prescribed chronic

medications

7.1lintroduction

Chapter6 presented the application aj-methods in a case study for estimating adhereacgusted
costeffectiveness of immuosuppressive therapy in kidney transplantation using data from the
SYMPHONY trial and rembrld nonradherence within an adapted economic model. Evidence
generated from the simulation study (Chapter 5) was used for selecting the appropriate non
adherence djustment methods for application in the case study. The MSM with IPCW and SNFTM
with g-estimation (gmethods) were applied in the case study. The chapter described the analytical

steps and considerations for applying thesmgthods using real data.

Thischapter presents the work undertaken Btage 4 of this doctoral research project aimed to
develop a methodological framework to account for the impact of -adherence on the cost
effectiveness of prescribed chronic medicatiohsy G KA & O2yZSEREXON aWNIKRER2
defined as a tool to guide researchers through a sequence of steps and considerations for estimating
adherenceadjusted coseffectiveness to inform resource allocation decision making in health'¢are.

The methodological framework provides a set of recommendations based on new evidence generated

and presented in this thesis complemented with existing evidence from the literature. The purpose of

the adjustment is to allow the estimation of treatment efts associated with adherence levels from

outside the trial (i.e. realorld adherence levels), and this has a direct impact on the-cost
effectiveness estimatesihe chapter aim$o answer the following research question:l 2 4 & K2 dzf R
economic evaluations¢orporate the impact of neadherence using evidence from both RCTs and

therealg 2 NI RK ¢

This chapter puts forward a sewstage methodological framework to account for the impact ofreal
world nonadherence on the costffectiveness of prescribed chraninedicationsThe framework is
relevant to the context ofsurvival analysissfudies withtime-to-event outcomes)and HTA;and

therefore, does not addresstudies withcontinuousor categoricabutcomes

The methodological framework is built on the warkdertaken in Chapters-@. It has also been

informed by other literature in the medical and health economics research fields. The latter was used
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to inform important considerations as part of the framework (e.g. study population and the impact of

non-adheence on direct drug costs).

This chapter is structured into the following sections. Sectighdescribes the methods used for
developing the methodological framework. Secti@B presents the medtodological framework
including the essential recommendations and considerations that could be followed to adjust for
patient nonadherence in future economic evaluations. Secffofiprovides the implications of the
framework for health economics analysis plans (HEAPs). SécBatiscusses the methodological

framework including the strengths and limitations and suggests key areas for future research.

7.2Methods for developing the methodological framework

McMeeken et al®? published a recent paper entitled | 2 6 Y S (i K fd@viogkdakeCokirig
RSOSt 2LISRY S @A RSy O.FhealPryreviewead 8 ioh30 fapeksPublisiid ia the
last 10 years that reported a range of approaches for developing methodological framewheks.
authorsconcluded that no formal guahce existsbut three phases wersuggested to inform the
development of future methodological frameworks based on an overall consensus on approaches
found from their scoping reviewl he development of the methodological framework presented in

this chapte was informed by that review including the thrpbase development process.

Themethods used for developing the methodological framewfotlowed the following three phases

1) identifying existing frameworks and evidence to inform tbevelopment of themethodological
framework; 2) develojmg the methodological framework;3) informing the methodological
framework using a case study on kidney transplantatitimase 3 also discusses the transferability of
the methodological framework to other disease aredd$e following subsections describthe

methodsusedfor developinghe methodological frameworkn greater detail.

7.2.1 ldentifying evidence to inform the methodological framework

The process started with identifying evidence to inform the development ofntie¢hodological
framework. This phase has two parts comprising: (a) a review to identify any existing methodological
frameworks; and (b) a review of methodological findings from Chapté<o®Rthis thesis (i.e. the
systematic review, the simulation stu@yd the case study). These two parts are described in more

detail in the following subsections.
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7.2.1.1 Review to identify existing frameworks

To identify any existing methodological framewaorks, a scoping review was conducted at an early stage
when the plan ofnvestigation for this doctoral research project was developed in 2017. The review
was based on a citation search which was undertaken using Web of Science and Scopus electronic
databases for three key papers (identified as relevant and highly cited papies literature) which
address the issue of nemdherence?® 32 °The review identified five methodological approaches used

for incorporating noradherence in cosgeffectiveness analysis as characterised by Hughes and
colleagues? In this context, d&ramework is different from an approach. A framework implies some

set of steps that need to be followed to achieve a particular outcome. In contrast, the approaches
identified by that review were all separate ways aifempting to account for noradherence in
pharmacoeconomic evaluations. These methodological approaches are pasiiyd onstructural

model designs (e.g. Markov models and Decision treesinfplementation in pharmacoeconomic
evaluations rather than on adjusting for naalherencein treatment effectiveness estimates (see
Chapter 1, Sectioh.6.2).

Given the lintations of these approaches discussed in Chapter 1 (Seclidrand 1.6), the early
scoping review concluded that no methodological framework exists. Nevertheless, the findings from
the scoping review helped in shaping the design of the systematic review of methodological papers

undertaken and reported in this thesis (Chap2gr

To update the findings from the early scoping review, a new literature review was carried out in 2021
to identify anyexistingmethodologicalframeworks A search strategy was developed and used to
identify existing frameworks for addressing patiern-adherence to medications in the context of
economic evaluation and HTA. The searcheeslucted usin@VID MEDLINE(R) and Web of Science
databases from inception to June 2021. The search used three sets of relevant terms which were
O2YO0AYSR #sXiGkKma! bisSSN¥ya F2NJ GKS TFTNI YSF2N] 0 F NJ Y
recommendations, or methods); (2) a comprehensive list of medication adherence terms similar to
those used in the methodological systematic review reported in Chapter 2 of this thesi(8)dadns

for HTA ¢osteffectiveness or economic evaluation or health technology assessmaihipf these

terms were limited to the title in the search to help identify relevant articles with a focus on
methodological frameworks to account for n@aaherence in the HTA context. The search terms used
were informed by those used in the early scoping review, complemented with additional terms based

on theMcMeeken et at>2paper.The detailed search terms used in the updated review and the results
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in terms of the number of records generated from each step oks@erches are provided in Appendix
A.

The database searches generated a total of 41 records of potentially relevant papers (MEDLINE(R) =
12, Web of Science = 29). Followingdiglication, a total of 31 potentially relevant papers was
identified. Twentyfive records were excluded at the title screening stage, and then the abstracts for
the remaining six records were reviewed. One abstract was identified as refé¥die abstract is

Sy i A lrarBelRork 6fd@ realworld economic evaluation by incorporatj implementation
parameter§ | YR 6| & 2016z8Hisivaska$dRferange abstract and no full paper reltied

the abstract was identifiedThis abstract was missed by the early scoping review but has been picked
up by the updated review because atiloinal terms that were informed by the recently published

guide were used as part of this iterative procéxs.

The abstract authors proposed a framework to allow stépe considerations of net benefits
assuming three possible scenarios (perfect world, -veadld and improved world) in terms of
implementationadherence. The proposed framework specifically aimed to aid-statye economic
evaluations using three hypothetical scenarios. The first scenario (perfect world) was designed to
predict if the treatment could be cosffective. The second scenario airogredict costeffectiveness

in realworld adherence levels. The third scenario aims to predict a situation between perfect
adherence and realorld adherence leveld. Yy § SNBaGAy It &> GKS aOf AyAaAOl
somewhere between perfect ahreal worlds was missing from this framework, because in reality that

is the starting point with trial outcomes that the analyst would want to adjust up (to perfect) or won
(to real) from.Furthermore, the authors reported using a Markov model to testirth@oposed
framework in evaluating direct hearing aid provision versus provision by referral, incorporating patient
adherence and professional uptakes as parameters in the economic model. The abstract reported cost
savings based on the predicted improvemé adherence and concluded that the framework could

help in terms of using reaborld economic evaluations to inform policy decisions.

The proposed framework falls into the category of structural approaches to incorporate adherence in
economic modelsThis is similar to the approaches identified earlier when the proposal for this
doctoral research project was developed (as discussed above). The limitations of these approaches
were discussed in greater detail in Chapter 1 (Sedtidand1.6), and these limitations informed the
motivation for undertaking this doctoral reseeln. In brief, these approaches make simplistic
assumptions about the causal relationships between-adherence and treatment effect which may

produce misleading costffectiveness estimates. This is because the impact ofadtrerence on the
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treatment effect is very complex and more likely to be determined by the interplay between several
factors including the type and levels of nadherence, the nature of the disease, the prognostic
characteristics and characteristics of the medication (e.g. PK0)it is not consistent over time

for example, a patient may start with 95% adherence in the first year, but be lower than this in the
next year.Therefore, more complex methods are needed to deal with different types of adherence

and multiple timeinvariant and timevariant confounding factors.

To investigate further, an author search was conducted to establish whether the first author of the
relevant abstract had published any methodological framework at any point in time that addresses
the issue of nodk RKSNBEY OS® ¢ KS | dziK2NJ aSt NOK gl & WirytRS NI I |
153 without any restrictions in terms of dates or other search terms. A total of 14 papers were found
by the author search and after title screening, no relevant paper reporting a methodological

framework was identified.

In summary, no existingelevant methodological framework was identified from the reviews.
Therefore, the gap in the methodological literature in terms of accounting foradrerence in

economic evaluation remains.

7.2.1.2 Recommended neadherence adjustment methods to inform the
methodological framework

The recommendation of neadherence adjustmenmethodsin the framework is based on findings
from three linked studies undertaken in this research as reported in Chap&@ed these are briefly

summarised in this section.

First, asystematic review bthe methodological literatureidentified 12 statistical methods for
adjusting estimates of treatment effectiveness for patieon-adherence The review concluded that
four methods (gmethods [IPCW, SNFTM, RPSFTM] and PKPD) appsamiore appropriate to

estimate treatment effects in the presence of rembrld non-adherence’!

Second, a simulation study assessed a subset of tmetgods (IPCW and SNFTM) and two simple
methods and excluded the RPSFTM and PKPD methods. The PKPD method was excluded, as it requires
the specification of the surrogatnal endpoint reléionship whichadds an additional layer of
complexity and uncertaintyThis needs different set of DGMs rather than those applied in the
simulation study, therefore, it was not possible to direcbmpare it with IPCW and SNFTM dinid

has been identiéd as a key area for further researcthe RPSFTM only works to adjust for non

adherence for onearm studies or studies with a placebo control arm. However, the simulation study
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was designed to assess the performance of adjustment methods in RCTs wiltiveotreatments

and hence the RPSFTM was also excluded from the assessment in the simulation study. In the end,
two gmethods (IPCW and SNFTM) and two simple methods (ITT and PP) were assessed in the
simulation study. The key findings show botimgthods are the best performing methods for

adjusting estimates of treatment effectiveness for radherence.

Third, a case study that applied the two bestrforming gmethods (IPCW and SNFTM) and estimated
the adherenceadjusted coskffectiveness of immunogpressants in kidney transplantation (see
Section7.2.3

Therefore, the methodological framework was informed by evidence from the findings of these three

linked gudies. The recommendation for using the radherence adjustment methods as part of the
methodological framework is provided in Secti@r8.4 The framework is medn G2 06S af A @S¢
updated as and when further research is done (see Seatibrd as | have not been able to cover

everything within this doctoral research project.

7.2.2 Developing the methodological framework

Sven stagesvere identifiedas key elements to outline the methobbgical frameworkThe stages

were formulated from the practical experience of applying the adjustment methods in this doctoral
research. This was further informed by the design of existing methodological frameworks developed
to address other issues to prove the quality of economic models in the HTA contékt>*The initial

outline of the methodological framework was discussed with supervisors and based on comments, a
second version of the framework was shared for further comments. The second versioe of th
framework was further discussed witttlinician(WM) and a leading expert in medication adherence
research DH. All comments received were used to update the methodological framework and the

final version is presented in thihapter.

The methoddogicalframework put forward in this thesis involves seven stagBsunderstanding the
clinical context; (2) identifyingnd measuringhe relevant types of nomdherence; (3ppecifying
other data requirementsand making assumptions explici{4) seleting the appropriate non
adherence adjustment method (5); adjusting treatment effectiveness forweald nonadherence
levels (6) considering the impact of neadherence on direct treatment costs; and (7) estimatingl
reportingadherenceadjusted ost-effectiveness of treatmentdA description of the sevestages and

the recommendations within each stagee presented inSection7.3.
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7.2.3 Informing the methodologal framework using a case study

A case study on kidney transplantation (Chapter 6) was used to jointly formulate and apply the
framework using real data. The case study was used to show how the methods could be applied in
practice to produce costffectiveness estimates adjusted for temorld nonadherence. The study
usedindividual patientlevel data [PD) from a large multicentre RCT (The SYMPHONY trial) with real
world adherence levels estimates obtained from the literature within an adapted economic model.
The case study was useditdorm the development of the methodological framework presented in

this chapter.

A key feature of the methodological framework is its potential transferability to other disease areas.
Although the framework was developed and applied to a single casg studdney transplantation,

it is transferable to other chronic diseases where +aatherence to prescribed regimens is identified

as an important issue and provided that the endpoint is tim&vent. However, largue that most
aspects of the framework auld still be appropriate for use in studies with ntime-to-event
outcomes, although the analyst will need different methods to make the-amdimerence adjustment

to the treatment effectiveness estimates (e.g. different variants-ofeghods)*°®

The methodological framework will apply to all types of faatherence as characterised by the ABC
medication adherence taxonomy (initiation, implementation, persistence), and thereiboi® fully

aligned with that widely used taxonomlyThe recommendations and considerations in the
methodological framework are generic; therefore, will apply to virtually any chronic disease with long
term use of prescribed pharmacological interventions where-adherence is identified as an issue.
However, it should be noted that the methodological framelwbas not yet been applied to other
disease areas. The application of the methodological framework to other disease areas is encouraged
and this thesis and the publications that will come out of it will form useful resources to aid the
transferability. Tis in turn will help in evaluating the methodological framewaork in practice; however,

this evaluation falls outside the scope of this thesis and represents an area for further research.

7.3A severstage methodological framework to account for the
impact ofnon-adherence on the cosffectiveness of chronic
medications

The methodological framework is presented-igure @. The stages in the methodological framework
flow diagram are linked with arrows illustrating the process that could be followed to adjust fer real

world nonadherence levels in economic evaluations. Although the stages are generally sequential in
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terms of he steps that need to be followed, iterations may be necessary as illustrated by the arrows
shown on both sides of the framework diagram ($8gure @&). The stages of the methodological

framework are described in further detail in Sectigh8.1to 7.3.7below.

The recommendations indicate specific measures that need to ntaksed on findings from this
research; whereas considerations identify important issues that may be considered with further
measures taken based on what the investigator/analyst find in their particular study. For exasple,

a recommendation, the DAG ahld be drawn in for each study to apply this framework. An example
of a consideration relates to the impact of nadherenceon drug costswhere this will be
drug/diseasespecific; so the economist should consider it and inclidé& applicable. In the

subsequent explanations, recommendations &gdicisedto make them more prominent.

The considerations and recommendations cover the whole process of designing and analysing RCTs
for adjusting for noradherence in economic evaluations. These are split into two parts: (a) Stages 1

3 coveminerecommendations for the RCT design (e.g. dagievhat adherence measure is relevant

and then collecting data on itleciding what variables are relevant and collecting data on them); and

(b) Stages & covereight recommendations for analysing RCTs after data collection and these also
apply to analymg existing RCT datasets (e.g., selecting and applying the appropriate adjustment
method to produce adherencadjusted effectiveness and cesftfectiveness estimates). Therefore,
considerations and recommendations covered in Stag@sshiould be undertake at an early stage,

ideally when the study is designed to ensure that the data required to perform the adherence
adjusted analysis is collected correctBome recommendations in Stage 3 are relevant to both study

design and analysis and therefore theas are pointing to both pastin the framework diagram.
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Figure64: A severstage methodological framework to account for the impact of-adherence on
the costeffectiveness of chronic medications in the context of fioaevent outcomes
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