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ABSTRACT

Pharmaceuticals are most commonly studied in randomised controlled trials (RCTs) against
a control arm (either active, or placebo). On occasions however treatments are licensed
exclusively on the basis of uncontrolled study data - this thesis investigates how comparative

effectiveness can be estimated under such circumstances.

The role of RCTs in the approval and estimation of comparative effectiveness in
pharmaceuticals is discussed, as well as potential methods for analysis where RCT data are
not available. A review of all drug approvals from 1999-2014 by the European Medicines
Agency and the US Food and Drug Administration is then presented. Performing literature
searches in the majority of cases (80%), historical controls have been the primary source of
estimates of comparative effectiveness, frequently without attempts to adjust for differences

between studies.

Given the high usage of historical controls, | focussed on the role of adjustment. This
included a simulation study to understand where the method of Matching Adjusted Indirect
Comparison (MAIC) is likely to be of use, looking specifically at the effect of model
misspecification. Three novel methods (with practical examples) for the creation of historical
controls are then presented; using extrapolation from the previous line of therapy, using non-

responders to therapy as a surrogate, and comparingtoa pati ent 6s own pri or

The conclusion of the work is that there are clearly situations where RCTs cannot, or will not
be used i regardless of the statistical issues this raises. In such cases by proactively
identifying appropriate historical data, and using appropriate analysis methods i the
downsides can be ameliorated, at least in part. A flowchart presenting the available methods
(split by data access) is presented.

Further research is required on the appropriateness of different sources of historical control
data (e.g. registries versus RCT arms), and how to synthesize multiple estimates of

effectiveness (e.g. multiple MAICs).
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some combination of the above. Despite my occasional grumpiness and absence, they have

been brilliant in offering moral support and distractionswh en | 6 véhemmeddad dndét t a
this project on lightly, but hope the end result justifies the choices made.

The final thankyou would be to those who have go
articles (and cited hundreds) from the greats in the field (Sargent, Byar, Meier, Pocock), the
diligent work of regulators at the EMA and FDA, right through to early career researchers

communicating their work in papers. Without their work, mine would not have been possible.
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PUBLICATIONS

The work that constitutes this thesis has been communicated in multiple articles published in
peer reviewed journals and two UCL research reports. Where appropriate these publications
have been highlighted at the beginning of relevant sections of the thesis. The publications
are listed below in to order in which they appear in this thesis, alongside my role in each of

the papers:

1. Hatswell, A.J., Bardou, M., Gallagher, M. & Beckerman, R. (2014) Modeling
Alchemy: The Impact of Unorthodox Trial Design on Health Technology Appraisal
Strategy. ISPOR Connections. 20 (4), 61 9.

Having (collectively) presented an ISPOR Workshop discussing some of the

issues around uncontrolled studies and other similarly complex trial designs,
such as crossover studies, we [the authors] communicated the issues as an

industry magazine article

2. Hatswell, A.J., Baio, G., Berlin, J.A,, Irs, A,, et al. (2016) Regulatory approval of

pharmaceuticals without a randomised controlled study: analysis of EMA and FDA
approvals 19991 2014. BMJ Open. [Online] 6 (6), e011666. Available from:
doi:10.1136/bmjopen-2016-011666.

Here | performed the reviews of drug approvals, performed further evidence

searching, and derived the narrative presented

3. Hatswell, A.J., Baio, G. & Freemantle, N. (2017) Research Report number 327: A
description of the circumstances surrounding pharmaceutical approvals by the FDA

and EMA from 1999 to 2014 made without randomised control trial data.
This work explains the full context behind each of the drug approvals listed in
paper 2. Having performed the review, | wrote up the findings for each of the

treatments

4. Hatswell, A.J., Freemantle, N. & Baio, G. (2017a) Economic Evaluations of

Pharmaceuticals Granted a Marketing Authorisation Without the Results of
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Randomised Trials: A Systematic Review and Taxonomy. PharmacoEconomics.
[Online] 35 (2), 163i 176. Available from: doi:10.1007/s40273-016-0460-6.
| performed the systematic reviews to identify the models, extracted the data,
summarised the results and crafted the narrative of the paper

5. Hatswell, A.J., Freemantle, N. & Baio, G. (2017b) Research Report number 326: A

description of economic models constructed for pharmaceuticals granted a marketing

authorisation without a randomised controlled trial by the FDA and EMA from 1999 to
2014.
This work explains the details of the approaches in paper 4. Having
performed the literature reviews, | summarised the evidence, and

deduplication process (as some models were presented in multiple formats)

6. Hatswell, A., Freemantle, N. & Baio, G. (2020) The effects of model misspecification

in unanchored Matching Adjusted Indirect Comparison (MAIC); Results of a
simulation study. Value in Health. Accepted for publication
doi:10.1016/j.jval.2020.02.008.

For this project | conceptualised the study, coded the simulation, designed the

scenarios to test, and analysed the results

7. Bullement, A., Nathan, P., Willis, A., Amin, A., et al. (2019) Cost Effectiveness of
Avelumab for Metastatic Merkel Cell Carcinoma. PharmacoEconomics - Open.
[Online] Available from: doi:10.1007/s41669-018-0115-y [Accessed: 25 January
2019].

My role in this project was to design (and implement) the approach to the
estimation of comparative effectiveness, as well analyse quality of life data.
The results of my work were then used in an economic model constructed by
Ash Bullement & Anna Willis

8. Hatswell, A.J., Thompson, G.J., Maroudas, P.A., Sofrygin, O., et al. (2017)

Estimating outcomes and cost effectiveness using a single-arm clinical trial:

ofatumumab for double-refractory chronic lymphocytic leukemia. Cost Effectiveness
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and Resource Allocation. [Online] 15, 8. Available from: doi:10.1186/s12962-017-
0071-x.

For this paper | conceptualised the approach, which was implemented as a
collective effort by all co-authors

Hatswell, A.J. & Sullivan, W.G. (2019) Creating historical controls using data from a

previous line of treatment i Two non-standard approaches. Statistical Methods in
Medical Research. [Online] 0962280219826609. Available from:
doi:10.1177/0962280219826609.
| conceptualised the two methods, and performed the statistical coding to
implement them. One method (use ofap at i priortthérapy data) had input
from my co-author, who built an economic model using the approach for a
NICE submission
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IMPACT STATEMENT

The experience | have gained in the research process has had an impact in many domains
of my working life. Firstly the work performed has been published, cited by others, and used
in health technology assessment (HTA) submissions. | have then disseminated the work
beyond publications having presented to academic groups, consultancies, the National
Institute for Health and Care Excellence (NICE), and pharmaceutical companies.

In the world of work, the skills | have demonstrated have increased my credibility, allowing
me to be involved in areas where | would not otherwise have had access. As a result in 2017
| left my senior role at a company of 150 people to set up my own company. Delta Hat has
six full time employees in our office near Nottingham and is named after my research
interest (the estimation of comparative effectiveness). My visibility and reputation have
meant | have been invited to serve on the editorial board of a journal (Pharmacoeconomics
Open), advise on methodology for companies & institutions, sit on a NICE committee, and
mentor students. Without starting the PhD, my life would look quite different.

Beyond the work contained in this thesis, the knowledge and skills | have gained have
enabled me to have influence in areas beyond my niche. This includes journal articles not
included in the thesissuchasane di t or i al on t hldatsweih A whicl f
was picked up by the press (Johnston, 2017; Clark, 2017). The statistical knowledge
(particularly Bayesian statistics) led to work on synthesis of utility values for health
technology assessment (Hatswell et al., 2019) which has been widely used in decision
making. Finally learning to code in the statistical software R has let me achieve things |
simply could not have done otherwise i examples include research on reducing wastage in
pharmaceuticals by rationally selecting vial sizes (Hatswell & Porter, 2018), and assessing
the convergence of models in probabilistic sensitivity analysis (Hatswell et al., 2018). | now

help organise and lecture on an annual & in HTAdworkshop.

As a return on investment, this would have been enough for me to be satisfied, however |
think the main impact has been on the quality of my output as a whole. Whilst much of this
thesis consists of (published) academic work, the reality is most of my work is consultancy
which is proprietary and ephemeral. Little trace (save the decisions influenced) remains after
even a few months, and most goes unattributed; HTA submissions do not list authors. The
skills I have gained at UCL have had a clear impact on what | deliver, and how | assess /
guide the work others produce i in this thesis three (public domain) examples are given. The
main impact will therefore be better analyses for decision making i although unlikely to be

directly attributable, it is no less real.
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ABBREVIATIONS

AHRQ Agency for Healthcare Research and Quality
AIDS Acquired Immune Deficiency Syndrome

ALD Aggregate Level Data

ALL Acute lymphoblastic leukaemia

AML Acute myeloid leukaemia

APL Acute promyelocytic leukaemia

AWMSG | All Wales Medicines Strategy Group

CART Chimeric Antigen Receptor T-cell

CHMP Committee for Medicinal Products for Human Use
CLL Chronic Lymphocytic Leukaemia

CML Chronic Myeloid Leukaemia

CPH Cox Proportional Hazards

CTCL Cutaneous T-cell lymphoma

EC European Commission

ECOG Eastern Cooperative Oncology Group

EMA European Medicines Agency

EMR Electronic Medical Records

EPAR European Public Assessment Report

EPO Erythropoietin

ERT Enzyme Replacement Therapy

EU European Union

FDA Food and Drug Administration

FM First Moments

GIST Gastrointestinal stromal tumours

GLM Generalised Linear Model

HIT Heparin-induced thrombocytopenia

HIV Human Immunodeficiency Virus

HL Hodgkinds Lymphoma

HM Higher Moments

HPCT Haematopoietic progenitor cell transplantation
HTA Health Technology Assessment

ICH International Conference on Harmonisation
ILD Individual Level Data

IPTW Inverse Probability of Treatment Weighting
ISPOR International Society for Pharmacoeconomics and Outcomes Research
1\ Intravenous

KS Kaposi 6s Sar coma

LPLD Familial lipoprotein lipase deficiency

MAIC Match Adjusted Indirect Comparison

MM Multiple Myeloma

MRC Medical Research Council

MRI Magnetic Resonance Imaging

NICE National Institute for Health and Care Excellence
NIHR National Institute for Health Research

NSCLC Non-small cell lung cancer

Ph+ ALL | Philadelphia Chromosome positive Acute Lymphoblastic Leukaemia
PSM Propensity Score Matching

PSW Propensity Score Weighting
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PTCL Peripheral T-cell lymphoma

RCC Renal cell carcinoma

RCT Randomised Controlled Trial

RDD Regression Discontinuity Design
RWD Real World Data

SALCL Systemic anaplastic large cell lymphoma
SCT Stem cell transplant

SMC Scottish Medicines Consortium
SPC Summary of Product Characteristics
STC Simulated Treatment Comparison
STS Soft Tissue Sarcoma

TKI Tyrosine Kinase Inhibitor

UK United Kingdom

us United States of America
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1 INTRODUCTION

Aspects of this introduction were published in an article in ISPOR Connections July
2014 (Hatswell et al., 2014)

The topic of my research has been pharmaceuticals without a controlled clinical trial T

treat ments

used wi

t hout

6conventi

onal 6

evidence

placebo or active treatment; how frequently has the approach of nhon-randomised studies for

licensing been taken? How have regulators approached the data? And how have

statisticians and economists modelled outcomes compared to alternative treatments?

In this context, uncontrolled clinical studies refer to clinical study programmes, where a trial

versus control (either placebo, or active) has not been conducted. This can involve a

ar m

drug - although patients may have been randomised, this is merely to different doses or

dosing schedules of the active drug with all groups receiving the intervention.

6singl e

t rprogramames whare all of the treatment arms in a clinical trial involve the study

For this reason the terminology of uncontrolled studies or uncontrolled trials has therefore

been adopted for this work as although a number of types of study are relevant (shown in

Figure 1-1), the common feature is the lack of an internal control when compared to a RCT.

Figure 1-1: A comparison of randomised clinical trials and different forms of uncontrolled clinical studies

Randomised controlled
trial

Study 1:

Intervention A

Intervention B

Randomised
uncontrolled study

Study 1:

Intervention A
Regimen 1

Intervention A
Regimen 2

Historically controlled
study

Study 1:

Intervention A

Study 2:

Intervention B

Circles denote arms of clinical studies; dotted lines denote comparisons within a single study

Observational study

Study 1:

Intervention A

In my literature search, | demonstrate that the vast majority of treatments licensed for use in

the European Union and United States (the two largest single markets for pharmaceuticals)
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are licensed on the basis of randomised controlled trials (RCTs), which on the whole, are
conducted on a double blind basis, i.e. neither the physician, nor the patient is aware of

treatment assig nment.

The use of RCTs is a key feature of most drug development programmes; although a

number of alternathverarewy ekisvidenthé, 6t here
concordance between the different systems. In general, a meta-analysis of well conducted

RCTs is placed at the top, with individual RCTs then ahead of all other forms of evidence

(Evans, 2003). Shown below is an example of a hierarchy of evidence, taken from the

Scaottish Intercollegiate Guidelines Network (SIGN, 2011).

Figure 1-2: Hierarchy of evidence, directlyr e pr oduced fr o®| &SNné&@: BAoQuoddel ine devel oper o
(SIGN, 2011)

LEVELS OF EVIDENCE

1+ + High quality meta-analyses, systematic reviews of RCTs, or RCTs with a very low risk of
bias

1+  Well conducted meta-analyses, systematic reviews, or RCTs with a low risk of bias
1- Meta-analyses, systematic reviews, or RCTs with a high risk of bias
2+ + High quality systematic reviews of case control or cohort studies

High quality case control or cohort studies with a very low risk of confounding or bias
and a high probability that the relationship is causal

2+  Well conducted case control or cohort studies with a low risk of confounding or bias
and a moderate probability that the relationship is causal

2-  Case control or cohort studies with a high risk of confounding or bias and a significant
risk that the relationship is not causal

3 Non-analytic studies, eg case reports, case series

4 Expert opinion

In this hierarchy of evidence, without a RCT, a treatment cannot be said to have devel 16
evidence. Whilst in recent years there has been a move away from strict hierarchies of
evidence (Rawlins, 2008), with increased recognition of the use of observational studies for
safety data, and non-randomised studies to confirm efficacy estimates (and demonstrate
efficacy in different risk groups), the RCT still plays a key part in the demonstration of

efficacy for new interventions (Pearce, Raman & Turner, 2015; Tugwell & Knottnerus, 2015).

To understand the limitations of single arm trials, it is therefore necessary to understand why
the RCT is paramount, the advantages the technique provides, and on which aspects other

designs cannot offer the same level of confidence in the effectiveness of treatments.
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1.1 THE HISTORY AND THEORETICAL UNDERPINNING OF RANDOMISED
TRIALS

In considering why RCTs are generally acknowledged to be the @old standardéof clinical
development (Goldacre, 2009; Kaptchuk, 2001), we must first consider the history of the

scientific process surrounding clinical trials.

Pharmaceuticals, as defined in the Oxford English dictionary, are @ompounds manufactured
for use as a medicinal drugd(Oxford Dictionaries, 2010). As such, many compounds could
be classed as pharmaceuticals, and each would have an effect on any given disease, from
the minute to the dramatic. In the Platonic world of forms (Penrose, 2006) each
pharmaceutical will have an effect on a medical condition (potentially with different effects for
subgroups of patients) that is fully known and understood. However in practice we are not
able to observe this true efficacy directly, and must instead perform studies to attempt to
characterise these effects. Through the use of investigational studies, effects can be
estimated and hypotheses can be tested, to understand whether the effect of a given
substance on a condition is positive, neutral, or negative (though absolute certainty is never

possible).

The route that has been taken in much of science, which has been used in seeking to
understand the effect of aepistegpdogy of dalsifikationd Popper 6s
(Kuhn, 1996). A hypothesis is formulated, and then observations are taken to attempt to
disprove what has been stated. This idea was originally integrated in the language of formal
statistics by Ronald Fisher, who laid out in his book d’he Design of Experimentséconcepts
such as a null hypothesis and factorial designs (Fisher, 1935). This work had a large and
lasting impact on research methodology, importantly Fisher recognised that the importance
of randomisation in ensuring the difference between groups was due to the treatment effect
and not to the selection of subjects (Stanley, 1966). This built on previous work by those
such as Galton (who first conceptualised correlation and association), (Karl) Pearson who
provided much of the mathematical framework, and along with Neyman operationalised

formal hypothesis statistical testing (Goodman, 1999).

Although various (randomised) trials had been conducted in history, the first arguably being
the testing of citrus for the treatment of scurvy by James Lind in 1747 (Milne, 2012), the
concept was first put into practice in the Medical Research Council (MRC) trial of
streptomycin for the treatment of tuberculosis in 1948, shortly after the end of the second
World War. At the time the UK was still under rationing, and suffering with both the human
and financial cost of the war. This had led to shortages of money and material, and with only

a limited amount of the potentially effective drug streptomycin available, Austin Bradford Hill
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at the MRC argued that, given the limited supply of the drug, it would be unethical not to find
out what efficacy level the drug offered. A trial was designed with patients between the ages
of 15 and 30 enrolled and given either streptomycin, or standard care (bed rest). After six
months, the death rates were 4/55 in the streptomycin group compared with 15/52 for bed
rest, thus establishing the efficacy of streptomycin (Crofton, 2006).

This growth in the use of clinical trials was also encouraged by regulators. In 1938 the US
Food and Drug Administration (FDA) mandated safety trials for new treatments, and after the
widespread use of thalidomide caused catastrophic harm to many children, from 1962 the
FDA required &ubstantial evidencebo f a dr ugébés ef f i c a@hiteJuaos, wel | as
2015). The official guidance from the FDA (and other regulatory agencies) stresses RCTs as
the most acceptable form of evidence for new treatments, comparing the experimental
therapy against a control to which superiority is to be expected (French et al., 2010). Beyond
the desire of regulators, the role of randomised trials grew with one of the strongest
proponents being Archie Cochrane, a director of the MRC and a strong advocate of the
RCT. His book d&ffectiveness and Efficiency: random reflections on health services6
advocated the use of RCTs to provide reliable evidence (Cochrane, 1972), and ultimately led

to the Cochrane Collaboration for systematic reviews.

Another notable contribution of RCTs has been to stop harmful practice, where theoretical
arguments have been in favour of a treatment working but RCT results have shown that the
treatment actually has no benefit or causes more harm than good. One notable example was
the CRASH trial, which demonstrated that in traumatic brain injury, steroids increased the
mortality rate compared to no treatment, challenging what had been standard medical
practice for 30 years on the basis of small studies and theoretical arguments (CRASH Trial
Collaborators, 2004).

In addition to RCTs demonstrating the efficacy treatments, a further factor is the harm that

can be caused by pharmaceuticals not being studied in controlled trials. This may result in

patients being given ineffective (or even harmful treatments), potentially in place of effective

therapies. The uncertainties associated with unstudied treatments is a reason for the

regul aofbnl abebd promotion of pharmaceuticals, f

have been fined large sums of money in recent years (Fugh-Berman & Melnick, 2008).

Such is the acceptance of RCTs within medicine (as seen with the place in the hierarchy of
evidence and more), even extremely rare conditions have been able to enrol for large RCTs
within short periods of time (Gaddipati et al., 2012; Prasad & Oseran, 2015). In Phase 2
studies randomisation to an internal control helps likely efficacy of treatment and thus

reducing the number of treatments that fail (expensive) Phase 3 studies. Due to this, current
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estimates are that around 28% of Phase 2 oncology trials include a placebo control (Grayling
et al., 2019).

1.2 OCONVENTI| ONALMISBODAORNDBRE BLIND TRIALS

As discussed by Fisher, Cochrane and others, RCTs have many advantages over other
forms of study. These advantages are addressed in turn below, along with how each issue is

relevant to the topic of uncontrolled studies

1.2.1 RANDOMISATION AND EXCHANGEABILITY

Randomisation provides an unbiased basis for the testing of an intervention. If randomisation
is performed correctly any differences attributable only to the role of chance 1 according to
Meier dhe role of randomization is to distribute the effects of baseline variables, both the
measured ones and those not observed, in such a way that the statistical analysis makes

due allowance for themd(Meier, 1975).

The use of randomisation therefore leads to the removal of any selection bias that could
otherwise be present. A typical example is the selection of patients based on which
treatment physicians believe may be more appropriate, which may lead to a difference in
outcomes with even an inert intervention. Although there is no conclusive evidence, data
suggests that a degree of selection bias may occur in non-randomised studies (Fellow &
Director, 2008). With randomisation providing two comparable groups, given an infinite
sample size, the difference between groups should be attributable to the difference in
treatment effect. As the sample size decreases, there is an increased role of chance in the
process; however this is calculable and allows the estimation of a probability that the
outcomeisnota Ot r ue 01 dhiing Baektoghe ests originally conceived by Neyman
and Pearson (Sterne & Smith, 2001).

When an uncontrolled trial design is employed, randomisation to a control arm is not

possible and therefore any selection bias in patients cannot be accounted for or quantified i

the trial results may be driven by the characteristics of the patients enrolled in the study,

rather than the intervention understudy.| t may be that the 6correctd c
reached, but the results cannot be relied upon to be unbiased (unlike a well conducted

RCT), and with no mechanism to verify the results seen. As previously discussed, it is

possible for uncontrolled trials to have an element of randomisation to different dosages or

administration schedules of the investigational drug (and not to a control group). This is the

most obvious deficiency of uncontrolled trials: the lack of a control group, randomised, or

otherwise. Thus, an uncontrolled trial will generate evidence of the outcomes seen with a
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treatment, but does not answer the question relevant for regulators, physicians or

economists: how well an intervention works compared to current practice.

71.2.2 BLINDING OF PATIENTS AND PHYSICIANS

A second factor in the 06i dead)d oft upgyt iiesnttshearmdld
the intervention received. When this is performed, neither the clinician nor the patient is

aware of which treatment arm the patient is assigned to, preventing any inbuilt bias for (or

against) either treatment from affecting the outcome of the study. Concerns around ensuring

that studies are blinded also lead to attention on other aspects of clinical study design, for

example the use of independent central review committees, who verify clinical measures

such as tumour size without seeing the patient, or having hints as to the assigned treatment.

Although not essential to the conduct of a good study with an objective endpoint (for
example overall survival), blinding is increasingly important when endpoints are subjective or
open to interpretation on the part of the reviewer (for example the reading of scans). Schultz
and Grimes (2002) discuss how these results may be affected.

If investigators are not blinded, their attitudes for or against an intervention can be directly
transferred to participants. Their inclinations could also be manifested in differential use of
ancillary interventions of supplemental care or treatment (co-interventions) or differential
adjustments to the medication dose. Investigators might also encourage or discourage
continuation in a trial on the basis of knowledge of the intervention group assignment. (Schulz
& Grimes, 2002:p.696)
Empirical evidence of a bias from uncontrolled studies was shown in a study by Schulz et al.,
where unblinded trials had higher estimates of treatment effectiveness than studies where
allocation was unclear. These in turn had higher estimates of effectiveness of studies that
were adequately blinded (Schulz KF et al., 1995). More recent research has seen similar
results in trials with binary outcomes, with unblinded assessors (compared to blinded
assessors) reporting substantially biased effect estimates, exaggerating odds ratios by 36%
in randomised controlled trials due to misclassification of some patients (Hrobjartsson et al.,

2012).

In an uncontrolled trial, blinding is not feasible as all patients will be receiving the treatment i
any concerns regarding bias would increase as the objectivity of the trial endpoint
decreases. This lack of blinding increases the risk of bias (conscious or subconscious). To
guard against this, open label trials often use independent review panels, which are charged

with reviewing patient information to determine the effectiveness of interventions.
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1.2.3 MULTI-CENTRE TRIALS

A third importantfactor i n a 6good qualityd study is
generalizability of results. Without this, results of any trials could be seen to be specific to the

setting in which the trial was conducted.

These specific outcomes could be linked, for example, to the types of patients at the centre
(a specialist centre may attract more complex patients), the staff and protocols used at the
centre (for example the approach to dose titration in the presence of adverse events), or to
any number of other factors that may either be observable or unobservable.

Although not necessarily subject to this limitation, uncontrolled studies are more likely to be
conducted in low numbers of patients and low numbers of centres. As such, there may also
be concerns regarding the reproducibility of study results. It should also be noted that these
concerns may apply to historical controls, a method used for comparison with uncontrolled
trial data; if patients in a historical control are all enrolled from one centre, they may not be
representative of the wider population.

1.3 MATHEMATICAL NOTATION FOR RANDOMISED CLINICAL TRIALS

The above concepts can be summarised mathematically, using notation that will be used

throughout this thesis.

The goal of medical research, through the vehicle of RCTs can be said to estimate the effect
of the interventions applied to the individuals/population of interest. For each individual 'Q
pf8 FE included in the study, the treatment indicator is denoted as “Y. The interventions of

interest will differ, and may well include a novel treatment "Y ¢, and a control Y G

Al t hough this latter is wusually termed O6control 6

represents Obest standard cared whichremay
(potentially with a placebo element). Where placebo treatments are used, these are added to
standard care, such that patients receive treatment on the study that is at least as good as
they would have done otherwise - but are blind as to whether they are receiving the

intervention.

If the outcome of the study is denoted as @, the comparative effectiveness of treatment
would therefore be defined as the population average outcomes seen with the novel

treatment

Equation 1: Population average outcomes from treatment «
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Equation 2: Population average outcomes from control J”'=

B MY ®©
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In the above equations, \I"Y 0 and\I"Y & are indicator functions, taking values 1 if the
argument is true (i.e. if the "@h individual is in the active treatment or control group,
respectively) and O otherwise. Thus, the denominators simply count the number of
individuals in each treatment arm, while the numerators select the individuals to whom either

of the treatments are applied. Typically, we are concerned with differences in these

averages to describe the effect of interest, e.g. 3 @ @ . However, other estimands of
interest may be defined (e.g. ratios or other non-linear functions).

The comparative effectiveness of treatments however is complex, as studies are conducted
in real world populations which (even assuming the same condition) have differences in both
observable and unobservable characteristics. Here the ideal would be that the patient
populations exposed to each treatment are of infinite size, and independently and identically
distributed (i.i.d). In reality this assumption can never be met i even aside from the need to
l'imit sample size, i n many cases exposur e
and characteristics. This means a more general assumption is required, that of

6exchangeabilityo.

Greenland and Robins in a seminal 1986 paper and then in a 2009 update, define

popul at exochangealdeswithorespect to an outcome measure if their outcomes would
be the same whenever they were subjected to the identical exposure historyé(Greenland &
Robins, 1986, 2009). The assumption underpinning exchangeability is that treatment
assignment is independent of patient characteristics (denoted by the vector é;;;;},
mathematically Y = . In the context of clinical studies, the matrix = (collecting the values
of the covariates for each individual) may be considered to be extremely broad, including
factors such as the healthcare system in which a patient is treated (which will vary over time
and space). Where the assumption of exchangeability is not met, the results (again using the
terminology of Greenland and Robins) are said to be confounded, which would lead to bias

in any comparison of outcomes (if not adjusted for).

An RCT seeks to achieve exchangeability by enrolling patients and having chance determine

treatment assignment, with others characteristics (both observable and unobservable)

Page 24 of 181



equally distributed between arms. Mathematically this would be shown as 0 1Y O@J—-;;;

01"Y dgk . To obtain a stable estimate of the difference in effects (which may include

efficacy, and safety outcomes) between treatments, sufficient patients, ¢, are also needed in

the study to account for variability in both patient outcomes, and treatment effect. This

number of patients is one of the key parameters for a trial sample size calculation, along with

the acceptable Type I (false positive) and Type Il (false negative) error rates. Mathematically

these are usually defined as probabilities| andf (Lachin, 1981).

The issues that may be present without RCTs would apply to many of these areas;

1

The lack of blinding implied in an uncontrolled study (where there is no alternative
arm) may be an issue if this affects the outcome assessment, leading to the non-
independence of outcome measurement and treatment assignment

In the absence of randomisation between groups and a need for cross study
comparisons, there may be differences in the characteristics of patients included in
studies (&) which may mean groups are not exchangeable i.e. are confounded, and
would be anticipated to have different outcomes; even with the same treatment
assignment. This appears to be the major concern with uncontrolled studies

Without sufficient patients, 0, there may be substantial uncertainty in the size of any
effect as the randomisation may result in a difference (due to chance) of differences
between arms; the sample size is therefore a key consideration in power calculations
for clinical trials. This is compounded if comparing between - and not within - studies,
as there is additional (potentially unquantifiable) uncertainty introduced - as raised by
(Byar et al., 1990)

In comparing across studies there may have been differences in how endpoints were
measured, for instance the type of scan or definition of progression. Should this be
the case it may be that outcomes (&) are non-comparable between studies, or at the
very least, may need to be re-estimated

Beyond the outcome measurement, studies may also report (or not fully report) the
methods used for determining outcomes; for instance having a primary endpoint of
duration of response and therefore not providing information on non-responders i
again meaning that outcome & cannot be compared between studies

If a trial is not performed across multiple centres (as is often the case with
uncontrolled studies, in being smaller), there may also be concerns that there are
structural differences which could affect a number of parameters in our model;
patients may be systematically different (affecting &), or outcome assessment may

not be the same as in other centres (affecting &)
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1.4 PREVIOUS WORK IN ASSESSING EVIDENCE WITHOUT RANDOMISED
TRIALS

There has been relatively little work in how best to assess the efficacy of interventions that
do not have randomised controlled trials. The work that has been published is discussed
below.

1.4.1 ASSESSING THE COMPARATIVE EFFECTIVENESS OF TREATMENTS
STUDIED WITHOUT A RANDOMISED CONTROL

Much of the discussion in the literature describes criteria for the acceptance of treatment
effectiveness without RCT data. To identify past work unstructured literature searches were
conducted (as no specific key words are available for this issue), combined with hand
searching the reference lists of relevant papers.

In a BMJ letter (Black, 1994), Nick Black argued that a RCT is not required in cases where
the effect size is extremely large (his example is ventricular fibrillation), where a RCT would
need to be unfeasibly large (for example rare adverse events), where long term outcomes
are needed (for example hip prostheses), where clinicians would not accept a RCT (and
observational data may convince them of uncertainty in their beliefs), and where practical or
ethical concerns make a RCT impossible (for example reorganisation of healthcare services,

or admission to intensive care).

The criteria of an extremely large effect size is similar to that proposed in the Oxford Centre
for Evidence Based Medicine criteria for acceptance of uncontrolled studies (Phillips et al.,
2009). In their hierarchy, evidence can be judged to be of the highest grade (grade 1), if it
meets the @ll / none criteriabwhere all patients experienced an outcome before the
introduction of a therapy, whereas none experience the outcome with the intervention i

death and ventricular fibrillation would meet this criteria.

Other work of relevance is that by Glasziou et al. (Glasziou et al., 2007), and considers that

interventions (not necessarily pharmaceuticals) can be deemed to be effective if the treated

and untreated observations are taken from the same pool, and there is a @ramaticérate ratio

for the intervention. The rate ratio was defined as the amount of time with the condition,

divided by the amount of time for the intervent:i
heart has stopped for 60 seconds, and is restarted within one second of a defibrillator being

used, the rate would be 60/1, i.e. 60.
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For a dramatic effect size, a rate ratio of 10 is stated to be a rule of thumb, where the effect
is unlikely due to chance or confounding variables (Glasziou et al., 2007). The authors
conclude that the most obvious candidates for their criteria being met are mechanical
interventions (where the intervention is obvious, and has a prior expectation and theory as to
why it will work), on a stable background (i.e. no varying conditions where chance may play
a part), where a dramatic improvement is made. Related to this idea of a dramatic effect size
Gerstein et al. (2019) in dismissing the use of observational data as a routine part of drug
development state that in order to believe data from observational sources, they would wish
to see a ratio of four in the effect size to minimise the risk the result is due to confounding.
Historically such values are also stated to be convincing to Austin Bradford-Hill, who stated a
20-30x effect size was unlikely to be due to chance, but a 2-3x effect size might be (Hill,
1965).

Beyond this work, the majority of existing literature relates to the use of historical controls,

which are discussed extensively in Section 1.4.3.

1.4.2 EFFECT SIZES SEEN IN OBSERVATIONAL DATA, COMPARED TO
RCTS

Work by Colditz et al., looked at the effect sizes seen with randomised and non-randomised
designs in the fields of cardiology, neurology, psychiatry and respiratory medicine. The
results of the literature review showed that studies using a non-randomised design had
larger effect sizes than unblinded RCTs, and that unblinded RCTs had larger effect sizes
than blinded RCTs (Colditz, Miller & Mosteller, 1989). A comprehensive review of the
literature found a similar pattern across 45 disease areas, with RCT results (¢ ¢ 1)1t
showing a smaller effect size than non-randomised studies (¢ p ¢)dalthough on the
whole, the studies reached the same conclusion, i.e. the treatments remained effective (or

ineffective), with the direction of effect not changing (loannidis et al., 2001).

Two similar studies have been funded by the UK National Institute for Health Research
(NIHR) and published as health technology appraisal (HTA) reports, on the effect sizes seen

when comparing randomised study designs and observational study designs.

The first report is titled &hoosing between randomised and non-randomised studies: a
systematic reviewd(Britton et al., 1998). The systematic review identified 18 treatments with
both RCT and non-RCT evidence (for example case control studies) and found that whilst
the effect sizes between the two types of study varied, there was no identifiable systematic
bias in the direction of effect. They also highlight several issues that may lead to differences

from a blinded RCT, most notably patient selection, patient preference in observational data,
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and publication bias in observational studies (which are less likely to be published than
RCTs, particularly if neutral). The authors conclude that for comparisons to be made
between studies, the patient characteristics should be well matched, and that whilst baseline
characteristics could be adjusted for, this should be done in a rigorous way.

The second HTA report (MacLehose et al., 2000) is titled & systematic review of
comparisons of effect sizes derived from randomised and non-randomised studiesdand
focusses on comparing effect sizes in two specific interventions; mammographic screening
to reduce breast cancer mortality, and folic acid supplementation to prevent neural tube
defects. The results of the review were that non-randomised studies assessed as low quality
(using a checklist) were more likely to differ from RCT evidence than high quality non-RCT
evidence (which gave approximately equal effect sizes). The authors conclude that provided
the observational evidence is deemed to be high quality (with confounding data controlled
for), these comparisons may be appropriate. However they caution against the
generalizability of their findings to other contexts as they found relatively few papers
discussing the topic (n=38), most of which were in the same diseases (cardiovascular
conditions in particular), and temper their conclusions with concerns regarding publication

bias.

Although the majority of meta-studies have concluded that effect sizes are exaggerated in
observational data, this is not a universal finding. Benson & Hartz (2000) found in 136
reports of 19 treatments, that observational studies produced similar effect sizes to RCTs. Of
the 19, only two estimates fell outside the 95% confidence interval (which statistically is
around the number that might be expected). The differences in this study may be due to
chance or the type of studies included i in specifically investigating published observational
studies (with well designed protocols to attempt to reduce bias), the issue may more lie in

the use of unconnected data and comparisons made from outcomes between studies.

Whilst these studies provide interesting information and raise valid points, they are not
directly relevant to this thesis due to the fields considered. The published work looks at
either interventions with non-RCT evidence and RCT evidence in fields with large sample
sizes and well conducted RCTs (loannidis et al., Colditz et al. & Britton et al.,), or at non-
pharmaceutical interventions (MacLehose et al.). Colditz et al. discuss this issue in their

conclusion, stating:

Studies that use external controls or an observational design occur rarely in the evaluation of
medical therapies. This may reflect, in part, the requirements of the U.S. Food and Drug
Administration (FDA) that evaluations of new therapies require randomized controlled trials.
The small number of studies in these two categories of design preclude any firm conclusion
regarding possible biases encountered with them. (Colditz, Miller & Mosteller, 1989:p.451)
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As this work is aimed at precisely those treatments approved without RCT evidence, the
published literature will inform the approach, but cannot necessarily be generalised to these
cases where RCT evidence is not available for a variety of reasons i it is precisely these

&mall numbers of studies6in which | am interested.

| 1.4.3 HISTORICAL CONTROLS

The use of O6historical control sé appears to be
with the different aspects of their use discussed in turn.

51.4.3.1 ORIGINAL USAGE OF HISTORICAL CONTROLS

| The first use of a historical control | have been able to find (relating to medicine) was in

1884.At t he ti me a condi trifedghnoughatthe dapabdseArmylarer i 6 was
Navy, disabling (and killing) personnel, massively reducing the effectiveness of the services.

The previous year, the Japanese naval ship Ryujo was on a training voyage which resulted

in 45% of sailors falling ill (and 25/376 die). In order to prove his theory that the cause of the

disease was not a virus or ethnic link (as was commonly believed), but linked to the diet of

crews - the true cause being a deficiency in vitamin B1 - the vice-director of the Naval

Medical Bureau, Kanehiro Takaki, persuaded the Japanese emperor to let him control the

diet of a ship to prove his theory (Simpson, 2014).

To prove that protein deficiency was the cause of the beriberi, Takaki took the ship Tsukuba

on a training mission, using the same route and schedule as the ill fated Ryujo (but one year

later) in order to minimise the potential for differences. Of the 333 sailors onboard, only 14

developed the condition (all of whom had not been eating their rations properly). The impact

was profound - 1878-1883 saw a mean of 1586 cases of beriberi, which fell to 41 in 1885

the year after Takaki §,8intl8& and then waeso thetreafter n st r at e d
(Sugiyama & Seita, 2013; Takaki, 1906; Simpson, 2014). In recreating the original conditions

as much as possible to minimise confounding, Takaki had effectively used the voyage of the

Ryujo as a historical control to demonstrate the effectiveness of his intervention (barley

added to rice).

The first formal usage of a historical control was published by Pocock (1976), suggesting
that historical data from similar patients could be used to either add power to new trials
(reducing the sample size), or provide a control group for a uncontrolled study. Pocock then

defined similarity to be the historical control having met the following criteria:

1. Such a group must have received a precisely defined standard treatment which must be
the same as the treatment for the randomized controls.
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2. The group must have been part of a recent clinical study which contained the same
requirements for patient eligibility.
3. The methods of treatment evaluation must be the same.
4. The distributions of important patient characteristics in the group should be comparable
with those in the new trial.
5. The previous study must have been performed in the same organization with largely the
same clinical investigators.
6. There must be no other indications leading one to expect differing results between the
randomized and historical controls. For instance, more rapid accrual on the new study might
lead one to suspect less enthusiastic participation of investigators in the previous study so
that the process of patient selection may have been different. (Pocock, 1976:p.177)
The work then lays out several examples with trials conducted by the Eastern Cooperative
Oncology Group in melanoma within a short time period. By using data from the historical
controls as well as randomized controls, the sample size needed for a new study can be
greatly reduced, assuming the historical controls are indeed exchangeable with new

patients.

In the article, Pocock is also mindful of the potential for bias (suggesting methods to reduce
the effect size in the historical control for perceived bias) and stating that due to the absence
of a control arm, there is no way to be certain that the groups are comparable. His
conclusion is that the results of historical comparisons should be viewed as a tool to allow
the estimation of effect size from uncontrolled studies, but not being as reliable as RCT

evidence.

1432 THE APPROPRIATENESS OF COMPARISONS USING HISTORICAL
 CONTROLS

| Historical trials have been long suspected of ecological bias and &tage migration§ where
due to advances in diagnostic technology patients are diagnosed earlier - for example from
Magnetic Resonance Imaging (MRI) detection of lesions, rather than clinical diagnoses. The
effect of this artefact is a seemingly improved prognosis for all stages of disease in the
absence of any actual change (Sormani, 2009). Due to issues like this, several studies have

investigated disease areas where both RCT and historical control information are available.

The first study of this type identified was published by Sacks, Chalmers & Smith. For the six
therapies investigated, 50 RCTs and 56 historically controlled trials were identified. In 79% of
historically controlled trials the intervention was found to be effective, compared to only 20%
of RCTs (Sacks, Chalmers & Smith Jr., 1982). The authors highlight that the results with the
intervention were similar between studies, but that it was the control arm which
underperformed in the historically controlled trials i speculating that a bias in patient

selection may be the cause of the discrepancy.
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Diehl & Perry investigated the same question looking at overall survival or relapse free
survival in oncology, finding 43 examples in the literature of well-matched historical cohorts
and RCT control groups. However when comparing the outcomes of the two groups, 18 of
the 43 studies had a greater than 10% difference in effect size between the control groups i
the randomised group performing better on 17/18 occasions (Diehl & Perry, 1986).

The appropriateness of historical controls was also raised indirectly in a comparison of
outcomes from a study comparing the results of Phase 2 and Phase 3 studies using identical
chemotherapy regimens. Of the 43 chemotherapies identified, the mean response rate was
12.9% higher in Phase 2 studies indicating that the role of chance and selection bias is
notable (Zia et al., 2005). In paediatric oncology, Moroz et al. found a similar result using 42
studies identified in the literature where historical data had been used to calculate the
sample size and power of the study. They found that the randomised control (of the same
intervention) had a median improvement in outcome of 5.0% over the time to event data
from the historical control group (Moroz et al., 2014). The paper does not attribute the
difference in outcomes to the selection criteria, improved standard of care, or drift over time,

simply remarks on the difference.

Where there may be differences in historical cohorts, other research has been conducted in
the development of tests for use with historical controls (for example for futility in the case of
superior treatments), with the authors suggesting stratifying patients by key characteristics

S0 as to provide a similar patient group to the historical control (Wu & Xiong, 2016).

Given these known issues, a simulation study by Tang et al. (2010) establishes that only a
small @riftdin patients over time is needed for false positives to occur in the estimates of
effect size. Similarly the typically smaller sample size used in uncontrolled studies is also
listed as a potential source of error due to chance, though even increasing this sample size

does not counter the issues should the underlying control data have changed over time.

The most directly relevant and perhaps concerning study however comes from Snyders et
al. (2019), who performed a systematic review and meta-analysis of the outcomes of all
docetaxel arms in advanced non-small cell lung cancer trials over a 17 year period; this
amounted to over 10,000 patients from 63 studies. They found substantial heterogeneity in
the outcomes, with response rate ranging from 0-26% (pooled estimate of 8%), and PFS
ranging from 1.4 to 6.4 months (t h meardof the mediandéwas 3.0 months). The paper
indirectly also gives an idea of the @riftéseen in outcomes, with each year seeing an
improvement of 0.3% in response rate, and 0.5% improvement in PFS T with similar results

seen with changes in overall survival.
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Although there appears to be no confirmation that historical controls are appropriate for
naive comparisons (and multiple sources to suggest they are indeed, inappropriate), recent
work in the area has suggested the creation of a cross-industry historical controls database
(Project Data Sphere, 2015; Desai et al., 2013). The aim for this project being the use this
(ig datadto emulate trials (Hernan & Robins, 2016). Other work has investigated how best to
adapt estimates for perceived bias, or according to mean estimates of bias in study design
(Turner et al., 2009).

This litany of issues relating to historical controls is recognised in existing guidance for the
use of uncontrolled Phase 2 oncology studies (Rubinstein et al., 2009; Seymour et al., 2010)
where the suggestion is made to attempt to create a similar group based on observable
characteristics using data from large meta-analyses, such as that by Korn et al. in melanoma
(Korn et al., 2008), to avoid the potential for differences between stages. In part due to the
issues in creating unbiased comparisons, there have also been a number of papers
discussing the role of randomisation in Phase 2 studies i even if not used for registrational

purposes (Rubinstein et al., 2009; Grayling & Mander, 2016).

1.4.4 METHODOLOGIES FOR THE USE OF OBSERVATIONAL DATA IN
ESTIMATION OF EFFICACY

Whilst | am interested in the estimation of efficacy where RCT data are not available, there is
a degree of overlap with methods for the estimation of efficacy using observational data. The
research in this area is more developed, with methodologies such as propensity scoring
used to estimate safety risks and efficacy using large datasets in areas such as

cardiovascular disease (Freemantle et al., 2013).

In the terminology used for this form of observational data, Mathes & Pieper (2017) draw an
important distinction between the different forms of historical studies. In their work they are
careful to discuss the difference between case series (where all patients receive an
intervention) and cohort studies (where different patients will receive different interventions,
allowing for cross group comparisons). The implication here being that the use of
appropriate methods may allow for unbiased estimates to be drawn from cohort studies,
whilst comparison between case series will necessarily include a further level of uncertainty

from between study comparisons.

Two key review papers in this area outline available methodologies - Rovithis (2013)
conducted a literature review of all methods used to estimate effectiveness based on
observational data. This work was conducted as a part of a wider review to investigate

interventions in neonates (where limited evidence is generally available) and limits itself to
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looking for evidence of matching (in different forms), regression analysis, propensity scores,
instrumental variables, as well as difference-in-differences approaches, looking in particular
where these methodologies have been used in cost-effectiveness analyses and finding few
applications; 43 in total. The majority of the studies identified were for medical or surgical
interventions, and mostly used retrospective observational data. None were analyses of

pharmaceuticals.

A more complete analysis is presented in NICE Technical Support Document 17 (Faria et
al., 2015), which discusses the methodologies available to be used for the estimation of
treatment effects when using observational data when individual level data (ILD) is available
for both datasets. Following a review of all the methodologies available, recommendations
are made on when each methodology is appropriate in the form of a (3 part) flow chart;

Figures 1-3 in the document.

The methods suggested are discussed below, in terms of their suitability for use with
uncontrolled studies. In addition several additional methodologies or approaches not
highlighted by Faria et al., but that are also relevant, are presented.

1.5 THE ROLE OF UNCONTROLLED STUDIES IN DRUG APPROVALS

Work from the International Conference on Harmonisation of Technical Requirements for

Registration of Pharmaceuticals for Human Use (ICH), a multi-regulator consortium to set

standards for drug approval across all participating nations, sets the standards for what

evidence is expected. Due to the limitations of uncontrolled data, the ICH E10 guidelines

(Choice of Control Group in Clinical Trials) state that a control group should be used o allow

di scrimination of patient outcomesé caused by th
other factors, such as the natural progression of the disease, observer or patient

expectations, or other treatmentd(ICH Harmonised Tripartite, 2000:p.6). This recognises the

issues raised by Pocock and others regarding the comparability of historical data, with the

ICH expressing:

serious concerns about the ability of [historically controlled] trials to ensure comparability of
test and control groups and their ability to minimize important biases, making this design
usable only in unusual circumstances (ICH Harmonised Tripartite, 2000:p.7)

The ICH guidelines do discuss the appropriateness of trials without a control group. In the
absence of formal mechanisms for effectiveness with the conclusion of the ICH regarding

control groups is that:

In unusual cases, the course of illness is in fact predictable in a defined population and it may
be possible to use a similar group of patients previously studied as a historical control (see
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Section 1.3.5). In most situations, however, a concurrent control group is needed because it is
not possible to predict outcome with adequate accuracy or certainty (ICH Harmonised
Tripartite, 2000:p.6)

The unusual cases it describes as being appropriate for uncontrolled studies are described

below.

1.51 60OBVI OUSNESS®O

Whilst randomised trials do have advantages, it has been noted that a degree of medical
knowledge is supported by only observational data, some of which is given greater weight
than data supported by well conducted randomised trials, meta-analysed together. Examples
of such knowledge as cited by Glasziou et al. (2007) involve the causal role of acetylsalicylic
acid in Reyes syndrome, and the role of a third copy of Chromosome 21 in causing Down

syndrome.

Similarly, there is a number of interventions either approved or in widespread use due to the
6obviousnessd of itrhceliuwdeeflfa scearc yt.h eTrhaepsye f or Oport
and ganciclovir for cytomegalovirus retinitis T all patients untreated went blind, whilst treated

patients did not (Rawlins, 2013). A humorous article in the British Medical Journal by Smith

& Pell (2003) describes a systematic review for the effectiveness of parachute use to prevent

injury from 6gravitational challengeo, under | ini
effective are necessarily studied in randomised trials. This is reflected in the ICH guidance,

which states:

In some cases sensitivity to drug effects is clear from the consistency of results of prior
placebo-controlled trials or is obvious because the outcome of treated and untreated disease
is very different. For example, in many infectious diseases cure rates on effective treatment
far exceed the spontaneous cure rates over the course of a short term study (ICH
Harmonised Tripartite, 2000:p.13)
The obviousness of treatment efficacy is difficult to ascertain with a degree of judgement
needed as to the implication of results. This also relates to the difficulty of knowing whether
an intervention wor ks aG@lakziou étal., 20070 gs wedlasdthedr at e r at

Sackett all / none criteria (Phillips et al., 2009).

In this way, previously published evidence and a well understood disease pathway would be

relevant i a progressive disease such as retinitis is a much better candidate for an
uncontrolled trial than relapsing-r e mi t t i ng condi tions such as Croht
sclerosis i the ICH give similar examples of conditions where uncontrolled studies are not

appropriate:
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such conditions tend to include those in which there is substantial improvement and variability
in placebo groups, and/or in which the effects of therapy are small or variable, such as
depression, anxiety, dementia, angina, symptomatic congestive heart failure, seasonal
allergies, and symptomatic gastroesophageal reflux disease (ICH Harmonised Tripartite,
2000:p.13)

1.5.2 CLINICAL EQUIPOISE

One issue in the design of clinical studies is that of clinical equipoise, which relates to the
ethics of conducting a controlled trial. This problem was described by Freedman et al. (1987)
as a clinician having genuine uncertainty regarding which treatment is superior. His
conclusion (which mirrors that of other literature) is that as soon as the consensus is
reached that one treatment is superior, this is the treatment that should be offered to
patients, with the inferior treatment phased out.

The issue of clinical equipoise manifests itself in different ways, depending on the condition
considered

I Where a standard of care exists, it determines that this standard of care should be
the comparator used in a clinical trial, until the trial confirms either the new
intervention or the standard of care t
the two). By entering the trail however patients would receive treatment, and not be
disadvantaged.

1 Where no standard of care exists to compare against, then an uncontrolled study
may be the ethical choice. This can occur where a new intervention is to be trialled
after existing proven therapies have failed (and re-challenge is unlikely to be
effective), or the practitioner has reason to believe the new therapy has greater
chance of being effective (implicitly this means outcomes without treatment must be
poor).

1 A further argument can be made that a placebo control would be unethical if there is
an immediate threat to life, and thus if no active therapy with evidence of efficacy is
available (or off label treatment), then again an uncontrolled study may be the
appropriate choice (Ellenberg & Temple, 2000; Temple & Ellenberg, 2000).

The discussion of whether clinical equipoise is met is, in many ways, an extension of the
discussion on whether new drugs should be compared to placebo or an active therapy.
Whilst there is continuing disagreement regarding the ethical arguments for clinical
equipoise (and indeed placebo controls), it would appear that the status quo of a preference

for placebo controlled trials is ethical in restricted set of circumstances, with a placebo being
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inappropriate if patients are put at risk of a well understood, substantial (and irreversible)

harm from not being treated immediately with an effective therapy (Miller & Joffe, 2011).

The issues concerning equipoise are reflected in the ICH guidelines, which implicitly include
a description of equipoise within the discussion of ethics, stating:

For example, deferred treatment of pain or other symptoms may be unacceptable to patients
or physicians and they may not want to participate in a trial that requires this. Whether a
particular placebo controlled trial of a new agent will be acceptable to subjects and
investigators when there is known effective therapy is a matter of investigator, patient, and
institutional review board (IRB)/independent ethics committee (IEC) judgment, and
acceptability may differ among ICH regions (ICH Harmonised Tripartite, 2000:p.16)

This is similar to a statement included in FDA guidance on endpoints in cancer trials for
when single arm trials are appropriate, though noting the limitations of these studies:

In settings where there is no available therapy and where major tumor regressions can be
presumed to be attributed to the tested drug, the FDA has sometimes supported ORR and
response duration observed in single-arm studies as substantial evidence supporting
accelerated approval. Response rates have been used in settings such as acute leukemia for
regular approval where complete responses have been associated with decreased
transfusion requirements, decrease in infections, and increased survival. Single-arm trials do
not adequately characterize time-to-event endpoints such as survival, TTP, or PFS. Because
of variability in the natural history of many forms of cancer, a randomized study is necessary
to evaluate time-to-event endpoints. (Food and Drug Administration, 2007:p.11)
Equipoise however is however not something that can be objectively measured, and will vary
depending on the context and belief in the intervention being discussed. This difficulty is
highlighted in paper in the Journal of Clinical Epidemiology which combined reported data on
lion attacks with his observed frequency of umbrella carrying and lion attacks in the US
(Anderson, 1991). In his (statistically significant) finding that umbrellas prevent lion attacks,
he states on the possibility of conducting a randomised trial @’he study would have been
unethical for me anyway, as | would not want to subject any participants randomly to the risk

of being umbrella-less in the presence of a liond

1.5.3 THE BENEFIT-RISK OF TRIAL PARTICIPANTS AND PATIENTS

Another issue that may lead to the use of an uncontrolled study for the basis of a new drug
application is related to the risk to participants of being included in a trial. The ICH Guideline

E10 describes this issue as:

Use of a placebo control may raise problems of ethics, acceptability, and feasibility, however,
when an effective treatment is available for the condition under study in a proposed trial. In
cases where an available treatment is known to prevent serious harm, such as death or
irreversible morbidity in the study population, it is generally inappropriate to use a placebo
control. There are occasional exceptions, however, such as cases in which standard therapy
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has toxicity so severe that many patients have refused to receive it (ICH Harmonised

Tripartite, 2000:p.16)
An editorial by Emmanuel and Miller (2001) in the New England Journal of Medicine
encourages the sample size included in a study to be thought of as the number of people put
at risk to gain information. In some cases, should there already be deemed to be sufficient
information, a controlled trial may be deemed inappropriate due to the harm caused to
patients of being untreated, and the value of information gained either being unable to offset
this risk or be astrgng suspicion ofvetiectivemdss, thevdnotviadge gain
from a controlled trial may be therefore insufficient to justify the risk to patients of acquiring
that knowledge.

An example of this approach was the licensing of an extended release version of lamotrigine
for the treatment of epilepsy. As the disease had been well studied previously, a large
amount of information was available regarding the performance of a control condition; a
dosage of antiepileptic too low to prevent seizures effectively (but sufficient to prevent the
most serious types of seizure). A collection of eight historical control groups, all with similar
performance, allowed the FDA to consider these to be a well-established control, to which an
extended release formulation of lamotrigine (a drug that had been on the market for several
years) could be compared (French et al., 2011, 2010). The extenuating circumstances here
were that, firstly, this was a new formulation of an existing (proven) therapy, secondly, that
the expected behaviour of the control arm was well understood due to the number of
previous studies. Further, the risk to patients of being treated with a low dose control was

unethically high as seizures can cause long-term damage as well as short-term distress.

The issue of benefit-risk for trial participants is also related to the concept of clinical
equipoise, where if a patient has no viable treatment option and a bleak prognosis, the
potential benefits from a treatment with an unproven mechanism of action may outweigh the
risk of receiving an ineffective (or even harmful) treatment. It should be noted that this should
also not be seen as an all or nothing decision, as trials are frequently conducted maintaining
a placebo arm, but having unequal treatment allocation (for instance 2:1) between
investigational products and placebo (Chow & Chang, 2019), or using approaches such as
6cr os s ov e(isitak at @.s201g)n s

1.6 THE USE OF UNCONTROLLED STUDIES IN MODELLING AND HEALTH
TECHNOLOGY APPRAISAL i GUIDANCE FROM AGENCIES

Once treatments have been approved by regulatory agencies (with any associated analyses

performed), in many healthcare systems (particularly publicly funded ones) they are
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assessed for their cost-effectiveness; resources spent on one patient cannot then be spent
on another patient. The principle of cost-effectiveness is that if a new treatment for one
group of patients is funded, it should provide at least as much benefit as the treatment(s)
that are displaced from the healthcare system (Eckermann & Pekarsky, 2014).
Consequently, the population as a whole has better health outcomes as a result of the

adoption of a new technology.

To estimate the benefits of treatment, often extrapolation and the synthesis of different
evidence sources is required T taking cost data from published sources, efficacy data from
the relevant trials, and estimations of resource use, a coherent picture can be constructed of
the decision problem that no single evidence source could provide (Buxton et al., 1997). The
costs and benefits of the new treatment are compared to the outcomes that would be

achieved without the new treatment (Paulden, McCabe & Karnon, 2014).

When faced with uncontrolled clinical studies, however, there are issues relating to the
fundamental concept of health economics and cost-effectiveness i how effective is the
treatment compared to the next best alternative? It is this marginal gain that must be
estimated to then calculate the incremental cost-effectiveness ratio i the cost for each
additional event avoided or unit of outcome gained. This is a more complex question than in
medicine in general, where the question most frequently is @vhich treatment is best? &rhis
problem can be illustrated using the example of the effectiveness of parachute use taken
from Smith & Pell in Section 1.5.1. Whereas a clinician may be satisfied that a parachute
represents an effective treatment, and a regulator may decide that the benefit-risk is positive,
to calculate the benefits of parachute use fully, a health economist would not only need
estimates of the effectiveness of parachute use but also of the survival rate without a
parachute use. That not all people die without a parachute has been established (Hasler,
2010); therefore, an estimation of the mortality rate both with and without a parachute would
be needed to calculate the cost per life saved - which could then be compared with other

safety interventions (Siegel et al., 1997).

Regulators also do acknowledge the issue that although they may have sufficient evidence
to approve a product, this may be insufficient for reimbursement (Jonsson, Martinalbo &
Pignatti, 2017). Since beginning this research, a study has also been published
demonstrating that reimbursement agencies struggle to interpret such evidence and worry
about the risk of bias, with the German reimbursement system only approving products

lacking RCTs in exceptional circumstances (Griffiths et al., 2017).

A review of guidance to manufacturers regarding how to approach single arm data shows

that no mention is made of this type of data, and as such, there is no best practice. Table 1-1
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lists the modelling guidelines for major pharmacoeconomic organisations, and their

relevance to uncontrolled studies.
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Table 1-1: Relationship of modelling guidelines for economic evaluation to treatments with only uncontrolled study data available

Institution

Guidance

Relevance to
uncontrolled
studies

Reference

International Society
for
Pharmacoeconomics
and Outcomes
Research

Society for Medical
Decision Making

@V hile there are undoubtedly topics of
interest that do not fit into these 6 papers, it
was felt that these would cover the major
areas and were at a stage of development
appropriate for issuing guidelines.6

Not discussed within the
relevant guidelines

(Caro et al., 2012)

National Institute for
Health and Care
Excellence

d&RCTs directly comparing the technology
under appraisal with relevant comparators
provide the most valid evidence of relative
efficacy. However, such evidence may not
always be available and may not be
sufficient to quantify the effect of treatment
over the course of the disease... Any
potential bias arising from the design of the
studies used in the assessment should be
explored and documented.6

No specific guidance is
made for the use of
uncontrolled studies, only
that biases and
uncertainty in all types of
evaluation should be
explored

(NICE, 2013:p.39)

Scottish Medicines

@nalyses should use the best evidence

No explicit mention is

(Scottish Medicines

Consortium available, be explicit about data limitations made of types of data only | Consortium,
and any attempts to overcome these and that the best available 2014:p.25)
quantify as fully as possible how the evidence should be used,
limitations of the data are reflected in the and data limitations
uncertainty in the results of the analysis.6 reflected in the

submission
All Wales Medicines No specific guidance No specific guidance is (All Wales

Committee (Australia)

trials, each including a common reference,
or nonrandomised studies could be used to
assess the comparative effectiveness of the
proposed medicine. The results of these
studies should form a basis for translation
into a decision analysis to generate an
economic evaluationd

uncontrolled studies

Strategy Group given to manufacturers on | Medicines Strategy
the types of evidence, or Group, 2013)
how this should be used.
Pharmaceutical df direct randomised trials are not available, | No guidance is given (Australian
Benefits Advisory then an indirect comparison of randomised regarding observational or | Government

Department of
Health, 2013:p.35)

Pharmaceutical
Management Agency
(New Zealand)

HARMAC acknowledges that in some
cases it may be necessary to use lower
levels of evidence if this is all there is
available (for example, pharmaceuticals for
rare diseases where data may be limited to
case studies).0

The use of observational
data are not
recommended where RCT
data are available, how
observational data should
be used when needed is
not stated

(Pharmaceutical
Management
Agency, 2012:p.24;
New Zealand
Government, 2015)

Canadian Agency for
Drugs and
Technologies in
Health

@ sound clinical review of the intervention
should form the basis oftheeva | uat i
The review may include studies with a
variety of designs, reflecting different levels
of internal and external validityd

d&ven valid justification does not improve
the quality of data that has design

Il imitations. A |l ack
(high-quality data that are needed to fully
populate a lifetime horizon model) results in
a need for alternative methods in a
technology assessment and is accompanied
by inherent uncertainty. The results should
be interpreted with caution.6

[o]

No specific guidance is
given regarding
treatments with only
uncontrolled study data

Specific to oncology
submissions - the need to
interpret observational
data with caution is stated,;
however no methods are
prescribed for analysis.

(Canadian Agency
for Drugs and
Technologies in
Health, 2006:p.20)

(Canadian Agency
for Drugs and
Technologies in
Health, 2009:p.34)
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Although the US healthcare system does not take cost-effectiveness into account formally,
the comparative effectiveness of treatments is often estimated. The difficulties in assessing
this without controlled data are highlighted in a review by the Agency for Healthcare
Research and Quality reviews (Ip et al., 2013). This review found a lack of consistency in the
inclusion of uncontrolled studies in guidance (only 21 of 33 reviews included uncontrolled
data), with often no reason given for their inclusion, and no consistent methods used in

assessing their contribution to estimates of efficacy.
1.7 SUMMARY OF INTRODUCTION AND RESEARCH QUESTION

This introduction discusses the theoretical and historical reasons for the dominance of the
randomised controlled trial in drug development, as well as also how uncontrolled studies
may be the appropriate study design for a new treatment. It then discusses the issues this
raises for interpretation, estimates of comparative effectiveness and thus economic

evaluations.

In this section | show that the limitations of uncontrolled trials in terms of the evidence base
then available for estimating comparative advantage are well understood. These limitations
have been the focus of discussions in both the peer reviewed literature, and by
pharmaceutical regulators. The general consensus reached in the literature (and in practice)
appears to be that uncontrolled clinical studies, in specific circumstances, can be justified.
These circumstances are generally a combination of an immediate risk to life or irreversible
harm to patients, where the patient population is small, and where an objective endpoint can
be used.

Where relatively little work has been performed, is in how these trials should be interpreted
for the estimation of comparative effectiveness, and thus economic modelling and health
technology assessment. Here the question is not whether the benefit-risk is positive (the
guestion a regulator faces), but of the gain from therapy compared to the current standard of
care. This estimated gain can then be used to estimate whether compared to current
practice the new treatment is clinically superior, value for money, and what the level of
uncertainty is around any such estimates. This is the area | have focussed on as the thesis

guestion:

How can (statistical) modelling methods be used to estimate comparative effectiveness

where pharmaceuticals have been licensed on the basis of uncontrolled clinical studies?
To this end, this thesis accomplishes the following:

1 Chapter1
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0 Gives context to the issue, summarises the relevant literature, available
methods, and the thesis question
0 The work presented in this section is entirely my own; although ideas have
been developed in discussions with others, the writing and categorisations
are my interpretation.
1 Chapter 2
o Discusses existing modelling methods and their applicability to the area of
interest
o0 The work summaries presented in this section are entirely my own work,
referencing the original papers and applications of methods appropriately.
1 Chapter 3
o ldentifies drugs licensed on the basis of uncontrolled data by
A Individually assessing all EMA and FDA approvals since 1999 for
treatments licensed on the basis of uncontrolled clinical trials
A Understanding the context and evidence on which the approval was
based
A Analysing the type of treatments licensed with only uncontrolled
studies as an evidence base
o0 Identifies and assesses the methods previously used in modelling of benefit
in uncontrolled clinical trials by
A Searching for published models and health technology appraisals of
drugs licensed on the basis of uncontrolled clinical trials
A Reviewing the identified methods, and categorising them
0 The work presented in this section was designed in conjunction with my
supervisors before | performed the literature reviews, and summarising the
work. This was then written up with input and debate with my supervisors and
co-authors of papers
1 Chapter 4
o Identifies a need for further work on the applicability of Matching Adjusted
Indirect Comparison, with a simulation study conducted on its applicability
0 The simulation study on MAIC | designed, getting input from my supervisors,
before | coded the study, | then analysed and interpreted the results which |
then took to my supervisors for further discussion. The results and scenarios

were then refined following extremely helpful comments from peer reviewers.

1 Chapter5
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0 Proposes three novel ways in which historical controls can be created to
estimate comparative effectiveness, alongside motivating examples
0 The novel methods proposed were all ones that | conceptualised, with two
being implemented alongside others, and one (extrapolation from a previous
line of therapy) being solely my work
1 Chapter 6
o0 Gives two examples of using the methods discussed in practice
o0 My contribution to each of the analyses was to perform the analysis of
uncontrolled study data, which were then incorporated in to economic models
by others.
1 Chapter7
0 Summarises the results of the literature searches performed, and the findings
of my research
A Aflow chart is presented of the options available to an analyst based
on my research
0 This section is my work entirely and represents my summary of the issues,

the areas where | believe further research is needed, and how the methods
that are available | believe should be used to give the best possible estimates
of comparative effectiveness

The main body of the document is 39,070 words, with 245 references and 2 Appendices

consisting of 3,013 words. In total the work has directly resulted in nine publications to date,

and heavily influenced a further four.
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2 EXISTING METHODOLOGIES THAT COULD BE USED TO ESTIMATE
EFFECTIVNESS FROM UNCONTROLLED STUDIES

In this chapter | review methodologies that can been used to estimate comparative
effectiveness without RCT data, and discuss their suitability for estimating comparative
effectiveness of pharmaceuticals where no RCT evidence is available. Where established
methodologies are available, a description of the method is given, with published examples

of their use summarised.

The approaches available can broadly be separated into categories based on the amount of
historical data available, with a further section on emerging methodologies (Section 2.4).

2.1 METHODOLOGIES FOR THE ANALYSIS OF HISTORICAL CONTROLS

72.1.1 METHODOLOGIES FOR USE WITH PUBLISHED HISTORICAL
CONTROLS

As discussed in Section 1.4.3, historical controls have frequently been used to estimate
outcomes for patients not receiving investigational treatments. The most common approach
(which does not attempt to adjust for bias), is naively to compare the outcomes for the new
intervention to those seen in the historical controls. Whilst there commonly appears to be a
lack of adjustment, this approach contains a variety of strong assumptions i.e. that the data
are perfectly exchangeable between studies.

Where this approach is used, evidence from Vickers et al. (2007) is relevant. This study was
a review of 70 papers where a historical control was used to power clinical trials. An issue
they note when discussing the use of historical controls is where multiple trials (and

therefore estimates) are available. Their recommendation is that:

A single estimate should be derived from the historical data: specifying only a range should be

avoided. For instance, take the case where three prior studies had been reported with sample

sizes of 1,000, 100, and 20 and response rates of 33%, 22%, and 15%. This is a total of 355

responses in 1,120 patients (32%). It is preferable to give this single historical response rate of

32% than to say only that Aresponse rates in prior
grounds that the latter offers no guidance as to the appropriate null: investigators tempted to

pick the middle of the range would underestimate the true response rate and inflate the risk of a

false positive. (Vickers, Ballen & Scher, 2007:p.975)

Whilst this position is reasonable (the use of the entirety of the data to generate an estimate
of the actual response rate), the use of pooling may also give an unreasonably narrow
estimate of the uncertainty T an area where meta-analysis may be able to offer more
relevant insight. A related issue is discussed by Thall & Simon (1990) - the incorporation of

Phase 2 data to efficacy assessments, where they state historical data should be considered
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as a distribution with a point estimate and, not using point estimates alone in decision

making. They state:

Unfortunately, many pilot studies ignore [randomness] and treat the control mean as a known
constant. As shown in Tables | and Il, this results in an elevated type | error rate. In addition,
this approach leads to an inappropriately small sample size and thus a test with inadequately
low power. Whereas it may be appropriate to carry out a pilot study with type | error rate 0.10,
this should be done by design and not inadvertently. In any case, a control mean computed
from historical data has an associated variance which must be taken into account, whether or
not the data exhibit inter-study variability. (Thall & Simon, 1990:p.227)

Even with uncertainty in estimates accounted for, this would only include the uncertainty in

statistical distributions, and not the structural uncertainty in whether the patients are truly

exchangeable. To account for potential differences in patient populations, more

sophisticated analyses are required - these are described in the following sections.

The existing methodologies are separated in to three categories; where individual level data
(ILD) are available for both intervention and historical control, where ILD are available only
for either the intervention or the historical control, and where ILD are not available for either

study.

52.1.1.1 WHERE INDIVIDUAL LEVEL DATA ARE AVAILABLE FOR BOTH THE
INTERVENTION AND THE HISTORICAL DATA
The methodologies available where ILD are available for both the intervention and
comparator are discussed in the NICE Decision Support Unit Technical Support Document
17 (d@'he use of observational data to inform estimates of treatment effectiveness in
technology appraisal: Methods for comparative individual patient datad. In the document,
each method is explained fully, and an algorithm shown to determine the appropriate method
to be used 1 this algorithm is available in Figures 1 to 3 on pages 37 to 39 of Faria et al.

(2015). For this reason, the available methodologies are only summarised in this document.

52.1.1.2 DIFFERENCE IN DIFFERENCES APPROACH

The difference in differenceséapproach is a form of natural experiment. The method can be
used where a change is made at different time points, for example if a drug was approved in
Scotland before England, the differences over the time period between the two countries

could be compared.

The advantage of the method is that any background changes in outcomes over time can be

controlled for through the use of the control(s), though this is based on the assumption that
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there are no exogenous shocks in the time period, and the trends in data would otherwise

remain parallel (Dimick & Ryan, 2014).

In the context on pharmaceuticals approved without randomised clinical trials, this approach
may be useful where hospital records exist and are accessible for patients who were treated
before a trial of a new intervention began. Indeed one of the economic models identified in
the literature review took this approach i investigating the outcomes of patients before the
trial was set up, in the same centres the trial was conducted (Annemans et al., 2007).
Whether sufficient detail would be available however in the patient records (for instance on
disease stage, and other inclusion criteria) would be a separate question. It would also be
inappropriate to compare all patients with, and without treatment, due to the likely difference

between patients who meet the inclusion criteria for studies, versus those treated in general.

As such although the method may be helpful for the area in which | am interested, it would
be very specific to data availability.

52.1.1.3 REGRESSION DISCONTINUITY DESIGN

The regression discontinuity design (RDD) is a quasi-experimental approach, that

investigates the impact of an intervention around a cut-off on a continuous variable which

determines treatment selection. An example would be should a patient be required to be 18

years of age (those under being similar, but untreated), or whether an intervention is

required if a blood value falls below a given level. By looking at results either side of a

margin (using regression techniques), the effect of the intervention can be observed by

assuming the unobservable characteristics of patients either side of the margin are identical.

The continuous variable may Rheffleemeddébehaypdiff
degree of overlap and ambiguity in the group allocation. The way the technique is

implemented would be for a preferred regression model to be fit, with a coefficient for when

the intervention is received; this is then the estimated effect of the intervention.

The approach of RDD was first proposed in 1960 in education (Thistlethwaite & Campbell,

1960) looking at the impact of merit certificates (and children who just achieved them, and

just missed out). Since this time it has been used intermittently in medicine, for example to

estimate the impact of having an accountable general practitioner for patients aged over 75

in England (Barker, Lloyd & Steventon, 2016)and i mpact of &ésmoke freed |
outcomes (Bakolis et al., 2016). Recent work has extended the approach to include a

Bayesian approach, allowing the specification of prior beliefs (Geneletti et al., 2019, 2015).
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It is unlikely that this approach will often be relevant for pharmaceuticals licensed without
RCT evidence, as exclusion criteria for clinical trials are usually due to those criteria on
which patients are selected being strongly linked to outcomes i for example the exclusion of
patients with metastases or heart conditions. Indeed Geneletti et al. highlight that the
examples in medical science are in public health, where large datasets with such cutoffs can
be used to draw inferences about the effectiveness of interventions. In contrast the diseases
where RCTs are not required are comparatively rare (or are at the end stage of common
diseases, where few patients remain), so few patients would be either side of a continuous
cut-off e.g. 17.5 years versus 18.5 years to be eligible for inclusion in a study. Even if
possible to fit, further assumptions would be required to then obtain estimates of

effectiveness in the whole population and not just the population on the margin.

52.1.1.4 INSTRUMENTAL VARIABLE ANALYSIS

The instrumental variable approach looks for a factor that is associated with treatment
choice, but not with the outcome (apart from its impact on treatment allocation) i this is
known as the exclusion restriction. Where a sharp cut-off is applied in treatment allocation,

the regression discontinuity design (above) is a form of instrumental variable.

The approach then involves looking at the differences in outcomes seen between groups i
as the treatment allocation is not associated with patient characteristics, this should provide
an unbiased comparison. In practice, finding a variable that meets this criteria is difficult
though examples of the approach could include patients in different jurisdictions or time

periods, which in turn are linked to treatment allocation.

Even given such circumstances, this approach may be difficult to operationalise in the
context of uncontrolled studies - given the relatively small patient populations and substantial
heterogeneity in patient populations. A major issue is also that when conducting a study
treatments are not given randomly, but to patients meeting certain criteria who are enrolled
for their specific criteria, again making it difficult to see where the approach could be

commonly used.

52.1.1.5 PANEL DATA MODELS

Panel data models involve a patients data being tracked over time, and their own historical
data used as a form of control; in this sense they would form the type of data needed for the
O0rate rat i o0 (Gtasziouetral., @GDT).CThete are & imber of assumptions built
in to the approach such as the disease course needing to be modelled i this does appear

appropriate for many uncontrolled studies, which are often terminal (Section 1.5.2). However
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even beyond terminal diseases the approach has potential to be used. For instance several
haemophilia products (most recently emicizumab [Hemlibra®, Roche Products Limited])
have used this form of pre- and post- treatment comparison (Pipe et al., 2019) 1 fitting a
model to the disease before and after treatment may allow for the estimation of comparative
effectiveness (subject to a number of limitations).

Although the use of this method use would need to be well planned for pre-treatment data to
be collected systematically, there would seem to be the potential to use this approach in
some instances as supportive evidence. This is particularly if an intervention is expected to
have a dramatic effect that is unlikely to occur naturally i for instance with gene therapy in
conditions linked to measurable enzyme levels. As such the approach could be considered,
even if there are no examples to date. It should be noted that in being models fit to patient
level data, an analyst would need access to the patient data and thus this method could only

be used practically by the manufacturer, or by a group working with the manufacturer.

52.1.1.6 THE USE OF PROPENSITY SCORES VIA MATCHING OR WEIGHTING

Propensity scores were proposed in the 1980s (Rosenbaum & Rubin, 1983) as a method for
balancing patients between studies using their observable characteristics. By creating
comparable groups, a fair comparison can be made accounting for any confounding. Since
their initial publication, they have been used extensively in medicine (Shadish, 2013). More
simplistic matching methods (for example matching patients according to the type of surgery

they had) are also widely used (Cundy et al., 2016).

The propensity score is defined as the conditional probability of receiving an intervention,
given all (observed) covariates to the point of receiving treatment. These covariates may
include both patient, and disease characteristics i but importantly not outcomes. This is
estimated by means of a logistic regression of exposure to the intervention (as a binary
variable), given the set of observed covariates. Among patients with the same propensity
score, treatment is conditionally independent of the covariates, allowing replacement of the

covariates with a single summary value representing the probability of treatment assignment.

To implement the method, each patient in the dataset has their propensity score estimated,
after which balanced groups can be created for an unbiased comparison. Mathematically the
propensity score was defined by Rosenbaum and Rubin (1983) as Qw D Od  pse

where e is a vector of vector of covariates, & is an indicator of the treatment received (a
variable taking value 1 or 0); for consistency with the source literature the original notation
has been kept i.e. D @s opposed to 0 @b denote probability. Balancing on the propensity

score, estimates of the counterfactual treatment effect can be made, with (assuming
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response i in the notation of Rosenbaum and Rubin) the average treatment effect is then

estimable.

To create unbiased comparisons using the propensity score, there is a number of
approaches that can be used (and multiple ways in which each can be implemented).

Fundamentally however these reduce to two general approaches; matching and weighting.

1 In propensity score matching treated patients would be matched with a control
patient with a similar propensity score (the allowable difference being termed the
@alliper. Thi s met hod may generate a o6fairéo
are matched, and is particularly useful where datasets may contain patients with a
range of severities or even conditions; on the other hand it does mean that a
potentially large amount of data would be discarded if matches are not achieved.
When using matching, outcomes are then estimated using the matched samples (in
this case assuming 1:1 matching, with 0 patients in each group), working with the

notation of Rosenbaum and Rubin as

Equation 3: Difference in response of a treatment, given matching between studies

b b
0 0

Wherei andi denote the outcomes for the “th treated, and untreated patient

1 Alternatively all the data may be weighted by the propensity score (though they may
also be trimmed first to account for differences in patients included). When using
propensity score weighting, inverse probability of treatment weighting is used on the
propensity score, such that the mean score is matched between groups (Ho et al.,
2011). Although this approach uses the totality of the data (even if some patients
have only a low weight), it should be noted that this may not be a positive; if datasets
do include patients with different conditions, their inclusion may introduce bias
(6conf oundi ngWiheye weightthg is usdd, the Bsfimate of the average
treatment effect is therefore estimable (again using the notation of Rosenbaum and
Rubin) as

Equation 4: Difference in response of a treatment, given weighting between studies

p i@ p i p a
0O Q 0 p Q

Where @ represents treatment assignment for patient "Q
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To be successful the approach of propensity scoring relies on the assumption being met that
treatment assignment is &trongly ignorabled conditional on the observed baseline
characteristics. This relies on two conditions being met

1 Firstly that treatment assignment is independent of outcomes
0o Mathematically in the notation of Rosenbaum & Rubin, i h Ose where i
andi represent the response of treated and untreated patients, & the
treatment assignment, and e a vector of all covariates that are used to assign
treatments and / or are related to the response
1 Secondly that all patients are not guaranteed to receive one treatment or the other
i.e. there is overlap between the studies
o Mathematicallym nid& ps  pwhere o represents a vector of

covariates

Whilst the number of studies using propensity scoring has increased dramatically in recent
years (most likely due to the proliferation of data and software), there are some limitations
with the method. First the assumption of treatment assignment being strongly ignorable
which may not be the case (and is fundamentally unprovable). Secondly studies have shown
t hat wit h ©6typicallpdefimedtas umdert 280, propensity scoring may increase the
bias seen in comparisons. Finally the groups to be matched (intervention and control) should
be as closely matched as possible - for example in location and time, so as to minimise

potential bias which is not always the case (Shadish, 2013).

To understand the appropriateness of propensity score based approaches, researchers
have sought to recreate published RCTs using observational data. In general although the
direction of effects is generally similar with propensity score approaches, the magnitude of
effect sizes can often differ markedly (Dahabreh & Kent, 2014). These findings are replicated
in a comprehensive simulation study which compared many approaches to the
implementation of propensity score based methods. The results of the analysis
demonstrated that no one method performed best under all circumstances (Zagar et al.,
2017).

In order to provide historical controls, Schmidli et al. (2019) discuss attempts to use
propensity score matching to provide a matched control arm for a product in clinical
development (though no details are provided). Similarly in the products identified in the
systematic review performed in Chapter 3, several (exact number not stated) of the control
arms were selected using propensity score based methods (Goring et al., 2019). The

methodology therefore would seem relevant for use in selecting patients to form a control
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arm, even if no explicit guidance is available for uncontrolled studies where several issues

(such as differences between studies, and low patient numbers) are likely to be present.

52.1.1.7 MULTIVARIABLE REGRESSION ADJUSTMENT

Regression analysis is a statistical process for estimating the relationship between a
dependent variable, and one (or more) explanatory variables. An simple example of linear
regression is shown below, where @is the dependent variable, 17 a vector of the coefficients

attached to the explanatory variables, &. The error term is denoted by -.

Equation 5: Example of linear regression

& aL -

Many of the issues and concerns raised regarding historical controls in the literature stem
from potential differences in patient populations. In this sense regression adjustment offers
the chance to understand the difference each characteristic makes at the margin. Outcomes
can then be re-estimated using fitted regression models to predict what may have been seen
with different patient groups. For instance if a historical control population had been older
with worse performance status, this could be reflected (assuming a good model fit) in
predictions of outcomes.

How regression adjustment should be performed is a large area of research in both statistics
and econometrics, with questions such as the approach to model selection, appropriateness
of model form, and degree of extrapolation beyond the available data being areas where
judgment is needed (James et al., 2013). Should a reasonable model fit be possible it may
be a viable approach to ameliorate concerns about differences in trial populations.
Interestingly whilst propensity scoring appears frequently in the published literature,
covariate adjustment appears to perform as well in simulation studies (Elze et al., 2017,
Zagar et al., 2017).

2.1.2 WHERE INDIVIDUAL LEVEL DATA (ILD) ARE AVAILABLE FOR EITHER
THE INTERVENTION OR THE HISTORICAL DATA

In pharmaceuticals, it is more common that an investigator will have access to ILD for one

treatment (as the company who have developed the product will have conducted the clinical

trial), but not the comparator data as this will either have been developed by another

company, or will be taken from historical literature. In these cases only Aggregate Level Data

(ALD) are typically availablei | i mi t ed data on baseline character

publications (which seldom report the same characteristics), and deidentified outcomes data
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i atbest Kaplan-Me i er or ¢ s (whichmplet thé dugtiorodf responses by each

individual), and at worst only summary statistics such as mean or medians.

The lack of access to ILD from both studies necessitates different methods for performing
analyses, which are described below and can be used to produce consistent estimates
between studies - avoiding the potential biases of naive comparisons.

52.1.2.1 MATCHING ADJUSTED INDIRECT COMPARISONS

In using naive comparisons to historical data (as discussed in the introduction) the
assumption is that patients are perfectly exchangeable between studies. This issue was

noted by Vickers et al. in a review of 70 Phase 2 studies using historical controls, who state

Noteworthy was that not a single study in our analysis incorporated any statistical method to
account for the possibility of sampling error or for differences in case mix between the phase
Il sample and the historical cohort (Vickers, Ballen & Scher, 2007:p.974)
A similar issue is raised by Mazumdar et al., (2001), who suggest reweighting patient data to
account for differences between studies. They use the examples of bladder cancer and

melanoma, and state

The method also relies on having well-established risk factors for a particular disease.
Although agreement on all prognostic factors for all disease systems is too optimistic, there is
agreement on the most important prognostic factors for many of them. For example, risk
factors for melanoma, bladder, breast, renal cancers and germ cell tumours are generally
concurred upon. If there are relatively few prognostic factors, one could create risk categories
based on their joint distribution. However, one must be aware that too many categories could
lead to sparse data (Mazumdar, Fazzari & Panageas, 2001:p.891)

The method of Matched Adjusted Indirect Comparison (MAIC) is designed to address these

caseload differences between studies, where individual patient data are only available for

one study.

The approach suggested by Signorovitch et al. (2010, 2011) uses a propensity score
weighting-like method to balance patient characteristics between studies. Assuming one
study for which individual level data are available, and one for which they are not,
Signorovitch et al. (2010) denote the patient characteristics and outcomes of the individual 'Q
patients in the study of the treatment (for which individual level data are available) as e:: and

® .and for the study where only aggregate characteristics are available, mean patient

characteristics and outcomes as are used, denoted as = and ¢ . It should be highlighted
that the notation of Signorovitch et al. is the opposite of Rosenbaum and Rubin for treatment
0 T and control (0 p). For consistency with the original papers, the relevant notation (in

this case by Signorovitch et al) has been kept.
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To implement the approach, a weight (0 ) is calculated for each patient in the individual
data, such that the overall mean of the weighted individual data = (which is calculable),

matches that of the aggregate data (£ ). This weight for is thus the odds that a patient
received treatment and not control and is defined in the notation of Signorovitch et al. as

Equation 6: Calculation of weights for Matching Adjusted Indirect Comparison

Vio pse

To U the difference between the reweighted individual level data and L is minimised:; a full
mathematical proof is presented in the supplementary materials to Signorovitch et al. (2010)
Equation A1, where this has been set to zero. Using the resulting weights it is then possible
to estimate the reweighted outcomes of the study in a similar patient group that that were the
outcomes & of the control arm were obtained:

Equation 7: Reweighting of outcomes to match and index study after calculation of weights from Matching Adjusted
Indirect Comparison

B wp 00
B p 00

Implicit in the method is the assumption that the groups are similar with a reasonable level of
overlap; the paper does suggest data be trimmed to ensure that patients would always have
a chance of appearing in the other trial i.e. the same inclusion and exclusion criteria. This
does however assume that the trial for which individual level data are available has broader
(or at the very least, similar) inclusion criteria as the trial for which only aggregate data are

available; this will not always be the case.

Although the method is fairly novel (<10 years since first publication), as of December 2019
there were 126 hits in PubMed, with around a half of these being applications of the method.
As such it may represent a methodology which allows the comparison of trials, where patient
level data are not available for both studies. At the point this research was started however,
the accuracy of the method was unproven, with some conflicting reports presented and no
established best practice to conduct MAIC (Shafrin et al., 2017).

52.1.2.2 SIMULATED TREATMENT COMPARISONS

Simulated treatment comparisons were proposed by Caro and Ishak (Caro & Ishak, 2010),
and involve setting predictive equations to estimate outcomes using the available individual
level data i.e. a regression model, before re-estimating outcomes in a different population 1

that of the aggregate data. This differs from MAIC as whilst MAIC attempts to reweight
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patients to match the aggregate data (from where outcomes can be recalculated), STC

attempts perform regression modelling and thus predict outcomes.

The challenges involved in STC are similar to those with regression models (Section
2.1.1.7); what type of regression model should be used? And variables should be included?
Few clinical trials are likely to be amenable to modelling using a linear regression, and thus
more complex regression forms (such as survival models) are likely required. Where this is
the case, not only is there a challenge in selecting the appropriate model, but there is also a
potential complexity in implementation for non-linear models, with calibration required when
predicting in different populations to that in which the outcome model was fitted (Ishak,
Proskorovsky & Benedict, 2015).

To deal with the calibration issue, the authors propose an alternative of deriving a predictive
equation, and then simulating patient profiles from the data available (taking in to account
correlation between variables) such that the average of simulated patient profiles matches
the aggregate of the aggregate data. This latter approach represents the novelty of STC, but
adds further assumptions, (which again are unverifiable) regarding the correlation structures
being similar between datasets.

As a method, STC would appear to be reasonable to apply, and (unsurprisingly) well suited
to use with historical controls. The application of the method (for instance model and variable
selection) however would be key. It should also be noted that only one example of STC has
been identified in the literature (outside of the original concept by Caro et al.) (Phillippo et al.,
2019) and there exists no standardised code implementation. As a concept however the
method appears promising, with how it should be implemented being an area for future

research.

52.1.2.3 PREDICTION OF OUTCOMES USING SURROGATE ENDPOINTS

A potential approach for estimating comparative outcomes across studies is the use of
surrogate endpoints. If an intermediate endpoint in trials (ideally one that is measured
objectively), can be linked to patient relevant outcomes - for example overall survival, this
may be used for the estimation of benefit from a given timepoint. Such an approach means
any differences from comparator trials in characteristics which may predict achieving the

outcome can more readily be assessed, without the need to extrapolate over time.

For a surrogate to have validity in such circumstances, it must have biological plausibility,
and demonstrate good prognostic value in estimating the outcome of interest. The

relationship between surrogate and outcome must also be causal, and be the same
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regardless of treatment i.e. a given level of response should lead to the same outcome,
irrespective of how that response was achieved. Equally there is a need for the measure
used to be comparable across trials. A comprehensive history of the theory and use of
surrogate outcomes is given by Buyse et al. (2016).

The use of a surrogate approach could also be coupled with other approaches, for instance
propensity score based approaches to create unbiased comparisons of an outcome like

response rate, which could then be used in a surrogate outcomes based framework.

2.1.3 WHERE INDIVIDUAL LEVEL DATA (ILD) ARE NOT AVAILABLE TO A
RESEARCHER FOR THE INTERVENTION OR THE HISTORICAL DATA

Whilst not a statistical method, where no access to ILD is available, narrative conclusions
may still be helpful in describing the likely impact of any differences between studies (even
where the magnitude cannot be quantified). This can include highlighting the likely sources
of uncertainty, the magnitude of any apparent benefit, and any potential biases in the
analyses.

This wider understanding is important as studies are not conducted in a void; differences in
between diseases (and understanding of diseases) may mean the same apparent effect size
is interpreted differently 1 because of the context in which the study was conducted. Expert
input to highlight likely biases can then inform decision making, even if formal methods are
unable to account for such differences.

2.2 METHODOLOGIES FOR THE SYNTHESIS OF MULTIPLE HISTORICAL
CONTROLS

Where multiple historical controls are available, as well as adjusting for any differences
between studies, there may also be a desire to synthesize (in some form) the totality of
information. This applies both to naive estimates, but also once adjusted estimates. Where

this is the case several methods are available.

2.2.1 META-REGRESSION

As discussed in Section 1.4.3, historical controls have frequently been used to estimate
outcomes for patients not receiving investigational treatments, and are commonly used in
the estimation of comparative effectiveness of pharmaceuticals. It is also possible that a
researcher will not have access to ILD for either of the interventions, and may only have ALD

for both; this would be typical of an academic researcher or a payer. Whilst this restricts the
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analyses that can be performed, there are methods which allow credible estimates of

effectiveness to be generated using all available data.

Where multiple studies are available, the approach of meta-regression investigates the effect
of study level covariates on outcomes; one covariate of which could include treatment
assignment. The Cochrane handbook suggests that it should not be attempted with fewer
than 10 studies (Fellow & Director, 2008) though more recent work on regression in general
has shown fewer observations may still result in accurate, unbiased estimates (Austin &
Steyerberg, 2015).

The most general form of meta-regression would be a linear regression though (should the
number of studies allow) more complex specifications are available including random effects
models. Other factors to consider are the within trial variances of treatment effects, and the
heterogeneity in studies not explained by the regression (Thompson & Higgins, 2002).
Further issues may also be caused by the limited reporting of potentially important
covariates, either as they were not reported in primary publications, or their importance was
not understood at the time the study was conducted (for example disease markers that were

not recognised, or measurable).

Whilst there are potential issues in conducting meta-regressions, they may be helpful to
understand the totality of data where a large number of studies exist. For example a meta-
regression of 28 studies of diabetes patient education demonstrated a positive impact on of
intervention, with face-to-face delivery, cognitive reframing, and exercise content able to
account for 44% of the variance in study results (Ellis et al., 2004). Although likely of limited
utility to uncontrolled studies given the requirement for a large number of studies, NICE DSU
TSD3 discusses the topic of meta-regression (Dias et al., 2011).

2.2.2 META-ANALYSIS OF HISTORICAL CONTROLS

Meta-analysis is a technique to combine multiple studies, assigning weights to each study
which when aggregated produce a single summary statistic for the effect size across the
included studies. If two studies were of equal size, with equal results, they would be given an
equal weighting, equivalent to a simple mean. In reality studies will vary in their precision
(one over the variance), with different sample sizes and standard deviations, leading to
different weights being assigned i the two most common approaches being fixed effects and

random effects meta-analysis.

In fixed effects meta-analysis, it is assumed there is a common effect size (* ) shared by all

the studies, in addition to an error term (-) which may vary between studies. A random
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effects model allows the effect of treatment to vary between studies (for example the effect
size may be larger in sicker patients). The studies included in the meta-analysis are each
assumed therefore to draw from the distribution of the effect size.(Borenstein, Hedges &
Rothstein, 2007).

Where data can reasonably expected to be similar to previous trials, for example with similar
trials conducted in a short space of time at a single unit, it has been suggested that rather
than using only one trial, or pooled results of trials, the technique of meta-analysis can be
used to give a more accurate prediction of the expected response rate were a control arm
included in a study. Previous uses for this approach have been in Phase 2 studies, with
either a frequentist approach (where trials are simply meta-analysed) or a Bayesian form
(incorporating a prior beliefs about the efficacy of treatment). When this is used as prior data,
it can then be referred to as the Meta-Analytic Predictive prior (Schmidli, Wandel &
Neuenschwander, 2012, 2012).

2.2.3 THE BAYESIAN POWER PRIOR®

A limitation with the use of a historical control, even if trials are meta-analysed together (to
take in to account differences between trials), is that it is assumed that the patients in the
historical study are exchangeable with the ones in the present study (Viele et al., 2014).
Equally when historical data are not considered in a comparison, the implicit assumption is
that the historical data are of no value.

As an attempt to bridge these positions, the power prior was conceptualised by Ibrahim and

Chen (Ibrahim & Chen, 2000), which@& r ai ses the | ikelihood of the
power parameter @ which quantifies the discounting of the historical data due to

heterogeneity between trialsd(Neuenschwander, Branson & Spiegelhalter, 2009:p.3652). In

this way historicald at a can be 6borrowedd to supplement a
number of controls required. A modified version was developed by Duan (2005), and

Neuenschwander, Branson and Spiegelhalter (2009) which can be set to apply different

approaches i for instances pooling where data are similar, and discarding where dissimilar.

The use of power priors has been an active area of research, with extensive theoretical work
performed, and subsequently some applied examples emerging. One key area of difficulty
appears in setting the level of weight attached to the prior data, with no clear consensus.
Where this weight is high, the new data has little influence, whereas with a low weight,

historical studies are effectively discarded.
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In terms of applied examples, one area the idea seems promising is in bridging studies,

where an intervention is demonstrated to work beyond the population in which it had

originally been studied. Ollier et al. (2019) usethisappr oach t o

original trials in studies demonstrating effectiveness in Asian (compared to Western) patients

to reduce sample size. Amorecomplexex ampl e i s avail

designsd which are trials designedshoudthenr ol

controls match the historical data, borrowing from historical data is implemented, skewing

randomisation to the novel intervention. This has the effect of minimising exposure to

placebo, and maximising statistical power (Normington et al., 2019).

To set the level of discounting of historical data, two approaches have been proposed. Firstly

a constant, set for example through expert opinion by which the evidence is down-weighted.

This can even be adjusted for perceived bias (Turner et al., 2009) i this approach is best

suited to the original power prior, as opposed to the modified form. The second approach is

to calculate a parameter by looking at the level of heterogeneity between studies included in

the analysis T this can be used with either form of the power prior, but allows more

complexity with the modified version (for instance heavily penalising discordant studies).

Initial uses of the power prior seem to have been in early clinical development to understand

whether data from a historical control can be used to augment the control patients in early

clinical studies, before large confirmatory studies are commenced (Strimenopoulou &

Walley, 2014; Hobbs, Sargent & Carlin, 2012; Gsteiger et al., 2013; Dejardin, van Rosmalen

& Lesaffre, 2014). Other applied examples are from Dron et al. (2019) who look at

minimising the number of patients needed in trials by borrowing (using data from Project

Data Sphere) with four applied examples.

Later work however adds cation to the approach, with work by Schoenfeld et al. (2019)

demonstrating that unless effect sizes are indeed large (a greater than 30% difference in

response rate), there are no sample size savings in clinical trials using borrowing due to the

heterogeneity in trials. Similar finds are seen in Lewis et al. (2019) who use colorectal cancer

6borrowd stre
able in the fo
pat i
he 60d

data with simulation studies to show that t

results.

The approach however may offer a more sophisticated option than the simple acceptance or

rejection of historical data, but giving less weight to the prior evidence where there are large

differences in outcomes within the evidence base.
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2.2.4 COMPARISON BETWEEN APPROACHES FOR COMBING HISTORICAL
CONTROLS, AND APPLICABILITY TO UNCONTROLLED STUDIES

As the approaches of meta-analysis and the power prior are relatively new, there exists

limited comparisons between the methods. Work from Isogawa et al. (2019) shows that the

preferred approach can change depending on the structure of data (with no rules that can be

determined). The approaches that have been attempted are also documented by Lim et al.

(2018), who highlight where the 6 tengentbPocock criteria may be able to be relaxed, mainly

in areas of high unmet need e.g. terminal diseases.

Although the two approaches (meta-analysis and power prior) for combining multiple studies
both have relevance for uncontrolled studies, some modifications are needed as the primary
objective of both has been to supplement contemporary controls i not act as a replacement.
In this sense, there exists no clear path for uncontrolled studies; the concerns regarding
heterogeneity of outcomes and indeed existence of the power prior to down-weight historical
data (rather than simply pool) implicitly assumes that differences likely exist between

studies.

The approaches may be useful however to meta-analyse (including any down-weighting
brought in through the power prior) where multiple historical controls are available. How this
down-weighting should be performed however is unclear, and will at this stage therefore be

somewhat (unavoidably) arbitrary.

2.3 WHERE NO HISTORICAL DATA ARE AVAILABLE

Where no historical data are available for comparison, two methods have been used to

estimate what the outcomes would have been were a control arm available.

2.3.1 THE USE OF EXPERT OPINION

Whilst expert opinion appears historically to have been done in an unstructured form,
methods have been developed for the use of gathering such evidence robustly. The most
widely cited of these is the Sheffield Elicitation Framework (SHELF), which consists of
various methods implemented with a user guide and R package (Gosling, 2018). Whilst

| ower on the 6hierarchy of evidenced than
where data simply does not exist. An important distinction here is between expert evidence
i.e. eliciting evidence from experts, and expert opinion, where the expert is then

extrapolating based on their experience to project what may occur.
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Though the SHELF frameworks acts as an ideal form, there exist several published practical
demonstrations of structured elicitation from experts. To do this Sperber et al. (2013)
adapted the SHELF method (specifically the quartile method) to work in the more realistic
setting of geographically dispersed experts, whilst Grigore et al. (2016) tested two of the
methods from SHELF (the quartile method, and the histogram method), and how they might
apply to different problems. In a slightly different context Dallow et al. (2018) give examples
of how formal priors can be elicited (again using the SHELF framework as a guide) in the
drug development process i work that could relatively easily be adapted for later stage

products.

2.3.2 THRESHOLD ANALYSIS AND THE &-VALUE®G

Threshold analysis is used to distinguish where the point at which a model ceases to behave
in a particular way i for instance how expensive a treatment would need to be before it was
deemed not cost-effective. An example can be seen in the analysis by Tappenden et al.
(2006), where the relative risk needed for a treatment to be cost effective was estimated,
allowing decision makers to consider whether or not this threshold was likely to be reached.

Work from the GetReal collaborative (an EU funded project including members from the
EMA to develop the use of observational data in medical decision making) has also
proposed a similar concept; @hreshold-crossingd The method proposes a series of steps to
be undertaken before a study is conducted, to ascertain the degree of heterogeneity in the
disease area such that should this threshold for a @learddemonstration of efficacy (and
without serious safety signals) then the product is deemed to be effective. If the threshold is
not met then equipoise is still present i.e. it is not clear the intervention is effective,
legitimising a RCT. The approach seems rational, and would ensure in depth analysis on the
suitability of control data - and indeed whether historical control data are available - prior to
the conduct of an uncontrolled study. In taking a systematic approach to evidence
generation the approach seems reasonable, even if it would not directly allow a
guantification of the amount of benefit. Interestingly in the paper they suggest that a
Bayesian framework is more natural for such analysis (citing work on the power prior), but

that they could not identify any successful uses of the approach to date.

A similar approach has been proposed for use in observational studies, termed the d-valued
(VanderWeele & Ding, 2017). The definition proposed is dhe minimum strength of
association, on the risk ratio scale, that an unmeasured confounder would need to have with
both the treatment and outcome, conditional on the measured covariates, to fully explain

away a specific treatmenti outcome associationd The higher the E-value, the less likely the
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effect seen is a result of unmeasured confounders. This is mathematically defined below,
with Table 2 of the paper giving formulations for other common endpoints (for instance
hazard ratios).

O VOAOVQANOY QD VY QY QY Qa G¥ QD @

Whilst proposed for observational studies, the use of E-values could logically be extended to
uncontrolled studies, whether estimates are derived from historical controls, or from other

methods. The authors propose the calculation of several E-values for any given analysis

1 asimple E-value between the point estimates of outcomes
9 one based on a covariate adjusted model
1 one based on the minimum E-value needed to reach the limit of the 95% confidence

interval for outcomes.

Although no firm conclusions can be drawn regarding the absolute size of the E-value, it may
be helpful in informing decision making by quantifying the strength of evidence for the
intervention (and providing reassurance where results are unlikely to be due to confounding).
Given patient numbers are often small in uncontrolled studies this is particularly important
(as a large effect size may be highly uncertain). Alongside the provision of E-values for the
comparison in question, communication of their meaning also also be helped by provision of

E-values from other interventions in the disease area.

2.4 EMERGING METHODOLOGIES

The above sections consider the methods which have been established for use in medicine,
however there exist a number of other approaches which are in wide in other disciplines
(such as computer science), and may be applied to medicine to estimate comparative

advantage.

|2.4.1 THE USE OF REAL WORLD DATAOBTO ESTABLISH CONTROL ARMS

Although all data are from the deal world§ the term deal world data6(RWD) is often used to
describe data collected as a part of routine clinical practice, as opposed to collected for a
specific purpose such as a trial, registry, or case series (Berger et al., 2017). With the growth
in data availability and data science as a discipline - added to the increased use of Electronic
Medical Records (EMR) there is the potential for control arms to be identified using these
databases, as opposed to being taken from clinical studies. Whilst attempts to replace RCTs
entirely are likely to face fierce resistance (Gerstein, McMurray & Holman, 2019), they may

be able to be used to quantify outcomes and create historical controls.
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Although work in the area is still relatively early, publications (largely from Flatiron Health,
now purchased by Roche) are beginning to be able to estimate control group outcomes
(Carrigan et al., 2019). An example of the approach is a paper estimating the comparative
effectiveness of alectinib in lung cancer, using EMR data as a control group i this approach
was required as the drug was licensed on the basis of an uncontrolled study (Davies et al.,
2018).

Other work is also ongoing on a similar theme from the GetReal collaborative - here
dvorkpackage 16has the aim to @evelop a framework for the acceptability of real world
evidence for estimating the effectiveness of new medicines6(Egger et al., 2016).

Whilst the approaches used are still in their early stages (and yet to be fully validated), in the
absence of other data, they may be able to assist decision makers to understand potential
outcomes. As such approaches have only recently become possible, it appears policies
towards the use of such data are yet to be fully defined (Makady et al., 2017), and it remains
to be seen how the complex models underlying the derivation of the datasets will be
received by regulators and payers.

The idea that RCTs may be able to be replaced by observational data is also not a new one;
in his 1980 paper &hy Data Bases Should Not Replace Randomised Clinical Trials§ Byar
cites a 1972 book by Cochrane, which in turn states @bservational evidence is clearly better
than opinion, but it is thoroughly unsatisfactory. All research on the effectiveness of therapy
was in this unfortunate state until the early 1950's6(Byar, 1980). It therefore appears that
although the approach of using EMR data is promising, there are recognised issues which
have yet to be solved, and repeated concern over the years about such an approach.

2.4.2 MACHINE LEARNING

Machine learning is a topical subject and active area of research across many fields. The
concept being to allow algorithms to explore data; testing a wide array of models and finding
associations that may not have been apparent to humans. These models have seen rapid
uptake by internet advertising giants, where large datasets are available to obtain insight
(James et al., 2013).

In terms of medicine, there exist few practical examples, though this may change in the
coming years. The most recent work published (McConnell & Lindner, 2019) shows the
method has promise in estimating treatment effect sizes, though at present is unlikely to be
practical when used in the context of uncontrolled studies; the sample size used in the

McConnell and Lindner paper was 5000 patients (1000 was the smallest sample - where
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performance was poor). In practical terms this therefore implies work will be needed to

establish the preferred methods in related areas, before they are applied uniformly.

2.5 SUMMARY OF EXISTING METHODOLOGIES FOR ESTIMATING
COMPARATIVE EFFECTIVENESS USING UNCONTROLLED STUDIES

In this section | show that there exist a variety of methods for the estimation of comparative
effectiveness. In this section | classify them according to their purpose (analysis of pair of
trials, versus creating estimates from a number of studies), and required access to individual

level data.

Over the time period | have been performing my research (with reading beginning in 2013)
the most active area appears to have been that around the use of the power prior. In this
area a number of papers and approaches have appeared (Isogawa et al., 2019; Banbeta et
al., 2019; van Rosmalen et al., 2018; Ibrahim et al., 2015; Nikolakopoulos, Tweel & Roes,
2018) where the method has been applied to different settings, and with different aims. The
other growth that appears to have happened is in the uptake of MAIC, which was first
published in the time before my research began, but by the end was in widespread use (with
NICE DSU guidance). Despite these changes, over the time period there do not appear to
have been substantial changes in the publicly stated willingness of regulators or payers to
receive uncontrolled study data, or preferred methods of analysis.

Although a number of methods are available, there are notable limits to existing knowledge.
This applies to areas such as MAIC where there is uncertainty where the method is
appropriate, to areas such as the power prior, where (despite developments) is no
framework to determine for the degree of down weighting to apply to each study. There is
also scope for new methods for the creation of historical control data, as evidenced by

attempts to use RWD and machine learning techniques to create synthetic control arms.
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3 IDENTIFICATION OF THE NUMBER OF TREATMENTS INVOLVED, AND
METHODS USED FOR MODELLING

In order to understand the scale of the issue, | conducted reviews to establish how many
treatments were licensed on the basis of uncontrolled studies, and how their comparative
effectiveness had been modelled. The aim of this was to establish the disease areas where
uncontrolled studies are frequently used, and the type of data (and approaches) used in the
analysis of the data i both for regulators and for payers. This chapter describes these

literature searches.

A summary of the identification of treatments licensed on the basis of uncontrolled studies
was published in BMJ Open (Hatswell et al., 2016), with a full details of each treatment
published as a UCL research report (Hatswell, Baio & Freemantle, 2017)

The first stage of this review was to identify treatments licensed on the basis of uncontrolled
clinical studies. This was done for the EU using the EMA website, and the US using the FDA

website.

As this study relates to how modelled estimates of efficacy have been constructed, the
search was limited to licenses granted since 1999, which also coincides with when NICE in
the UK first began to appraise the cost-effectiveness of medicines i requiring the estimation
of comparative effectiveness. The end date of the literature search was 7 May 2014, when
this research began.

73.1.1 REGULATORY PROCESSES IN THE UNITED STATES AND THE
EUROPEAN UNION

The regulatory approval process in the US and Europe is slightly different. In the US the role
of the FDA dates back to the 19th century (Food and Drug Administration, 2014), with
companies engaging with the FDA before the submission of a New Drug Application, which if
approved, allows the manufacturer to promote and sell the drug in the US (Lipsky & Sharp,
2001). Of particular relevance to this study is the accelerated approval process, in which
there is no set process, but where the FDA are willing to approve products on the basis of
surrogate outcomes pending confirmatory trials (Ciociola et al., 2014; Senderowicz & Pfaff,
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2014). As a whole, however, the FDA require Gubstantial6evidence from @dequate and well-
controlledostudies (Chow & Chang, 2019).

In Europe the situation is more complex i until recently each country was responsible for its
own decisions on drug availability. In 1995 the EMA was formed, with a key part of their role
being the administration of the @entralised authorisation procedured(Jefferys & Jones,
1995). Any product approved under this programme is given a marketing authorisation valid
in all EU countries, as well as Iceland, Norway and Liechtenstein i this approval route is
mandatory for new biotechnologies, orphan medicines, and treatments for cancer, HIV/AIDS,
diabetes, and other high profile / burden diseases (Netzer, 2006). The UK have now
withdrawn from the EMA, though this did not occur until after the period the review covers.

The alternative (and precursor) to the central authorisation procedure of the EMA is to gain
approval in one nation state, after which companies may apply for mutual recognition, where
that approval is converted to a Europe-wide approval. Should any individual regulatory body
object to this approval, the dispute can then be taken to the EMA (Powell, 2000; Miguel et
al., 2014). For this reason it is plausible that a product will be available within the EU but not
approved by the EMA i either by pre-dating the centralised procedure or by falling outside
the centralised procedure and being approved via mutual recognition. This underlines the
importance of including FDA approvals in this literature review so as to identify as many

possible drugs (and therefore economic models) that meet the criteria as possible.

3.1.2 DETAILS OF THE SEARCH OF THE EMA AND FDA DRUG APPROVAL
DATABASES

To identify treatments licensed on the basis of uncontrolled clinical studies, all treatments
licensed via the EMA centralised procedure and all label approvals by the FDA since 1999
were reviewed. Full details of the inclusion and exclusion criteria (as well as search terms)

are given in Appendix A, with details of the methods and search results described below.

In addition to data on approvals, also extracted was whether the treatments were approved
in an existing indication on the basis of RCT data (and applying for a license extension with
uncontrolled data), and whether applications were for treatments with an existing RCT based

approval.
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53.1.2.1 FOOD AND DRUG ADMINRATION

To identify drugs in the US, the database @ Dr u g s O6@&as Bowmoaded on 8 May 2014
from the FDA website. This is a relational database, the structure of which is shown in Figure
3-1.

Figure 3-1: Drugs@FDA database structure, taken from
http://lwww.fda.gov/Drugs/InformationOnDrugs/ucm079750.htm on 8 May 2014

Entity Relationship Diagram
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Once the database tables had been downloaded, they were imported into Microsoft Excel
2010 and linked with the use of the vliookup function. The list of drug approvals was then
used to identify the treatments licensed on the basis of uncontrolled study data. The
structure of this database is different to that of the EMA, in that it is arranged around label
approvals and not around the drugs themselves. Consequently there are multiple entries for

the majority of drugs.

For each approval the relevant documents were accessed and downloaded. The evidence
for each indication was reviewed in turn for the evidence included in the approval. The
documents most frequently containing this information were the FDA label, or the clinical

review of the New Drug Application.

From the 774 listed labels approved since 1999 by the FDA, 403 were deemed relevant, with

53 including at least one indication approved on the basis of uncontrolled study data. This

Page 66 of 181



Identification

Eligibility

Included

left a total of 60 indications approved on this basis, as shown in the PRISMA diagram in

Figure 3-21 some approvals were for more than one indication.

Figure 3-2: PRISMA diagram of drug indications approved on the basis of single arm trials by the Food and Drug

Administration

FDA Approvals:
1 January 1999 8 May 2014
Total =774

/ \ / Labels excluded (n=371): \

Generics (n=268)
Fixeddose combinations (n=3)
Duplicate listings (n=9)
Imaging / diagnostic technologies (n=24)
Antimicrobials (n=45)
Medical device (n=1)
Change in label, with no change in indication (n=1
No prescribing information available (n=4)

- /L J

403 labels assessed

53 labels included

60 Indications approved on the basis of
uncontrolled studydata

3.1.2.2 EUROPEAN MEDICINEEANCY

To identify drugs approved in the EU, all treatments listed as on the EMA website as being
given a central marketing authorisation were downloaded, and imported into a Microsoft

Excel spreadsheet. This was completed on 7 May 2014.

To identify relevant approvals, the EMA Summary of Product Characteristics (SPC) was
searched for the main evidence in support of the product (generally found in Section 5.1 1
Clinical efficacy and safety, or alternatively in the scientific discussion document). The
documents most frequently containing this information were the EMA license (in Section
5.1), or the Scientific Discussion, a document produced by the EMA detailing the evidence

for an application, and the reasons a decision was made. Only those products that met the
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inclusion criteria and that were licensed exclusively on the basis of uncontrolled data were

selected for extraction.

Reviewing drug approvals led to the review of 795 drug approvals, of which 415 were
deemed relevant drugs. This led to 37 drugs being identified as having been licensed in 44
indications on the basis of uncontrolled studies, as shown in the PRISMA diagram in Figure
3-3.

Figure 3-3: PRISMA diagram of drug indications approved on the basis of since arm trials by the European Medicines

Agency

EMA Drug Approvals:
1 January 1999 7 May 2014
Total = 795

/ \ / Treatments excluded (n=379): \

Generics (n=150)
Biosimilars (n=17)
Fixeddose combinations (n=35)
Vaccines (n=48)
415 Drugs assessed Duplicate listings (n=51)
Imaging / diagnostitechnologies (n=15)
Blood recombinant blood products (n=33)
Antimicrobials (n=16)
Medical device (n=1)

\ / \ No SPC available (n=14) /

35Drugs included

44 Indications approved on the basis of
uncontrolled studydata

53.1.2.2.1 ERRORS IN THE EMAJBROATABASE

Whilst searching the EMA drug approval databases, | noticed an error on the Summary of
Medicinal Product Characteristics (SmPC) for lipefilgrastim (Lonquex®) (European

Medicines Agency, 2014b). The primary endpoint of many of the studies, ®SN§ was not
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defined at any point. With further research on the primary studies, | believe this was intended

to be defined as ODuration of Severe Neutropeni a

Based on this | contacted the EMA, who have confirmed this is an error, which was rectified
on the next update of the license (European Medicines Agency, 2014a).

%3.1.2.3 HOW THEVIDENCE WAS ASSBSSE

In order to establish the evidence used, the first item checked was the product label, where
the evidence informing efficacy is typically stated (the relevant sections are noted under the
headings for each agency).

Where no randomised data was included in the product label, the original submission was

consulted. For FDA approvals (which have an exceptional level of transparency) the clinical

review for the product was reviewed 1 this included all data reviewed for the approval. For

EMA approvals after each decision (positive or n
produced. These documents (approximately 100 pages long), detail the disease

background, evidence provided, and justification of the decision made by the regulator. If no

RCT data with an active or placebo control was available (even in early stages), the product

was deemed to be approved based on uncontrolled study data.

After classification of each product, the dates of submission, decisions, and whether the
approval was a first approval for the drug (or a follow on indication) were documented in a
Microsoft Excel spreadsheet, along with any reasons for exclusion. After identification, this
spreadsheet was then able to be used to not only count approvals, but also compare

between agencies.

3.1.2.4 FURTHER LITERATUREREHING

After the initial filtering of the FDA website, | searched for each of the drugs approved by the
EMA but not by the FDA within the dates of my search, and vice versa. This was with the
objective of identifying drugs that had been approved in both jurisdictions, but with one of the
approvals having been granted outside the date range of literature search.

As a result of this searching, four further approvals were identified, all for drugs licensed by
the EMA after 1999 but approved by the FDA prior to this. These were

1 Paclitaxel, approved by the EMA in 1999, approved by the FDA 1997

1 Sodium Phenylbutyrate, approved by the EMA in 1999, approved by the FDA in 1996
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1 Zinc acetate, approved by the EMA in 2004, approved by the FDA in 1997
1 Anagrelide, approved by the EMA in 2004, approved by the FDA in 1997

These were therefore also included in my review, as they facilitate comparisons of the
approach of FDA and EMA to uncontrolled data. For completeness, any drug not listed as
approved (or rejected) by an agency was searched for using Google, in case of press

releases or financial statements that detailed a withdrawn or rejected application.

3.1.3 CONSOLIDATED LIST OF TREATMENTS LICENSED ON THE BASIS OF
UNCONTROLLED STUDIES FROM 1999 TO 2014

The number of approvals based on uncontrolled clinical study data for each regulatory body
and the consolidated number of approvals (taking into account treatments licensed in both
jurisdictions for the same indication) are shown in Table 3-1.

Table 3-1: Number of drugs and indications approved in the EU and US on the basis of uncontrolled clinical study data

Drugs Indications
FDA approvals 54 64
EMA approvals 35 44
Total number of approvals 62 74

A full list of the approved drugs, disease area, categorisation, approval status for each
agency is shown in Table 3-2.
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Table 3-2: Drugs submitted to the EMA and FDA containing only uncontrolled clinical studies
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Generic name Condition Categorisation FDA EMA RCT. data
Status  Status available
Abarelix Prostate cancer Solid tumour oncology A - No
Alemtuzumab Chronic lymphocytic leukaemia (CLL) Haematological oncology A A No
Alglucosidase Alfa Pompe disease Rare metabolic condition A A No
Alipogene Tiparvovec Familial lipoprotein lipase deficiency (LPLD) Rare metabolic condition - A No
Anagrelide Essential thrombocytopenia Blood count A* A No
Argatroban Heparin-induced thrombocytopenia (HIT) Blood count A* - No
Arsenic Trioxide Acute promyelocytic leukaemia (APL) Haematological oncology A A No
Asparaginase Erwinia Chrysanthemi Acute lymphoblastic leukaemia (ALL) Haematological oncology A - No
Bendamustine Hydrochloride Non-Hodgki nds Lymphoma Haematological oncology A - Yes
Betaine Anhydrous Homocystinuria Rare metabolic condition - A No
Bexarotene Cutaneous T-cell lymphoma (CTCL) Solid tumour oncology A A No
Bortezomib Multiple myeloma (MM) Haematological oncology A A No
Bortezomib Mantle cell lymphoma (MCL) Haematological oncology A - Yes
Bosutinib Chronic myeloid leukaemia (CML) Haematological oncology A A Yes
Brentuximab Vedotin Hodgkin's lymphoma (HL) Haematological oncology A A No
Brentuximab Vedotin Systemic anaplastic large cell lymphoma (SALCL) Haematological oncology A A No
Busulfan Haematopoietic progenitor cell transplantation (HPCT) Haematological oncology A A Yes
Carfilzomib Multiple myeloma (MM) Haematological oncology A - No
Carglumic Acid Chronic hyperammonemia Rare metabolic condition A A No
Ceritinib Non-small cell lung cancer Solid tumour oncology A - No
Cetuximab Colorectal cancer Solid tumour oncology A A No
Cholic Acid (Kolbam) Inborn errors in primary bile acid synthesis Rare metabolic condition - A No
Cholic Acid (Orphacol) Inborn errors in primary bile acid synthesis Rare metabolic condition - A No
Cladribine Hairy cell leukaemia Haematological oncology - A No
Clofarabine Acute lymphoblastic leukaemia (ALL) Haematological oncology A A No
Crizotinib Non-small cell lung cancer Solid tumour oncology A - No
Dasatinib Chronic myeloid leukaemia (CML) Haematological oncology A A No
Dasatinib Philadelphia chromosome-positive acute lymphoblastic leukaemia (ALL) Haematological oncology A A No
Defibrotide Veno-occlusive disease Poisoning - A Yes
Dexrazoxane Hydrochloride Anthracycline extravasation Poisoning - A No
Ferric Hexacyanoferrate(li) Internal contamination with radioactive caesium or thallium Poisoning A - No
Gefitinib Non-small cell lung cancer (NSCLC) Solid tumour oncology A - No
Gemtuzumab Ozogamicin Acute myeloid leukaemia (AML) Haematological oncology S S No
Glucarpidase Toxic plasma methotrexate concentrations Poisoning A S No
Hydroxocobalamin Treatment of cyanide poisoning Poisoning A A No
Ibrutinib Mantle cell lymphoma (MCL) Haematological oncology A - No
Ibrutinib Chronic lymphocytic leukaemia (CLL) Haematological oncology A - No
Imatinib Mesylate Chronic myeloid leukaemia (CML) Haematological oncology A A No
Imatinib Mesylate Gastrointestinal stromal tumours (GIST) Solid tumour oncology A A No




Imatinib Mesylate

Imatinib Mesylate
Imatinib Mesylate
Imatinib Mesylate

Imatinib Mesylate

Ixabepilone

Lomitapide Mesylate
Metreleptin

Nelarabine

Nilotinib Hydrochloride Monohydrate
Nitisinone

Ofatumumab

Omacetaxine Mepesuccinate
Paclitaxel

Pasireotide Diaspartate
Pentetate Calcium Trisodium
Pentetate Zinc Trisodium
Pomalidomide

Ponatinib Hydrochloride
Ponatinib Hydrochloride
Pralatrexate

Raxibacumab

Romidepsin

Sodium Ferric Gluconate Complex
Sodium Phenylbutyrate
Sunitinib Malate
Taliglucerase Alfa
Temoporfin

Temozolomide

Tocofersolan

Tositumomab; lodine | 131
Tositumomab

Trabectedin

Vismodegib

Vorinostat

Zinc

Myelodysplastic / myeloproliferative diseases (MDS / MPD) associated with

platelet-derived growth factor receptor (PDGFR) gene re-arrangements
Soft tissue sarcoma - Dermatofibrosarcoma protuberans (DFSP)
Philadelphia chromosome-positive acute lymphoblastic leukaemia (ALL)
Aggressive systemic mastocytosis (ASM)

Advanced hypereosinophilic syndrome (HES) and / or chronic eosinophilic

leukaemia (CEL) with FIP1L1-PDGFR rearrangement
Breast cancer

Familial hypercholesterolemia (HoFH)

Lipodystrophy due to leptin deficiency

T-cell acute lymphoblastic leukaemia / lymphoma (T-ALL / T-LBL)
Chronic myeloid leukaemia (CML)

Hereditary tyrosinemia

Chronic lymphocytic leukaemia (CLL)

Chronic myeloid leukaemia (CML)

Kaposi's sarcoma

Cushing's disease

Internal contamination with plutonium, americium, or curium
Internal contamination with plutonium, americium, or curium
Multiple myeloma (MM)

Chronic myeloid leukaemia (CML)

Philadelphia chromosome-positive acute lymphoblastic leukaemia (ALL)
Peripheral T-cell lymphoma (PTCL)

Anthrax inhalation

Peripheral T-cell lymphoma (PTCL)

Iron deficiency

Urea cycle disorders

Renal cell carcinoma

Gaucher's disease

Head and neck cancer

Anaplastic astrocytoma

Vitamin E deficiency due to cholestasis

Non-Hodgkin's lymphoma

Soft tissue sarcoma

Basal cell carcinoma

Cutaneous T-cell lymphoma (CTCL)

Wilson's disease (hepatolenticular degeneration)

Haematological oncology

Solid tumour oncology
Haematological oncology
Haematological oncology

Haematological oncology

Solid tumour oncology
Rare metabolic condition
Rare metabolic condition
Haematological oncology
Haematological oncology
Rare metabolic condition
Haematological oncology
Haematological oncology
Solid tumour oncology
Rare metabolic condition
Poisoning

Poisoning
Haematological oncology
Haematological oncology
Haematological oncology
Haematological oncology
Poisoning
Haematological oncology
Rare metabolic condition
Rare metabolic condition
Solid tumour oncology
Rare metabolic condition
Solid tumour oncology
Solid tumour oncology
Rare metabolic condition

Haematological oncology

Solid tumour oncology
Solid tumour oncology
Haematological oncology
Rare metabolic condition

> >P>E>>P>>>>P>>>>>P>>>>>>> > >>> >

>

>

> >

>n > n:

>0 > 0N D> D>V

>0nr>

Yes

Yes
Yes
Yes

Yes

Yes
No
No
No
No
No
No
No

Yes
No
No
No
No
No
No
No
No

Yes
No
No
No
No
No

Yes
No

No

No
No
No
No

A=Approved, A*=Approved prior to 1999, S=Submitted but not approved

Page 72 of 181




A full description of each the circumstances surrounding each individual drug approval has
been presented in a separate working paper (Hatswell, Baio & Freemantle, 2017). These
working papers summarise the evidence for the treatment, the regulatory milestone dates,
and the decisions made by the FDA and EMA, including if a submission was withdrawn or
rejected.

73.1.4 DISEASE AREAS WHERE UNCONTROLLED STUDIES HAVE MOST
FREQUENTLY BEEN THE BASIS FOR DRUG APPROVALS

Of the 74 indications approved without controlled trial data, the largest single group (34
treatments) can be categorised as treatments for haematological malignancies. These
treatments (for example imatinib, ofatumumab, and carfilzomib) were licensed on the basis
of uncontrolled trials using response rates as the primary outcome. The next most common
types of approval are treatments for metabolic disorders (¢  p ) such as taliglucerase for
Gaucher 6 s dsolgdémaueoncolagytceatments (¢ p Y which used response
rate as the primary outcome in trials - for example ixabepilone for the treatment of metastatic

breast cancer.

The remaining approvals were for poisonings (¢ ), and treatments based on
haematological markers (¢ ), for example anagrelide for the treatment of essential

thrombocytopenia.

That the majority of approvals (49/74, 66%) were either haematological or solid tumour
oncology corresponds with previous work regarding drug licensing, which shows a lower
barrier to oncology drug approval in the US (Light & Lexchin, 2015). This particularly seems
to be the case with FDA reviews i of the nine rejected EMA applications, seven were in

oncology with the EMA highlighting uncertainty regarding the benefit-risk of the treatments.

Of the total of 74 indications, 39 of the treatments would primarily be used by
haematologists, whilst 60 of the 74 approvals were for treatments that were not already
licensed on the basis of RCT evidence. All of the treatments that had other RCT evidence in

another indication were in either haematological oncology, or solid tumour oncology.

3.1.5 COMPARISON BETWEEN THE FDA AND EMA ON THE NUMBER OF
APPROVALS, AND THE DATES OF REVIEWS

In comparing the two agencies, the FDA and EMA received different numbers of applications
for treatments based on uncontrolled clinical studies (counting only treatments approved in

at least one jurisdiction).
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53.1.5.1 CONSISTENCY OF DENBETWEEN THEIA AND FDA

Of the 44 applications made to both the FDA and EMA, there also appears to be a difference
in the chance of approval. The FDA approved 43 of the 44 applications made rejecting 1,
whilst the EMA approved 35 of the 44 - the nine applications not approved were either
rejected by the EMA, or withdrawn by the submitting manufacturer, with a provisional

negative decision in place.

In addition to the nine rejections, in a further five cases the EMA approval was only given

once results from a RCT were available.

53.1.5.2 DIFFERENCES IN D®JE SUBMISSIGNO REGULATORS

Based on the data in this review, companies appear to submit to the FDA before the EMA.
Of the 44 treatments submitted to both the FDA and EMA, 35 were submitted first to the
FDA. The mean delay from the FDA submission to the EMA submission was 7.1 months in
treatments approved by both agencies, and 7.2 months including those rejected by one

agency.

Whilst it is to be expected the submissions cannot be conducted in parallel due to the same
staff working on both (for example trial statisticians and researchers), the literature search
conducted suggests a strong preference for submitting to the FDA first. Whilst we can only
speculate on the reasons for this apparent difference, potential reasons could include a more
favourable regulatory environment (either perceived or real), differences in review time, the
market size (pharmaceuticals are typically priced higher in the US), differences in uptake
rates, or familiarity with the US healthcare system (many pharmaceutical companies are
headquartered in the US).

53.1.5.3 COMPARISON OFDA AND EMA REVIEWIES

In comparing the review times, a clear difference between the two agencies is also apparent,
with the FDA taking less time to reach a decision. Of the 34 treatments approved by both
agencies, the FDA had a shorter review on 31 occasions. In these instances the mean FDA
review time was 8.7 months, compared to a mean of 15.5 months for the EMA i a difference

of 6.8 months.

The differences in submission and review times is shown in
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Figure 3-4: Timeline from submission to approval of pharmaceuticals licensed on the basis

of uncontrolled study data by both the FDA and EMA
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for treatments approved in both regions 1 the diagram clearly shown the EMA review time
(blue) beginning after the FDA review time (grey), and lasting longer. Including effects of the
delay in submission, the mean delay to European approval after US approval was 13.1
months. Not shown in the diagram are the five treatments approved only in Europe on the
basis of comparative data, which were approved a mean of 21.5 months after US approval

was granted.
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Figure 3-4: Timeline from submission to approval of pharmaceuticals licensed on the basis of uncontrolled study data

by both the FDA and EMA
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3.1.6 CONGRUENCE OF FINDINGS WITH THE EXISTING LITERATURE

3.1.6.1 DIFFERENCES BETWEEN AND EMA APPROSAL

The finding that the FDA reviewed applications faster than the EMA is not unique only to

drugs licensed on the basis of uncontrolled study data. A study of tyrosine kinase inhibitors

approved by the two agencies found the FDA reviewed products faster than EMA (205 vs

410 days), however found that the difference was
process, accounting for 0 vs 184 days of review time (Shah, Roberts & Shah, 2013). A

second study also noted a difference in the speed of approval of cancer drugs, a median of

182 days for the FDA compared to 350 days for the EMA (Roberts, Allen & Sigal, 2011). A

further study has shown a similar trend of longer review times by the EMA in all

pharmaceuticals (not specific to oncology) 1 303 days for the FDA vs 366 days for the EMA

(Downing et al., 2012).

There are several potential reasons for the differences observed between agencies. Firstly
the FDAG6s extensive use o,fwithpp@ducseallowad otstowresalfspnr oval s 6
a surrogate endpoint, with confirmatory RCTs completed at a later point (Dagher et al.,
2004). This may also explain why the difference in oncology treatments is much larger than
that seen with pharmaceuticals in general. A second potential reason may be differences in
the attitude of regulators to benefit-risk (which may in turn reflect differences in population
attitudes). Qualitative interviews with American and US regulators found those in the US to
be more willing to give patients the opportunity to benefit from treatments - even if the
outcomes were less certain. In contrast a more conservative approach was seen in
European regulators (Tafuri et al., 2014). This apparent difference in attitude however does
not always lead to the FDA being more receptive to uncertainty; as a different study found
that although regulatory processes between the two regions do occasionally lead to clinically
meaningful differences in outcomes, the direction of these differences is not consistent
(Trotta et al., 2011).

Another potential reason for the differences between the two agencies in review time, and
approval rate, is the level of interaction prior to a submission. When applying for approval to
market a drug in the US, companies will frequently take advice from the FDA on trial design,
and meet to discuss what outcomes are expected. For example FDA guidance on clinical

trial endpoints states:

Although general principles outlined in this guidance should help applicants select endpoints
for marketing applications, we recommend that applicants meet with the FDA before
submitting protocols intended to support NDA or BLA marketing applications. The FDA will
ensure that these meetings include a multidisciplinary FDA team of oncologists, statisticians,
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clinical pharmacologists, and often external expert consultants. Applicants can submit
protocols after these meetings and request a special protocol assessment that provides
confirmation of the acceptability of endpoints and protocol design to support drug marketing
applications (Food and Drug Administration, 2007:p.12)
This is a different process to the EU, where companies may choose to take scientific advice
from the EMA, though this is not a required step. It does seem logical however that if
companies are encouraged to meet regularly with the FDA to ensure a submission package
will be acceptable, provided the data from trials is supportive, there should be fewer
guestions regarding whether an application is approvable. Equally if questions around the
applicability of endpoints have been discussed prior to the submission being received, this

should speed the process.

Another difference betwe en t he t wo agenci es, is how interact
clockd. The process for the EMACommitieceforal i sed pr oc
Medicinal Products for Human Use (CHMP) must issue an opinion within 210 days of a

review beginning. As a part of this process there are two opportunities for the EMA to ask

guestions of the manufacturer,dur i ng which the 210 ,datifthe6cl ockd i
company responds (Jefferys & Jones, 1995). This is different to the FDA process of back

and forth questions and continuous review until a decision is reached (Ciociola et al., 2014).

Given the limited opportunities for questions from the EMA, it does seem logical that those

asked will be extremely comprehensive, and may exceed what may be seen to be required

as the review continues. This in turn may lead to a longer process than one where the

regulator is allowed to ask questions on an ad hoc basis.

A final factor influencing the timing of decisions may be that that once a recommendation
has been made by the CHMP, it is then passed to the European Commission (a body of civil
servants and politicians) to give a final decision, a step that takes 67 days (although this can
take substantially longer). This stage adds to the time needed for treatments to be approved
in the EU (Wade, 2010).

53.1.6.2 NUMBER OF TREATMENP®ROVED ON THE BBASF UNCONTROLLEDBIES
OVER TIME

Whilst my review did not identify any clear trend for approvals over time based on
uncontrolled studies, anecdotal evidence is that this rate is either increasing, or expected to
increase. The reason for this relates to regulatory initiatives to allow patients access to
medicines at earlier stages, for example the EMA Priority Medicines (PRIME) scheme.
Under this scheme drugs will be allowed earlier market access (usually conditional on further

trials) for diseases with an immediate threat to life (Antofianzas, Terkola & Postma, 2016). In
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practice such early data are likely to take the form of uncontrolled studies, though how the

process will evolve is unclear.

A second potential reason for not identifying a trend is that the cut-off date for my review was
the date of searches (May 2014), shortly before the approval of a series of treatments for
Hepatitis C i many of which were based on uncontrolled studies. Whilst these products may
or may not have resulted in an increase in the number of treatments approved without RCT
evidence in being for a large patient population (and with a high price), their availability may
have raised awareness of such approvals (Kish, Aziz & Sorio, 2017).

53.1.6.3 DISEASE AREAS WHEBREONTROLLED STUNEE CONDUCTED

That the majority of approvals were in cancer, and specifically haematology mirrors the
finding of Sacca (2010) who found that whilst only 13% of ongoing chronic heart failure
studies were uncontrolled, 66% of studies in acute myeloid leukaemia were uncontrolled.
Although not directly comparable (the studies were not necessarily registrational studies),
this finding does indicate that uncontrolled studies are more acceptable in some areas of

medicine.

3.1.7 SUBSEQUENT WORK PERFORMED BY OTHERS IN THE AREA

The review published in 2014 as a part of my PhD has been referenced by other researchers
(as of 4 August 2019 there were 42 citations listed in Google Scholar, 11 of which were
listed in PubMed Central) who have used the paper in support of other work, or developed

the research further.

The papers most relevant to my work look further in to drug approvals based on uncontrolled
studies. In this area work by Shepshelovich et al. (2018) found that drugs licensed with
supporting RCT evidence had fewer label changes for safety reasons than the drugs |
identified as having being licensed without supportive RCT data. Work by Djulbegovic et al.
(2018) looked at the effect sizes seen with drugs licensed using only uncontrolled study
data. They found these effect sizes larger (using a variety of techniques) than the effect
sizes seen in drugs licensed with RCT data T indicating (as may be expected) that the
decision to pursue a license with uncontroll ed s
coul d be expec Alsodfdelevance is a nemew by Davies et al. (2017) which
showed that it is uncommon that further data become available for drugs licensed on
uncontrolled studies (even when no RCT evidence is available). This highlights the

importance of the question addressed in the thesis (of how best to estimate comparative
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effectiveness), as in most cases it appears the evidence available from uncontrolled studies

at launch will not be validated in confirmatory RCTs (or potentially in studies of any kind).

The most relevant citation however would be by Goring et al. (2019) who updated the
systematic review | performed (though not using as broad of a scope) to include newer
products, and investigated the source of control arms further. Their findings were stated to
corroborate those seen in my review 1 that uncontrolled studies are rarely (but consistently)
used for drug approvals i with an apparent increase in the period from 2012 to 2017,
compared to 2005 to 2011. This however represents an arbitrary date cutoff, and if other
dates were used, the findings may have been different i it therefore remains to be seen if
the rate of approvals increase. Should this be the case | suspect it will be due to the
introduction of drugs with different mechanisms which have a more compelling reason for
belief in a step change; for instance gene therapies and Chimeric antigen receptor therapies,

as opposed to a differing willingness to accept uncontrolled data from TKis, for instance.

Citations which are less relevant to my work though still of interest, involve work around
reimbursement. The first paper suggests that the lack of a RCT does not hinder the
reimbursement of treatments compared to drugs in similar indications (Anderson et al.,
2019). A second paper then found that the determining factor in drug approval by payers
was the type of marketing authorisation, with the type of evidence available per se not being
the determining feature of coverage decisions, but rather the evidence impacting the type of
license granted, with lower rates of coverage from payers for drugs with conditional

marketing authorisation (Vreman et al., 2019).

3.2 METHODS USED FOR ESTIMATING EFFECTIVENESS FROM
UNCONTROLLED STUDIES

A summary of the identification of treatments licensed on the basis of uncontrolled studies
was published in Pharmacoeconomics (Hatswell, Freemantle & Baio, 2017a), with a full
report published as a UCL research report (Hatswell, Freemantle & Baio, 2017hb)
Having identified treatments licensed on the basis of uncontrolled clinical studies, the second

stage of my review was to search for modelling approaches that have been used for drugs

licensed on data from uncontrolled clinical studies.

To do this, | searched published literature (via PubMed and the ISPOR Scientific
Presentations Database) and HTA websites (NICE, SMC, and AWMSG) for modelling
studies performed to estimate the effectiveness of the drugs identified in Chapter 3. The

results of these literature searches are described in the sections below.
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3.2.1 LITERATURE SEARCH FOR MODELLED ESTIMATES OF THE
EFFICACY OF DRUGS LICENSED ON THE BASIS OF UNCONTROLLED
CLINICAL STUDIES

To identify models based on uncontrolled study data, three sources were searched, these

were
1 Medline (via PubMed), for peer reviewed papers
1 The ISPOR Scientific Presentations Database

1 The databases of NICE, SMC and AWMSG, the UK Health Technology Assessment
bodies

The searches performed in each of these databases are discussed in turn, along with the
rationale for the inclusion of each paper

53.2.1.1 MEDLINE (VIA PUBMED)

MEDLINE is the US National Library of Medicine journal citation database, with over 22
million citations to biomedical and life sciences journal articles dating back to 1946. Journals
are assessed for quality, before they are indexed in the database (National Institute for
Health, 2014).

PubMed is a website that searches the MEDLINE database, plus an additional number of
publications i those available online ahead of print (prior to full citations being available from
MEDLINE), the inclusion of other general science journals, and articles from journals before
that journal was included on MEDLINE. In total, this adds approximately an additional two
million items (National Institute for Health, 2014). Given the research | am interested in (i.e.
medicine), this will only have been published in medical and health services research
journals. The comprehensiveness of the PubMed search therefore negates the need to

search other indexes.

A series of search terms was used to find peer-reviewed modelled estimates of efficacy of
the medicines identified in Chapter 3 1 including extrapolations of trial data, economic
models, and comparative effectiveness estimates. These search terms were then combined
with each individual drug name, and 74 searches conducted; one for each of the drugs of

interest. Full search terms are given in Appendix B.

After potentially relevant searches were completed for each drug, the results were filtered by
reviewing the title and abstracts to exclude irrelevant publications, with the reason for

exclusion noted. The full papers extracted were then retrieved for review. The reasons for
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exclusion were evaluated in a hierarchical fashion, with the first reason for exclusion listed,

and the abstract not then assessed against the other criteria.

Full text articles were then reviewed, either for inclusion as economic models based on
uncontrolled study data or as irrelevant to the thesis, with the reason for exclusion noted.
The result was that 29 full publications were included, from 1202 initial hits in PubMed. A full

PRISMA diagram for the literature review is shown in Figure 3-5.

Figure 3-5: PRISMA diagram of modelled comparisons retrieved from PubMed
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53.2.1.2 ISPORSCIENTIFIC PRESENONS DATABASE

Health economic models are not always presented in full peer reviewed publications due to

the different objectives of both pharmaceutical companies and employees 1 although
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publication is desirable in some instances, it is not a priority nor a metric for career
achievement. In addition, work is likely to be presented at conferences before a full (peer
reviewed) publication is available. In order to capture models that fit into these categories,
posters and presentations from meetings of the International Society for
Pharmacoeconomics and Outcomes Research conferences were also searched. In contrast
to other conferences in the field ISPOR also has a large attendance from the pharmaceutical
industry, who are responsible for the production of many models i this means the archives

are more likely to contain relevant abstracts.

Although the conference abstracts can be searched online (with the full poster or
presentation available as a PDF if uploaded by the author), the database does not allow for
complex searches. As only simple Boolean operators are possible, a search was conducted
for each drug by generic OR US trade OR EU trade name.

The results of these initial searches were then screened for relevance by initial reading of
the abstract and title. Potentially relevant abstracts, or where there was uncertainty
regarding relevance, the abstract was included for full review. After the initial review, a full
review was performed of abstracts that passed the initial screening. Where available, this
included downloading and reviewing the PDF of the poster / presentation.

Based on these searches and review, 16 conference abstracts were included from 1780
initial hits, with 43 abstracts reviewed in full. A full PRISMA diagram is shown in Figure 3-6.
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Figure 3-6: PRISMA diagram of modelled estimates identified in the ISPOR Scientific Presentations database
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53.2.1.3 HEALTH TECHNOLOGPR®SAL BODIES (NISEC, AND AWMSG)

In the UK NHS, decisions on whether a new pharmaceutical will be approved for use, in
general, are taken by health technology assessment bodies. In England and Wales, the
National Institute for Health and Care Excellence (NICE) is the main agency, with some
decisions (Multiple Technology Appraisal) also applicable in Scotland. In general for a NICE
submission, the company will construct an economic model, which will be critiqued by an
independent academic group (the Evidence Review Group, or ERG), who may also
construct their own model. These models (along with the clinical data and other analyses
provided) then form a part of the deliberative process for the appraisal committee, who then

issue a decision of whether the drug should be funded in the NHS.

Whilst NICE have topics referred to them by the Department of Health, on launch, the
Scottish Medicines Consortium (SMC) will often ask to see a full submission for a new drug
from the company (this decision is made by the SMC, following provision of outline

information by the company). As a result, they conduct a lot more appraisals than NICE, with

Page 85 of 181



a shorter process. Essentially for SMC submissions, the company submits a dossier with
clinical and economic evidence to the SMC, who will have it reviewed by an independent
economist and who will ask questions of the company to identify any issues with the
submission. All the evidence is then taken into consideration at the SMC meeting, where a
decision on whether the drug should be approved for use is made.

The All Wales Medicines Strategy Group (AWMSG) has a similar process to the SMC,
although it does not review drugs that are due to be reviewed by NICE, unless there are
exceptional circumstances (for example a long delay in NICE guidance), as NICE guidance
overrules AWMSG guidance.

To identify guidance issued based on the drugs identified in Chapter 3, | searched the
websites of each of the UK health technology appraisal bodies, with the results of these
searches described below.

13.2.1.3.1 NATIONAL INSTITUTE FOR HEALTH AND CARE EXCELLENCE (NICE)
‘ APPRAISALS

| | searched the NICE website and downloaded the documentation surrounding each relevant
appraisal, which was reviewed for economic models constructed as a part of the process,
either by the manufacturer or the independent evidence review group (ERG). This search
yielded 19 hits, with nine assessments having relevant models included after review. A full
PRISMA diagram is shown in Figure 3-7.
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Figure 3-7: PRISMA diagram of NICE appraisals involving economic models
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53.2.1.3.2 SCOTTISH MEDICINES CONSORTIUM SUBMISSIONS

| searched the SMC website, with all relevant appraisal documents available then reviewed.

Prior to 2005, SMC assessments offered limited publicly available information; with only a
statement regarding a positive or negative decision available. Over time, the amount of
information released has increased to be (at the time of the literature review) a summary of
the clinical evidence provided, a summary of the health economic evidence provided, and an
assessment of the strengths and weaknesses of each. This level of information has not been
provided retrospectively; therefore, for some early SMC assessments, it is not possible to
conclude how any economic model(s) were constructed, and even in later appraisals, there

is often ambiguity in the methods.

The resulting review of SMC submissions yielded 16 submissions describing economic
evaluations of interest. Interestingly, 13/52 times the manufacturer of a product chose not to
submit to the SMC. A full PRISMA diagram is shown in Figure 3-8.
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Figure 3-8: PRISMA diagram of Scottish Medicines Consortium submissions
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53.2.1.3.3 ALL WALES MEDICINES STRATEGY GROUP (AWMSG) SUBMISSIONS

"The process for identifying AWMSG submissions of relevance was very similar to that used

for identifying SMC submission, with similar issues relating to the level of reporting in the
early 2000s and the number of non-submissions (13/27).

Ultimately, five appraisals were included with a full PRISMA diagram shown in Figure 3-9.
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Figure 3-9: PRISMA diagram of All Wales Medicines Strategy Group submissions
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53.2.1.4 CONSOLIDATED REPORTOF IDENTIFIMDDELLED ESTIMATESEBPFICACY

After searching the two databases and websites of the three health technology assessment
bodies, a total of 76 papers was identified from the various sources. A tabulation of the
number of hits, reason for exclusion (shown in italics), and number included from each

source is shown in Table 3-3.
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Table 3-3: Number and source of modelled estimates of efficacy identified as being based on uncontrolled clinical

study data, with reasons for exclusion shown in italics

NICE SMC AWMSG ISPOR PubMed | Totals
Number of hits 19 52 27 1780 1202 3136

Non-submissions 2 13 13 28

For review 17 39 14 43 56 169
Excluded 8 23 9 28 27 95
Different indication 0 0 1 2 7 11
Different drug or intervention 0 0 0 4 3 7
Clinical paper or commentary 0 0 0 1 1 2
Not an economic model 0 5 0 2 6 13
Model based on RCT data 8 9 3 5 9 33
Insufficient information 0 9 5 14 1 29
Included 9 16 5 15 29 74

3.2.2 DESCRIPTION AND DE-DUPLICATION OF PUBLISHED ESTIMATES

During full review, it was apparent that a number of the models were reported multiple times,

for example used in a NICE submission, an SMC submission, and then presented at ISPOR.

Equally, other papers reported several approaches to modelling the uncontrolled data, and

these different approaches were therefore more relevant than describing individual papers.

De-duplication was performed by looking through the detailed descriptions of model

structures, and approach to estimation of efficacy. Three examples of models without a 1:1

relationship with publications are listed below to give examples of the results of the de-

duplication process. A full description of each of the models identified is given in Hatswell et

al. (2017Db)

9 Cost-utility decision tree of argatroban compared to alternative treatments in heparin-

induced thrombocytopenia
0 This model appears to have been used for both SMC and AWMSG

submissions and compared argatroban to two alternatives and no treatment
(AWMSG, 2012; Scottish Medicines Consortium, 2012).
o Clinical efficacy data for argatroban was taken from the historically controlled

trials used for the drug licensing (comparing argatroban to a historical case

series of US patients). Comparisons were also made to other treatments

(danaparoid and lepirudin), using a naive comparison of the treatment arms.

o The model structure, comparators, and clinical data were described as being

the same in both the AWSMG and SMC documents, with the time frame also

being identical
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1 Comparison of temoporfin photodynamic therapy with palliative care or
chemotherapy in advanced head and neck cancer

0 This model was described in a publication by Hopper et al., as being a
comparison of palliative care, chemotherapy and photodynamic
therapy(Hopper, Niziol & Sidhu, 2004). The model used trial results from the
two clinical studies (without adjustment) as inputs for the effectiveness of the
three treatments in the model T one RCT of chemotherapy vs. palliative care,
and the temoporfin trial. No adjustments were made for differences in patients
between trials.

0 The same model was adapted to Germany, with the same approach to the
estimation of effectiveness but German costs used 1 the authors (some of
whom are authors on the publication
published model developed on the base of English data was fed with German
c ost 1 (Kabtemebdal., 2005).

1 Trabectedin for the treatment of soft tissue sarcoma (STS) using a historical control

0 Trabectedin was assessed by NICE for the treatment of STS in TA185, with
the company creating a model for submission to estimate the cost
effectiveness of the drug. For comparative data, the model used data from the
trabectedin clinical study, and compared this to a set of historical controls. In
this case the historical controls consisted of four pooled trials published by the
European Organisation for Research and Treatment of Cancer 1 Soft Tissue
and Bone Sarcoma Group. The data from the historical controls were then
adjusted to match the control group using a regression with dummy variables
for performance status, histopathology of disease, age, and gender i this
improved the estimated survival of best supportive care slightly.

0 The model was used in the submission to NICE (Simpson, Rafia &
Stevenson, 2009), and later published in a HTA report (Simpson et al., 2010)
and discussed in a review paper (Rafia et al., 2013). In addition to the NICE
appraisal, the model was also used in two SMC submissions, first without
controlling for differences between baseline characteristics (Scottish
Medicines Consortium, 2010), and then in a resubmission, where the
regression model used for NICE was applied, and price of the drug also
reduced (Scottish Medicines Consortium, 2011).

9 Sunitinib compared to best supportive care in the treatment of second-line metastatic

renal cell carcinoma
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0 The model compared the results observed in the uncontrolled sunitinib trial, to
the outcomes reported in a published case series, and to Medicare data from
the US (Scottish Medicines Consortium, 2007).

0 The model is described in the SMC submission, with also a Belgian
adaptation presented at ISPOR (Van Nooten et al., 2007). A Spanish
adaption was also performed where only the comparison with Medicare data
was presented, both as an ISPOR poster (Aiello et al., 2007) and in a peer

reviewed journal (Paz-Ares et al., 2010).

As a result of this full review and de-duplication, of the 74 publications, 91 approaches were
identified (some publications contained more than one approach i for instance the
argatroban and sunitinib models). The total is reduced to 51 individual models when taking
duplicate reporting into account.

Each of the approaches performed has been summarised in a separate working paper
(Hatswell, Freemantle & Baio, 2017b), with references to the appropriate papers, abstracts,
and health technology assessment submissions.

3.2.3 ATAXONOMY OF MODELLING APPROACHES
Of the 51 modelling approaches identified, the majority (43) were based on historical
controls of various forms, shown in Figure 3-10.
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Figure 3-10: Taxonomy of economic modelling approaches used for estimating incremental benefit from uncontrolled
clinical studies
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Of the 43 historical controls, 22 used comparisons to arms from other clinical trials 7 17
compared directly to the results of a single trial, and five compared to either pooled (simply
combining response rates) or meta-analysed clinical trials (trials combined through the use
of formal methods). Overall this form of comparison (i.e. historical control) was the most
popular approach used. Despite potential differences between trials, only 7 of the 22
attempted to correct for any differences between the trials, with various types of corrections

attempted.

A further 14 historically controlled models used either registry data (5) or case series data
(9). The concern with these studies would be that patients enrolled in case series or
registries may be systematically different to those enrolled in trials. Several studies did
attempt to account for this by only including patients who met the entry criteria for the study

used for comparison, although the level of selection was highly variable.

Finally, 7 historically controlled models were compared only to expert opinion due to a lack
of available data. The obvious concern here is that the results of any economic analysis are

completely dependent on the input given by the relevant experts.
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Of the approaches not using historical controls, three models could loosely be described as

using the patient as their own control, taking the change from baseline as being due to the

drug (with obvious concerns regarding regression to the mean). Three models were cost

minimisations, which has been extensively criticised in the literature as being an

inappropriate approach by simply sidestepping the question of comparative effectiveness

and assuming equality of treatments ( Br i ggs & O6 Brien, 2001; Dakin
One model assumed a @umulative approaché(Hoyle et al., 2013), where patients who

received the drug had benefit only for the time on treatment (and subsequent health states

were unaffected), and one model was a threshold analysis of how effective the drug would

need to be to show cost-effectiveness.

3.3 SUMMARY OF FINDINGS FROM LITERATURE SEARCHES

In reviewing drug approvals, it can be seen that although uncommon, approvals granted
without RCT evidence are not rare, occurring several times per year. Although the majority
are in oncology, many other disease areas are included. It is also not simply the case that
follow on indications were granted for a drug known to be effective in RCTSs, but in rarer
subgroups T the vast majority (80%) of drugs had their first approval in an uncontrolled
study.

In terms of modelling it can be seen that there is no consensus on how best to model
uncontrolled studies. Whilst the historical control does seem to be the main vehicle used,
there was a large degree of variation in what comparisons were made and how data were
adjusted (or not) to account for differences between trials. Trial data and registry data were
also used interchangeably, with only a few studies accounting for patient selection. There
was also no discernible pattern in the approaches by source (HTA, publication or conference

presentation).

Given the frequency of uncontrolled approvals and the use of historical controls in assessing
comparative effectiveness, the next chapter focuses on the role of MAIC in addressing
differences between study populations, and how historical controls may be created where

none are currently available.
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4 SIMULATION STUDY REGARDING THE PERFORMANCE OF

UNANCHORED MATCHING ADJUSTED INDIRECT COMPARISON (MAIC)

The work described in this chapter has been published in Value in Health (Hatswell,
Freemantle & Baio, 2020)

As highlighted in the NICE DSU covering the adjustment methods of MAIC and STC
(Phillippo et al., 2016), as well as the subsequent publication (Phillippo et al., 2017), a need
for research on the performance of MAIC (ideally through the use of simulation studies) was
noted. This was a need | had separately identified following my literature review of models
as there were clear differences between studies, but uncertainty as to which circumstances
MAIC may have been able to assist with. As a result this was a study | designed and
conducted.

Phillippo et al. in the NICE DSU guidance assess the two applications of MAIC separately;
unanchored MAIC, where comparisons are made across individual study arms, and
anchored MAIC, where controlled studies are reweighted (including a common comparator
arm), for inclusion in Network Meta Analysis). Due to the types of problems frequently seen
with uncontrolled studies, e.g. potential differences in patient characteristics between trials,
the primary interest | had was in the robustness of unanchored MAIC under model
misspecification. This would appear to be the area most relevant to uncontrolled studies due
to uncertainty in which variables should be included, and how their structure would affect

results.

The reason MAIC as a method is relevant in this setting is that data availability when
comparing to historical data is frequently an issue - with many patient and disease
characteristics either not measured or not reported in historical publications. This can be
seen in my literature review, where of historical controls the majority were of published
studies, with few companies appearing to have access to the ILD of both studies of interest.
As in such circumstances the studies included in analysis are conducted independently there
is also a high chance of hon-overlapping populations in at least some variables, due to
difference in inclusion / exclusion criteria. The question of relevance to my research
therefore is how MAIC performs in such situations, where there are incomplete data for
matching, potential differences between patient populations, and whether MAIC is able to

appropriately adjust for different relationships between explanatory covariates.

A secondary question for me was around the implementation of MAIC; it is possible to match
on mean values of characteristics, or also on higher moments (such as the variance) i as a

measure of variability is also sometimes reported alongside mean values for patient
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characteristics in studies. Whilst both approaches are described in the paper proposing
MAIC as a method, no preference is stated (Signorovitch et al., 2010). Indeed reviewing
previous publications using the approach, both approaches appear to have been used, as
well as different approaches to the number of variables included i from matching on all
available characteristics, to some studies which selected preferred variables.

4.1 APPROACH AND DATA GENERATION

In order to test to the robustness of the method, a simulation study was conducted mimicking
data from end stage cancer 1 the most common area for MAIC to be used (23 of the 58
published examples). Survival data were simulated based on each simulatedp at i ent s 6
underlying health, but also their baseline characteristics i the sum of these values was then
used as a linear predictor of outcomes. In the case of treated patients this was then modified
by a hazard ratio to create outcomes (&) with presenting proportional hazards. Outcomes
were generated for two arms i a contemporary study (Population A), whose units were
assumed to have more favourable baseline characteristics, as well as receiving treatment
("Y) and a historical control arm (Population B) made by individuals who received the control
arm ("Y). For all patients, outcomes were sampled and outcomes calculated including and
excluding the effect of treatment. This allows to allow the performance of MAIC in estimating
the O60trued difference to be calcul ated.

To ensure that the data would be applicable to the type of problems seen, patients were
assumed to have six uncorrelated characteristics (8 /8 8 ) that influenced outcomes. Four
assumed to be fully observed and available for weighting (8 /8 8 ) whilst two (8 , 8 ) were
assumed to be unobserved. Patient characteristics were sampled in a way such that there
was a bias of half a standard deviation in favour of the intervention arm in observed
characteristics, with unobserved characteristics drawn from the same distribution (an
assumption which is varied in sensitivity analysis). A linear predictor was created using an
intercept, and the sum of products of characteristics with the corresponding effect size

(r Mt ). This outcome model is shown mathematically below
YOI DXQDQROBEBY QI A ©daQ
where:
X D EG OB QOEpBH 0 GE AN OTIRE ¢

Agdp Brs8i8ff 8
= i Qo O0& dY D Q¢
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NB: [ is the intercept in the model, which is fixed as 2

B x 01 adOOEMA 0 O& AWALVMNGOTIBE ¢
rhy 061 a@AOOETH 60 O& AN VMO OTIVE &

For the intervention ("Y):
8MBMBx (é¢1 ad@OEm 0 G ALALVMO OTIRE &
Yi Q@0 D0 & OY 80 K v

For the control ("Y):
8MBMB*x 0é1 adOAOET i 0 & AN VMO OTIRE &
Yi Q® 0 0 & AY 0 "

For both intervention & control:
8MBx 0é¢1 GOAMETE B 0 O AN VO OTIRE &

Six characteristics were selected as this was loosely informed by work on predictive
characteristics in different cancers - for example three identified in bladder cancer by
Bellmunt et al. (2010), and work showing a median of six characteristics were adjusted for in
published MAICs (range 1-13) (Phillippo et al., 2019).

In the base case, the characteristics were assumed to be independent. Although it is likely
that some predictive and prognostic characteristics are linked (for instance in the paper by
Bellmunt et al. patients with liver metastases are likely to have worse ECOG status), the
degree of correlation is uncertain, and how this would impact results is also unknown i for
transparency therefore these are assumed not to be correlated in the base case, which is
varied in sensitivity analysis. This approach also allows an independent assessment of the
impact of each issue that may affect an individual analysis, as there are examples where
variables would not be expected to be correlated 1 for example lung cancer studies where

there may exist the two uncorrelated prognostic characteristics of race and gender.

Each simulated characteristic (8 M8 8 ) was multiplied by a corresponding effect size
(r B Iy ) with a linear predictor then created using the sum of products added to an
intercept, which was set to 2 in the base case. This linear predictor was used in a Weibull

proportional hazards survival model; a corresponding survival time (9) was sampled for each
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patient with and without receiving the intervention. For simplicity normal distributions were

selected, which were varied in a sensitivity analysis.

In each simulation the patient characteristics, effect sizes, and resulting survival times were
resampled. The intention of the simulation was to address whether the method [MAIC]
performs well in survival models. The interest however is in the class of survival model rather
than in the specific parameters of the distribution chosen (a shape of 1.3 being the mean of
what is simulated in the Weibull distribution for example). By allowing parameters such as
the shape to vary, we are able to ensure the result holds for each distribution in general (at
least as would apply to survival outcomes), as opposed to only being valid with specific
parameters. This approach does mean that more simulations are needed (as variability is

introduced) however this seems a fair compromise for a more generalisable result.

To isolate the effect of MAIC (as opposed to just Monte Carlo error), a large number of

patients (¢ p 1 xwere sampled for both Population A and Population B and survival times

were assumed to be fully observed with no missing data or censoring. This particular setup

(a large number of patients, fully observed survival times, and no missing data) was selected

to ensure the study assessed weighting methods i and was not overly influenced by the

variability between samples, or approach to missing data; be that due to administrative
censoring i.e. requiring extrapolation, or the
is likely to be conducted alongside techniques to account for missing data (Gabrio, Mason &

Baio, 2019; Leurent et al., 2018) and / or extrapolation of survival times (Latimer, 2011).

4.2 APPLICATION OF MATCHING ADJUSTED INDIRECT COMPARISON

As would be seen with a historical control used without any adjustment, a naive comparison
contrasts the outcome from Population A who received the intervention (0 ), with the
outcomes from Population B, the historical control, who were assumed to receive control

(6 1. Inkeeping with the terminology of Signorovitch et al. where treatment is denoted by
tand control by p, this is comparing & with @ . Due to the more favourable characteristics
in Population A, such a comparison would be biased. Weighting methods (both MAIC and
PSW), attempt to remove this bias by reweighting the patients in Population A to match
those in Population B (assuming PSW was estimating the Average Effect on the Controls). If
successful, the reweighting of & would match the (unobserved - and unobservable) @ |,
which can then be contrasted with & to estimate the effect of the intervention in a similar

population.

This comparison (& vs @ ) is indeed what would be generated by an RCT in population B

of the two treatments, through the use of exchangeable groups such that the only
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meaningful difference between groups is treatment assignment. By comparing the estimated
effect from MAIC to the (unobserved) true effect, the success of both MAIC and PSW in
estimating this true effect can be assessed. Due to being a simulation study, we are able to
perform this comparison as data generation mechanisms are known, and thus outcomes can
be computed with and without the intervention for both treatment and control groups. By
comparing the estimated effect to the (unobserved) true effect, the success of both MAIC

and PSW in estimating the true effect can be assessed.
In the simulation study MAIC was implemented using two approaches

Matching on first moments i.e. means of 8 8 I8 , referred to in results as MAICkw
Matching on the means and higher moments i.e. matching on means and on
standard deviations, as given as an option in the original paper by Signorovitch et al.
(2010) which states

For example, given the baseline mean and standard deviation of age, it is
straightforward to compute the mean of squared age, which can then be treated as a
separate mean baseline characteristic for matching.

In results this is referred to as MAICum

PSW was also conducted using the same approach using inverse probability of treatment
weighting (IPTW) with weights for all patients in both arms. Although not technically a
comparator to MAIC (as calculating propensity scores requires full access to individual level
data for both studies) PSW is a well-recognised approach with a long history, and a
recognised standard in observational data. Its inclusion in the simulation study allows an
assessment of how much accuracy is lost when patient level data are only available from

one study.

4.3 OUTCOMES OF THE STUDY

A Cox Proportional Hazards (CPH) model was used to estimate the hazard ratio between
the two arms in line with previous work in the field (Petto et al., 2019). The mean underlying
value for the CPH was known to be 0.75; however, due to the difference in patient
characteristics, a naive comparison would overestimate the effectiveness of treatment (a
CPH estimated using @ and @ ). This is because the more favourable patient
characteristics give a further benefit to Population A. Each weighting method was then
applied and used to estimate the CPH ratio using the reweighted Population A to give the
estimated outcome in Population B with treatment (& ) compared with the observed

outcomes for the control (@ ).
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In each simulation a number of outcomes were calculated:

T

The mean percentage error in the hazard ratio. If the methods are unbiased this
should be approximately zero (with only Monte Carlo error keeping this from being
zero); an unbiased method should be as likely to under-predict effectiveness as over-
predict

The mean absolute percentage error in the hazard ratio. This is a measure of the
accuracy of methods. Whilst a method may be unbiased, if it regularly exhibits large
prediction errors it would be imprecise, and unsuitable for use

The coverage probability - whether the 95% interval for each estimated hazard ratio
contai ned t hvdichdsthelpiuenunderatdandirey how much belief can be
placed in a method given any individual result

In addition, for the weighting methods, whether the point estimate of the hazard ratio
was more accurate than a naive comparison was also calculated. Over all
simulations if a method was likely to lead to an increase in bias compared to a naive

comparison, this would be a concern in recommending a method

4.4 SCENARIO ANALYSES PERFORMED

In order to understand how the method of MAIC performs under different circumstances, a

number of scenario analyses was conducted. These included varying the setup of the study

to ensure any findings were not specific to the simulation set up, testing how MAIC may

apply under different conditions, and finally in violating the explicit and implicit assumptions

of MAIC to understand the implications.

In varying the setup of the simulation study scenarios included:

T

T

The use of binary variables (8 /8 I8 )., as would be seen with characteristics such
as male / female

An alternative survival function (the exponential); achieved by setting the shape ( ) in
the Weibull survival distribution to 1

Changing the explanatory power of the patient characteristics (8 8 8 )., to give
them a lesser or greater importance

Reversing the direction of bias in 8 8 I8 , such that the historical data had more

favourable patient characteristics

In testing MAIC under different conditions, the scenarios explored included:
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| Setting some (or all) parameters (8 8 I8 ) to be nuisance variables, uncorrelated
with outcomes
1 Testing a non-linear effect of patient characteristics. This was done by taking the
exponential of 8 8 B , then dividing each by 5, to ensure the mean scores
remained the same
1 Varying the degree of overlap in Population A and Population B from the base case
(a 0.5 SD difference between groups) to have either little (1 SD) or large (0.1SD)
overlap
Allowing for variables used in weighting (8 8 8 ) to be correlated. This was
i mpl emented by having an odefmatlasalngrmahg f i t nes s
variable with standard deviation 0.1, which had mean 0.3 for population A, and 0.25
for population B. Parameters 8 (88 wer e t hen generated as the

plus sampling from a normal distribution with mean 0 and standard deviation 0.1

Finally, when violating the implicit / explicit assumptions in MAIC, the following scenarios

were tested:

1 Including imbalances in the unobserved characteristics of 8 and 8 with these
characteristics being correlated, or uncorrelated with the observed patient
characteristics. The same distributions were then used for these as for 8 I8 8

9 Sampling from non-normal distributions for Population A and Population B, as would
be seen in the ages of patients enrolled in trials (many cancers having increasing
incidence with age, though fewer people survive to older ages). This was
implemented through the use of the lognormal distribution.

f Sampling from trimmed distributions for patient characteristics (8 /8 8 ) for
Population A and Population B, as would be seen when inclusion criteria (such as a

minimum or maximum age or performance status) are included in trial entry criteria.

How each scenario was implemented in the simulation study is shown in Table 4-1. In
addition to these scenarios, to understand whether it was more important to have more
patients available to weight with, or match to, the number of patients sampled for Population
A and Population B (using the base case approach) were varied in combination using &

omnmeE omm@andeE OTNMHUT
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Table 4-1: Base case and sensitivity analysis parameters for the simulation study of the performance of MAIC

Scenario

Base case

Scenario setting

Varying the setup of the simulation study

All variables are binary

Covariates 1 to 4: 5
Population: A8 x § € | A @QWOETWIB $ 1§ :
Population:B8 * 0 € | AR OETR BB $ 1 :

Covariates 1 to 4:
Population A: 8 X 6 "Q¢ ¢ ANRGEIW O W BB QO W
Population B: 8 ¥ § "Q¢ ¢ ANQGEIN W W DR WO W

Exponential distribution used as
the survival function

Survival :
0 'Q "QEOIEH [ 'Q p&

SurvivaI:N
ANONOIA ¢ ( §OX}

Explanatory variable power is low

Explanatory variable power is
high

Covariates 1:4:Tx 0 € | a@AOE ML $ 1]

Covariates 1:4:1* 0 £ | GO WETPMB $ mdr L

Covariates 1:4:1* 0 ¢ | G @AW E psIB $ 18

Treatment effect is low

Treatment effect is high

Yi QGO d QETKOY

YI Qo0 6 QEMOY

YI Qoo 6 Qe OY

Covariate sampling is reversed
i.e. Population A less favourable

Covariates 1 to 4: 5
PopulationA:8 x 0 € | A AW ETIB $ T

Covariates 1 to 4: 5
PopulationA:8 X 0 € | A QAN ETRB $ T

Testing MAIC under different conditions

Half the matched parameters are
nuisance parameters

All the matched parameters are
nuisance parameters

Covariates 1:4: fXx 0 € | A AOE ML $ 1]

GBOGEpSIB $ @
GHBGOETBIB $ ™

Covariates 1:2:1*x 0 € 1
Covariates 3:6:17% 0 € 1

Covariates 1:4:1*x 0 € | A @AOETWIMB $ 1]

The effect of parameters is non-
linear

Ag® Brsif 8

= i Q0 D& Y WD Q¢

Ag® AoBr 88 8 T
= YI Q0 OM& Y i Q¢

Small difference is covariate
sampling (0.1SD)

Large difference in covariate
sampling (1SD)

Parameters correlated

Covariates 1 to 4:
Population A: 8 * 0 ¢ | A QW ETAIB $ TP

Covariates 1 to 4:
Population A: 8 * 0 € | A@OOETR B $ 1

Covariates 1 to 4:
Population A: 8 * 0 € | A DOOET® BB $ 1

Underlying health: 5
Population A: ( * 0 € | ARV ETDB $ T
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PopulatonB: ( X 0 £ 1 A@AOETE BB $ T
Covariates 1:4: 5
FOET adQOEMB $ ™  (

Violating assumptions implicit / explicit assumptions

Missing parameters correlated
with observed parameters

Missing parameters uncorrelated
with observed parameters

Covariates 5 & 6: _
FOET adQWeEMB $ 18

Covariates 5 & 6:
B8 BB IB
w -

. 0é1 adROETB $ 1

Covariates 5 & 6:

Population A: 8 * 0 ¢ 1 G @AME B $ T
PopulatonB: 8 * 0 £ | A @AWOETE BB $ ™
Covariates 1:6:1* 0 £ | GDOOET® BB $ 19

Y

Non-normal distributions sampled
in Population A

Non-normal distributions sampled
in Population B

Trimmed patient characteristics in
Population A (no poor performers)

Trimmed patient characteristics in
Population B (no good
performers)

Covariates 1 to 4:
Population A: 8 * 0 ¢ | A QW ETAIB $ TP
PopulationB: 8 * () € | AR OETR BB $ 1

Covariates 1 to 4:

Population A:

8x )¢ "0 ¢ iadyexe ad DM xh
3$1 1@

Covariates 1 to 4:

Population A:

8x £ "Q¢ £ iadxoxe a d DM ¢ch
331 1@

Covariates:

8 resampled if <0.2

Covariates:
8 resampled if >0.35

SD = standard deviation
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4.5 IMPLEMENTATION IN SOFTWARE AND MODEL CONVERGENCE

The simulation study was programmed in R version 3.6.1 (R Core Team, 2020) using the

following packages

1 stats to simulate survival curves

1 survival to implement CPH models and robust standard errors)

1 ggplot2 and ggsurvplot to produce graphics

1 msm to generate trimmed distributions for scenario analyses

To allow for reproducibility of the implementation of MAIC, the code snippet (including

additional functionality such as cross-checks and validation) is presented in Appendix C.

To ensure the results of the simulations were stable, 5000 simulations of each scenario were
performed. This number was selected using two different methods. Firstly convergence plots
were generated showing how different variables changed as the number of simulations
increased (including going beyond the number of simulations used); an example is given
below showing the mean percentage error which beyond the first several hundred
simulations does not appear to change for the base case. In the example (the base case)

the lines for each of the methods overlap around zero, as they appear to be unbiased
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Figure 4-1: Convergence plot of the base case MAIC simulation study; Up to 100,000 simulations for mean percentage

error of naive comparison MAICgy, MAICy and PSW with vertical lines at 1,000 and 5,000 simulations
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o - ' e M
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|
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Number of simulations (natural log scale)

Some metrics for some scenarios (for instance the coverage probability when faced with a
large effect size) were more uncertain, and took longer to stabilise. This was seen through
running repeated batches of the same scenario and plotting the routes to convergence on
thesamegraph. Thi s Or outen ced ciosnvselrogwn bel ow for 30 ru

absolute percentage error in the simulation with only 30 patients included in each arm.
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Figure 4-2: Convergence plot of 30 runs of 1000 simulations for the base case mean absolute percentage error of

MAICey in the scenario with n=30 in Population A and n=30 in Population B
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The above graph indicates that the results appear to be close to stable by 1000 simulations,
though as runtime is not a primary consideration in the study, a cautious approach was
taken of performing 5000 simulations, which appeared to be well in excess of the largest

number of simulations needed for results to stabilise.

A second approach was then taken at the request of a peer reviewer of the paper who
desired a more objective measure of model convergence. This involved calculating Monte
Carlo Standard Errors (MCSESs) using the mcmcse package. The values seen at 5,000
simulation (all <0.01) demonstrate that the samples drawn are representative of the
underlying distributions; and that the findings are many times larger than the MCSEs

indicates they are likely not due to chance.

4.6 FINDINGS FROM THE BASE CASE

In looking at the base case of the simulation study, the setup was such that the outcomes of
the historical control (Population B) with untreated patients (& ) had a mean survival of 11.4

months i had the patients received the intervention (with the associated hazard ratio), @ |,
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this would have been 15.2 months. Because of the more favourable characteristics in
Population A the observed survival (® ) was 16.9 months; a bias of approximately 11% due

to the healthier patients in Population A.

When weighting was performed on the simulated data, across the 5,000 simulations all
weighting methods (MAICgw, MAIChw and PSW) were unbiased (mean error close to zero),
and had similar levels of accuracy in accounting for the bias inbuilt in the simulation i.e. had
good accuracy. This is shown not only by the relatively low mean absolute percentage error,
but importantly that few simulations (circa 1%) exacerbated the bias i.e. performed worse
than a naive comparison, with coverage probabilities over 90% (Table 4-2).

Table 4-2: Tabulated results of MAIC simulation study base case, 5,000 runs

Mean Absolute M Percent of
Percentage Percentage ean Coverage scenarios worse
Method Standard i "
Error Error Error probability than a naive
(MCSE) (MCSE) comparison
Base case
Naive
comparison 11.8% (<0.01)  11.8% (<0.01) 0.03 0% -
MAICem -0.2% (<0.01) 2.6% (<0.01) 0.03 95% 2%
MAICHm -0.2% (<0.01) 2.6% (<0.01) 0.03 95% 2%
PSW -0.1% (<0.01) 2.7% (<0.01) 0.03 95% 2%
MCSE = Monte Carlo Standard Error, MAIC = Matching Adjusted Indirect Comparison, FM = First moments, HM =
includes Higher moments, PSW = Propensity Score Weighting

The distribution of the error in the scenarios is shown in the violin plot in Figure 4-3, with
overlaid box plots to short the quartiles of the error. This shows that all methods performed
similarly given the setup of the base case scenario i as would be expected given the

conditions are not set to challenge the way weighting is implemented.
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Figure 4-3: Violin plot (with overlaid box plots) of the percent mean error in 5,000 runs of the MAIC simulation study
base case
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4.7 FINDINGS FROM SCENARIO ANALYSES

The results seen in the base case appear robust to altering the setup of the simulation study;
whilst varying the characteristics of the study do results in some changes in the accuracy of
the method, it remains unbiased. The only exception to this is the case of MAICuw when
binary variables are used (where it appears biased); this result however should be discarded
as in such an implementation would never be performed (the square of a binary variable not
being meaningful). Results of these scenarios are shown in Table 4-3 and Figure 4-4. In
particular it is interesting to see that where the explanatory variable power is high i.e.
explains a large proportion of the difference between trials, the use of some form of
weighting becomes increasingly important (though the results are more uncertain due to the
sampling variability). The final scenario included in this section also indicates that MAIC
performs well regardless of the directionality in any bias i.e. the method works even if the

patient characteristics in the data matched to are more favourable.
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Table 4-3: Tabulated results of MAIC scenario analysis varying the setup of the simulation study, 5,000 runs
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Mean Absolute Mean Per(_:ent of
Method PerI(_::entage Percentage Standard Covere}ge scenarios worse
rror Error Error probability than a naive
(MCSE) (MCSE) comparison
Base case
Naive
comparison 11.8% (<0.01)  11.8% (<0.01) 0.03 0% -
MAICem -0.2% (<0.01) 2.6% (<0.01) 0.03 95% 2%
MAIChwm -0.2% (<0.01) 2.6% (<0.01) 0.03 95% 2%
PSW -0.1% (<0.01) 2.7% (<0.01) 0.03 95% 2%
All variables are binary
Naive
comparison 5.2% (<0.01) 5.2% (<0.01) 0.03 48% -
MAICem 0% (<0.01) 1.8% (<0.01) 0.03 98% 12%
MAIChwm 4.1% (<0.01) 4.2% (<0.01) 0.03 63% 4%
PSW 0% (<0.01) 1.8% (<0.01) 0.03 98% 12%
Exponential distribution used as the survival function
Naive
comparison 9.4% (<0.01) 9.4% (<0.01) 0.03 3% -
MAICem -0.1% (<0.01) 2.6% (<0.01) 0.03 95% 4%
MAIChwm -0.1% (<0.01) 2.6% (<0.01) 0.03 95% 4%
PSW -0.1% (<0.01) 2.7% (<0.01) 0.03 95% 4%
Explanatory variable power is low
Naive
comparison 2.5% (<0.01) 2.9% (<0.01) 0.03 84% -
MAICem -0.1% (<0.01) 2.8% (<0.01) 0.04 95% 43%
MAICHm -0.1% (<0.01) 2.8% (<0.01) 0.04 95% 43%
PSW -0.1% (<0.01) 2.8% (<0.01) 0.04 95% 44%
Explanatory variable power is high
Naive
comparison 21.7% (<0.01) 21.7% (<0.01) 0.03 0% -
MAICem -0.9% (<0.01) 7.1% (<0.01) 0.08 94% 2%
MAIChm -1% (<0.01) 7.1% (<0.01) 0.08 94% 2%
PSW 0.2% (<0.01) 7.7% (<0.01) 0.09 94% 4%
Treatment effect is low (0.9 hazard ratio)
Naive
comparison 11.9% (<0.01)  11.9% (<0.01) 0.03 0% -
MAICem 0% (<0.01) 2.5% (<0.01) 0.03 95% 1%
MAICHm 0% (<0.01) 2.5% (<0.01) 0.03 95% 1%
PSW 0% (<0.01) 2.6% (<0.01) 0.03 95% 1%
Treatment effect is high (0.2 hazard ratio)
Naive
comparison 11.7% (<0.01)  11.7% (<0.01) 0.04 10% -
MAICem -0.8% (<0.01) 4.3% (<0.01) 0.05 94% 10%
MAIChm -0.8% (<0.01) 4.3% (<0.01) 0.05 94% 10%
PSW -0.1% (<0.01) 4.4% (<0.01) 0.05 94% 9%
Covariate sampling is reversed i.e. Population A are worse by 0.5SD
Naive
comparison -13.6% (<0.01) 13.6% (<0.01) 0.03 0% -
MAICem -0.2% (<0.01) 3% (<0.01) 0.04 95% 1%




MAICHm -0.2% (<0.01) 3% (<0.01) 0.04 95% 1%
PSW -0.1% (<0.01) 3% (<0.01) 0.04 95% 1%

MCSE = Monte Carlo Standard Error, MAIC = Matching Adjusted Indirect Comparison, MM = Method of moments, HM =
includes Higher moments, PSW = Propensity Score Weighting
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Figure 4-4: Violin plot (with overlaid box plots) of the percent mean error in 5,000 runs of the MAIC simulation study
base case

When testing MAIC under different conditions, some interesting results can be noted i in
particular that whilst the inclusion of all nuisance parameters that have no bearing on the
outcome does (predictably) often lead to errors. However if even half of the variables used
for weighting do influence outcomes, the approach remains accurate. Also reassuring is that
correlated variables in the analysis not only performed well, but that the method performed

better than in the base case.

What should also be noted is the importance of overlap between the datasets i where the
overlap is especially close (0.1SD was used in the simulation), a non-trivial number of

simulations (circa 30%) resulted in an estimated HR more inaccurate than a naive
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