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ABSTRACT

Cost-effectiveness analysis is one of the main pillars of Health Technology Assessment (HTA)

and is deemed essential for clinical guidelines by many medical organizations. An important

source of between study variation relates to the duration of follow-up and the maturity of

the data in clinical trials. The objective of this dissertation is to investigate the impact of

data maturity on the estimation of survival and cost-effectiveness outcomes by examining

data from patients undergoing second-line treatment for non-small cell lung cancer.

A literature review was conducted to identify two-arm, phase 3 clinical trials involving pa-

tients receiving second-line treatment for non-small cell lung cancer that reported results for

at least two follow-up periods. Four eligible trials were identified. The data from the two

follow-up periods were used in a partitioned survival cost-effectiveness model, a widely used

model in oncology. The inputs for the partitioned survival model require extrapolation of

overall survival (OS) and progression-free survival (PFS) data. Therefore, the comparison

of data cuts was conducted on two distinct levels. Initially, we examined how data maturity

affected mean OS and mean PFS estimates, the long-term extrapolations, and which sur-

vival models were more appropriate for model selection. We then assess how these changes in

survival outcomes between data cuts and the different models within the same time horizon,

influenced the cost-effectiveness estimates, such Incremental Cost-Effectiveness Ratio (ICER)

and associated decision-making measures.

The majority of findings related to survival outcomes failed to demonstrate a consistent pat-

tern that could be universally applied for this particular application. Mean OS and PFS

were mostly increased using data from the second follow-up period but there are exceptions

suggesting the absence of a definitive trend. Nonetheless, in each case and across all clini-

cal studies, ICER increased in the second data cut under various conditions, although this

hypothesis warrants further investigation.

CC BY: Attribution alone 4.0

https://creativecommons.org/licenses/by/4.0/

https://doi.org/10.26219/heal.aueb.6230



ΠΕΡΙΛΗΨΗ

Η ανάλυση κόστους αποδοτικότητας αποτελεί έναν από τους κύριους πυλώνες της αξιολόγησης

τεχνολογιών υγείας (ΑΤΥ) και έχει καθιερωθεί ως απαραίτητη προϋπόθεση για την δημοσίευση

κατευθυντήριων οδηγιών από αρκετούς οργανισμούς υγείας. Μια σημαντική πηγή διακύμαν-

σης μεταξύ των κλινικών μελετών σχετίζεται με τη διάρκεια της παρακολούθησης και την

ωριμότητα των δεδομένων. Στόχος της παρούσας διατριβής είναι να διερευνήσει την επίδραση

της ωριμότητας των δεδομένων στην εκτίμηση των αποτελεσμάτων επιβίωσης και κόστους-

αποτελεσματικότητας εξετάζοντας δεδομένα από ασθενείς που υποβάλλονται σε θεραπεία δεύτερης

γραμμής για μη μικροκυτταρικό καρκίνο του πνεύμονα.

Πραγματοποιήθηκε βιβλιογραφική ανασκόπηση για τον εντοπισμό κλινικών δοκιμών φάσης 3,

δύο βραχιόνων, στις οποίες συμμετείχαν ασθενείς που έλαβαν θεραπεία δεύτερης γραμμής για

μη μικροκυτταρικό καρκίνο του πνεύμονα και οι οποίες ανέφεραν αποτελέσματα για τουλάχισ-

τον δύο περιόδους παρακολούθησης. Μέσω της βιβλιογραφικής ανασκόπησης εντοπίστηκαν

τέσσερις μελέτες που πληρούσαν τα παραπάνω κριτήρια. Τα δεδομένα από τις δύο περιόδους

παρακολούθησης χρησιμοποιήθηκαν σε ένα μοντέλο κόστους-αποτελεσματικότητας κατανεμη-

μένης επιβίωσης, το οποίο χρησιμοποιείται ευρέως στην ογκολογία. Οι εισακτέες τιμές για το

μοντέλο κατανεμημένης επιβίωσης απαιτούν την παρεκβολή των δεδομένων συνολικής επιβίω-

σης και επιβίωσης χωρίς εξέλιξη. Ως εκ τούτου, η σύγκριση των αποτελεσμάτων με δεδομένα

από τις δυο διαφορετικές περιόδους παρακολούθησης πραγματοποιήθηκε σε δύο επίπεδα. Αρ-

χικά, εξετάσαμε πώς η ωριμότητα των δεδομένων επηρέασε τις εκτιμήσεις της μέσης συνο-

λικής επιβίωσης και της μέσης επιβίωσης χωρίς εξέλιξη, τις μακροπρόθεσμες παρεμβολές και

ποια μοντέλα επιβίωσης ήταν καταλληλότερα με βάση την ωριμότητα των δεδομένων. Στη

συνέχεια, αξιολογήσαμε πώς αυτές οι αλλαγές στα αποτελέσματα επιβίωσης μεταξύ των περ-

ιόδων παρακολούθησης και των διαφορετικών μοντέλων εντός του ίδιου χρονικού ορίζοντα,

επηρέασαν τις εκτιμήσεις κόστους-αποτελεσματικότητας, όπως τον λόγο αυξημένου κόστους-

αποτελεσματικότητας (ICER) και τους σχετικούς εκτιμητές που αφορούν την λήψη αποφάσεων.

Η πλειονότητα των ευρημάτων που σχετίζονται με τα αποτελέσματα της επιβίωσης δεν κατάφεραν

να καταδείξουν ένα συνεπές μοτίβο που θα μπορούσε να εφαρμοστεί καθολικά για τη συγ-

κεκριμένη εφαρμογή. Η μέση συνολική επιβίωση και η επιβίωση χωρίς εξέλιξη αυξήθηκαν ως

επί το πλείστων χρησιμοποιώντας δεδομένα από τη δεύτερη περίοδο παρακολούθησης, αλλά υπ-

άρχουν εξαιρέσεις που δεν αφήνουν περιθώρια γενίκευσης. Παρόλα αυτά, σε όλες τις κλινικές

μελέτες και υπό διαφορετικές συνθήκες το ICER, αυξήθηκε χρησιμοποιώντας τα πιο ώριμα

δεδομένα, η υπόθεση αυτή όμως χρήζει περαιτέρω διερεύνησης.
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Acronyms

2L second line

AFT Accelerated failure time

AIC Akaike Information Criterion

BIC Bayesian Information Criterion

CBA Cost benefit analysis

CE Cost effectiveness

CEAC Cost effectiveness acceptability curve

CER Cost effectiveness ratio

CUA Cost utility analysis

ECM Established care management

GDPR general data protection regulation
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PFS Progression-free Survival

PH Proportional hazards

PSA Probabilistic sensitivity analysis

PSSRU personal social services research unit

QALYs Quality-Adjusted life years

RCT Randomized clinical trial

TA Technology assessment
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Chapter 1

Introduction

1.1 What is health economics?

Health economics is a field combining economic theories of consumer, producer and social

choice in healthcare while providing decision making information to health care providers,

public and private organizations, and governments [8]. Health economic evaluation falls

under the umbrella of Health Technology Assessment (HTA), and and it became universally

used after the rise of Technology assessment (TA).

The imprudent use of recent technologies and the sometimes harmful implications for society,

the economy, and the environment led to the ascendance of technology assessment in the

mid-1960s [9]. According to Band [10], TA can be defined as “a form of policy research that

examines short- and long-term social consequences (for example, societal, economic, ethical,

legal) of the application of technology. The goal of TA is to provide policymakers with

information on policy alternatives.” Healthcare technologies were of primary interest when

TAs were introduced, as modern technologies often create social, ethical, legal, and political

dilemmas [9].

The institute of medicine [11] refers to HTAs as “assessment of a medical technology to denote

any process of examining and reporting properties of a medical technology used in health care,

such as safety, efficacy, feasibility, and indications for use, cost, and cost-effectiveness, as well

as social, economic, and ethical consequences, whether intended or unintended”. For instance,

suppose that a new medicine for breast cancer is launched on the market and prolongs life

expectancy by three more years compared to Established care management (ECM), i.e., the

treatment currently used. Pure ethical and survival instincts would lead us to substitute

the existing ECM with the new one. Nevertheless, the new technology is significantly more

expensive than ECM, and because health systems do not have an unlimited source of funding,

new questions are being raised. Is it affordable to establish this new treatment without the

entire health system falling apart? Is it possible to reduce funding in another department

to get the better treatment? If so, which department would be underfunded? Is it ethical

to ”play God” and decide which age group or illness is more important, given the fact that

1
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everyone should have equal rights to healthcare? These are some of the questions that

have established health economics as an absolute necessity to make decision-making more

systematic.

1.2 Motivation of the thesis

Cost-effectiveness modeling aims to capture the clinical efficacy of a novel technology, includ-

ing its side effects and expenses, and to compare it with current technologies. The assessment

of clinical efficacy, which significantly influences cost-effectiveness estimations, is conducted

through survival analysis or indirect treatment comparisons using data from clinical trials.

When such data are accessible, efficacy can be gauged by calculating the average overall

survival of patients. However, survival data from clinical trials are often incomplete due to

the study’s termination, necessitating extrapolation beyond the study period to predict mean

overall survival using prediction models when patient-level data are available. The maturity

of data is crucial in every predictive model. A model requires sufficient data to make reliable

forecasts but must exercise caution to avoid creating overfitting. Clinical trials may report

findings from various time periods, and sometimes cost-effectiveness analyses do not use the

most recent information. The unavailability of the most recent data may be due to GDPR

restrictions, the analysis being performed before the trial’s completion, or the premature end

of the study. Therefore, the primary objective of this thesis is to explore how data maturity

can influence survival estimates and predictions, thereby affecting cost-effectiveness outcomes

and the decision-making process.

2
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Chapter 2

Economic evaluation in health care

2.1 Overview

To form a proper decision for health economics evaluation purposes, various methods have

been developed involving economic models. The inputs of these models regard efficacy, qual-

ity of life measures and costs. Therefore, an economic evaluation requires different kinds of

research before the actual decision making. For instance, imagine a scenario where a new

treatment A has been developed for a disease X and the effectiveness of A needs to be es-

timated. Initially a systematic literature review regrading disease X should performed, in

order to derive clinical information about the developed treatments from clinical trials. The

publications extracted from the literature review which considered relevant with disease X,

should be examined in terms of bias. A risk of bias assessment tries to capture the amount

of uncertainty behind the clinical trial’s integrity using a measuring tool [12]. Following the

literature review, a feasibility assessment is necessary to combine all the information of the

trials and find the best statistical method to estimate the effectiveness of A. Then the effec-

tiveness estimates can be used as an input in a economic model. This example encapsulates

the process to derive just the efficacy inputs in a model, so it is clear that economic evaluation

is a complex procedure taking into account lot’s of parameters. The following sections of this

chapter will be focused on explaining some basic information regarding economic models.

2.2 Basic concepts

2.2.1 Costs

Direct costs

According to Goodman [9], they account for every service provided in healthcare and for

future nursing due to side effects or other consequences of health care. He distinct two

categories of direct costs: those directly related to healthcare and those indirectly associated

with it. Costs directly linked to healthcare involve expenses for medical practitioners’ services,
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hospital services, medications, and other elements integral to the provision of healthcare. On

the other hand, costs indirectly tied to healthcare are accrued in conjunction with healthcare,

such as expenses for support provided by family members and transportation to and from

the care location. When estimating direct healthcare costs, many analyses rely on readily

accessible hospital or physician charges, typically derived from price lists, rather than the

actual costs. Determining the true costs may necessitate specialized analyses of resource

consumption. Charges, as well as actual payments, often reflect provider cost-shifting and

other factors that diminish the accuracy of using charges to depict the genuine costs of

delivering care.

Indirect costs

Indirect costs encompass costs arising from three potential origins, comprising mortality,

absenteeism, and the decreased productivity of employees [13]. These costs in general are

known as “productivity losses” and they also involve loss of work due to early retirement,

presenteeism and premature mortality. Intangible costs, like pain, suffering or grief could

likewise be considered indirect costs but is challenging to properly measure and are not

usually included in the analyses[9].

2.2.2 Quality-Adjusted life years (QALYs)

Through survival analysis an estimation of life expectancy using a particular intervention can

be achieved. Life expectancy only, can not be considered a valid indication about the success

of the new treatment but also the quality of life while receiving the drug is significant. For

this purpose, Health related quality of life (HRQoL) measures or indexes have been developed

to capture discomforts. NICE favors the use of EuroQoL-5D as the tool of measuring HRQoL

in adults [14]. EuroQoL EQ-5D is a five-dimension self-report or self-classifier questionnaire

measuring mobility, self-care capability, ability of performing usual activities (e.g., work,

study, housework etc.), pain or discomfort and anxiety or depression [15]. According to

NICE, in cases where EuroQoL-5D data are either unavailable or unsuitable for a specific

condition or treatment effects, the valuation methods must be thoroughly described and align

with those utilized for the EuroQoL-5D. HRQoL (or utilities) are quantified on a numerical

scale ranging from 0 to 1, where 0 represents a state of death, and 1 signifies complete health.

By utilizing the reference points of 0 and 1, the measurement of utility operates on an interval

scale, meaning that a consistent change holds the same significance across different segments

of the scale. For instance, a shift in health status from 0.3 to 0.4 is deemed equivalent to a

change from 0.8 to 0.9. This methodology allows for the inclusion of states worse than death,
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and negative values are assigned in the utility measurement [16].

As Whitehead [16] states, QALYs facilitate comparisons across diverse disease areas. As

individuals traverse various health states over time, the QALY incorporates a weighting

mechanism based on the utility scores assigned to each specific health state. This approach

ensures a comprehensive assessment that considers both the quality and duration of life

affected by different health interventions. So, the computation of QALYs, involve two pivotal

elements, survival and HRQoL. The corresponding QALYs are a multiplication of the time

spending in a health state and the associated utility score in that state.

QALYs are broadly used and NICE requires their augmentation to the analysis. However,

certain inconsistencies have created concerns. For example, according to Whitehead [16]

QALYs does not encompasses the entire spectrum of health benefits because external per-

sonalized living conditions, such as psychological help from family members (or the opposite),

are not concerned.

2.2.3 Discounting

Health economic models impose results regarding future periods too. The concept of dis-

counting lays on the fact that the value of currency will be decreased, and the provided cost

savings are extended in future periods. Also, the decision to implement an effective inter-

vention for the present patient population may yield immediate health advantages, but in

many cases, these benefits will manifest in later on. For instance, life-years gained from an

intervention reducing mortality will materialize in subsequent periods, even if the reduction

in mortality is confined to the current period. The challenge lies in determining how to ap-

propriately account for the timing of incurred costs and received health benefits [1]. Discount

rates employed in cost analyses generally derive from interest rates associated with govern-

ment bonds or market interest rates for the cost of capital [9]. The discount rate calculation

is the following:

P =
Pn

n=1
Fn

(1+r)n ,

where P regards the present value, F regards the future costs or benefits at year n, and r

considers the annual discount rate.

In global health discount rate is about 3% but this number according to Haacker [17] lacks

consistency with the economic growth rates observed in regions beyond the most advanced

economies.
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2.2.4 Willingness to pay (WTP)

Willingness to pay involves assigning monetary valuations to health benefits by asking indi-

viduals about the amount they would be willing to pay to acquire or avoid certain health

effects [16]. In health economic evaluations is measured as the amount of money an individual

is inclined to dispose for a QALY and is accounted in economic models as a certain willingness

to pay threshold. NICE has set a threshold of 20000-30000 per qaly gained [18]. Of course

willingness to pay is associated with the ability to pay. So given the fact that WTP is closely

tied to one’s financial capacity, a health state valuation based on WTP may systematically

disadvantage those with lower incomes by linking health effects to an individual’s economic

resources[16].

2.3 Economic analysis methods

2.3.1 Cost effectiveness analysis

CEA, involves comparing costs, measured in monetary units, with outcomes expressed in

quantitative non-monetary units (natural units), such as reduced mortality or morbidity

(e.g. lives saved) [19]. Cost effectiveness analysis employs outcome measures like saved life-

years, averted deaths, or patient-years without symptoms and estimates the cost per unit

of the outcome through various methods. The analysis is concentrated on the cost different

methods to assess the outcome while the necessity of the used cost is not questioned [19].

By utilizing straightforward measures like lives saved or strokes averted, cost-effectiveness

analysis (CEA) is limited to comparing technologies with outcomes measured in the same

units [9]. According to NICE [19] the most common methodology used in cost effectiveness

is Cost utility analysis (CUA).

CUA

CUA analyses are essentially a form of cost-effectiveness analysis, with the primary distinction

being their use of a universal health gain metric. CUA, is a subtype of cost-effectiveness

analysis that evaluates costs, measured in monetary units, against outcomes expressed in

terms of utility, typically measured in QALYs, often reflecting the patient’s perspective.

Utilities as discussed in section 2.2.2 are measured on a scale between zero and one with

zero representing death and one full health. This approach allows for the comparison of

health care programs across different domains, such as heart disease and cancer treatments,

and evaluates the budgetary opportunity costs of implementing such programs. The concept

of ’utility’ broadly denotes the value that individuals or society place on various health

6

CC BY: Attribution alone 4.0

https://creativecommons.org/licenses/by/4.0/

https://doi.org/10.26219/heal.aueb.6230



outcomes, whether it’s a single health condition or a range of conditions over time. In cases

where QALYs or other utilities measures are not available then a cost-consequence analysis

can be performed instead[19].

2.3.2 Other economic analysis methods suggested by NICE

Cost-minimization analysis

Cost-minimization analysis involves identification of the least expensive option among alter-

native interventions that are assumed to generate equivalent outcomes. It becomes applicable

only when the health effects of an intervention are identical to those of the existing stan-

dard, and no other criteria dictate whether the intervention should be recommended. In this

analysis, an intervention is deemed cost-effective only if its net cost is lower than that of the

current standard. [19]

Cost benefit analysis (CBA)

CBA, entails the comparison of costs and benefits, with both aspects quantified in common

monetary terms. CBA takes into account both health and non-health effects, converting

them into monetary values that can be aggregated. Following this process, ’decision rules’

are employed to determine the selection of interventions. Various metrics are available for

reporting the outcomes of cost–benefit analysis, with two frequently utilized measures being

the ’benefit-cost ratio’ and the ’net present value.’[19]. According to Goodman [9] a limitation

of CBA is the challenge of assigning monetary values to all relevant outcomes, including

alterations in the length or quality of life.

Cost consequence analysis

Cost consequence analysis is another form of cost-effectiveness analysis, but in this approach,

costs and outcomes are presented in discrete categories without aggregating or weighting

them. This allows for a detailed and transparent presentation of the various costs and

consequences associated with different interventions [19].
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Chapter 3

Survival Analysis and Extrapolation

3.1 Introduction and the need for extrapolation

Survival analysis represent a branch of statistical analysis methods describing time-to-event

data widely used in health care applications, economics, engineering, and sociology with a

slightly different terminology in each case. Typically, in health care applications the event

of interest is death which explains the origin of the term “Survival analysis”. However,

regarding the study and the indication, the event of interest may change. For instance, in

cancer an important measure would be Progression-free Survival (PFS) meaning the length

of time during and after the treatment of disease that a patient has the disease but does not

deteriorate.

Survival analysis was born in 1662 were, John Graunt created the first life table [20]. Ever

since several techniques have been developed but only after World War II, mortality data to

failure time immersed industry and research behind this analysis flourished.

Measuring survival though, can be challenging. In clinical trials is common for patients to

drop the study early or develop the event of interest sometime after the recorded follow

up period, so the event may be unobserved. In this scenario, the available data are called

censored but are still informative as they provide a lower bound for the real unobserved

survival time for each censored participant [21]. So, survival analysis methods account for

these types of data.

Survival analysis is necessary in health economics as a tool for measuring the ”effectiveness”

of an intervention. For cost-effectiveness models described in section 4, estimation of mean

survival time is essential. The majority of Randomized clinical trial (RCT) data though, are

immature and mean survival time can only be estimated by extrapolating survival beyond

the follow-up period using methods allowing prediction.
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3.2 Describing time to event data

To describe time to event data the following measurements are used [22]:

• Density function

The event time distribution corresponding for an event to occur with respect to the

time function t

f(t) = lim
∆t→0

1

∆t
Pr(t ≤ T ≤ t +∆t) (3.1)

• Cumulative distribution function

The proportion of patients who have died as a function of t.

F (t) = Pr(T < t) =

Z t

0

f(u) du (3.2)

• Survivor function

The proportion of individuals who have survived to time t. In theory as t increases

from 0 to infinity, the survivor function can be illustrated as a smooth non-increasing

curve where S(0)=1 and S(∞)=0. In practice, length of time is finite and censoring

may occur so survival graph is not a smooth curve but a step function.

S(t) = P (T ≥ t) = 1 − F (t) =

Z ∞

0

f(u) du (3.3)

• Hazard function

Demonstrates the instant rate (not probability) at which a random individual who

is alive at time (t-1) will have the event at time t. In other words establishes the

proportion of the population at time t that fail per unit time, in contrast to survival

function. The hazard function h(t) is non-negative and has no upper bound.

h(t) = lim
∆t→0

1

∆t
Pr(t ≤ T ≤ t +∆t|T ≥ t) (3.4)

• Cumulative hazard function

The cumulative hazard H(t), illustrates the cumulative probability that death, or the

event of interest in general has occurred and equals the area under the hazard curve
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until time t.

H(t) =

Z t

0

h(u) du (3.5)

Looking the definition and mathematical expression of survival and hazard function a rela-

tionship between these two formulas is noticed. More specific,

Pr[(t ≤ T ≤ t +∆t)|T ≥ t] =
Pr(t ≤ T ≤ t +∆t)

Pr(T ≥ t)
=

F (t +∆t) − F (t)

S(t)
(3.6)

so that

h(t) = lim
∆t→0

(
F (t +∆t) − F (t)

∆t

)
1

S(t)
=

f(t)

S(t)
= − ∂

∂t
log(S(t)) (3.7)

Eventually the survival function can be expressed as an exponential distribution with rate

the hazard function.

S(t) = exp{−H(t)} (3.8)

3.3 Kaplan-Meier (KM)

In 1958, Edward L. Kaplan and Paul Meier published a non- parametric statistical method

of estimating survival probabilities in the presence of incomplete observations [23]. Kaplan-

Meier method, as was named after the authors, comprises the standard way of describing

patient survival in the medical field, up until today. The report has become the most-cited

statistics publication with 44319 Web of Science citations until 2017 [24].

Kaplan-Meier approach, is based on the re-estimation of survival probability each time an

event occurs. More specific assume that,

• tj, j = 1, 2, ..., k, is the total set of failure times recorded

• tmax, is the maximum failure time

• cj is the number of censoring at time tj

• dj is the number of deaths at time tj

• nj is the number of patients at risk at time tj
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The conditional probability of death would be p̂j = dj/rj while the conditional survival

probability ŝj = 1 − p̂j. So the product limit estimate of survival is:

ˆS(t) =
tmaxY
j=1

ŝj =
tmaxY
j=1

nj − dj

nj

, 0 ≤ t ≤ tmax (3.9)

ˆS(t) only changes at death times, while the first death time is set up to 1. There is a

probability that ˆS(t) can go to zero only if the last observation is uncensored. The number

of censoring cj, at time t was not included in the calculations of survival probabilities. That

is because censoring is independent of the likelihood of death or in general the event of

interest. Does this mean that Kaplan-Meier estimate does not account for censoring? No,

because if we assume that at time point ti, ni individuals were at risk, ci censoring and di

deaths, occurred then at the next time point ti+1 the number of individuals at risk would

be ni − di − ri including both events and censoring. Moreover, in cases when it is unsure if

a censored observation happened before or after an event, the event is considered to occur

first.

The variance is approximated by
\

V ar( ˆS(t)) = ˆS(t)
2 P

tj=1
dj

nj(nj−dj)
and the 95% confidence

intervals by ˆS(t) ± 1.96

q
\

V ar( ˆS(t))

The results of KM estimates are usually presented graphically as in figure 3.1. As shown

in figure the graph is not smooth but a step-wise function since point survivals are only

calculated by rough estimates. The size of the steps depends on the number of patients.

Curves with small steps have larger number of patients while curves with larger steps include

less patients. Fewer patients create more uncertainty about the validity of KM results. For

this reason every KM plot at the right tail, where usually less patients have remain in the

study, should be interpreted with caution [5]. As a non-parametric method KM can be used

for descriptive purposes but can not produce predictions. In a health economics framework

KM estimates are used as summary statistics and KM plots as pseudo IPD generator (section

5.3.1) but it can not be used for extrapolation beyond the follow-up period.
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Figure 3.1: Kaplan-Meier curve, adapted from [5]

3.4 Cox proportional hazards model

The Cox proportional hazards model was introduced by D.R.Cox in 1972 and is undoubtedly

the most widely used modelling technique in survival data [25]. It is considered a semi

parametric model, as it considers the effects of covariates through a linear relation to the log

hazard but leaves the baseline hazard unspecified [26]. In parametric models as described

in detail in section 3.6 the baseline hazard has a specified form, e.g. constant , decreasing

or increasing , so the undefined baseline hazard gives the Cox model it’s non-parametric

foundation. More specific,

log(hi(t)) = α(t) + β1xi1 + β2xi2 + ... + βpxip (3.10)

hi(t) = h0(t)exp(β1xi1 + β2xi2 + ... + βpxip) (3.11)

where a(t) = logh0(t) is the baseline hazard function. Estimating the hazard function without

knowing the a(t), seems an unrealistic scenario at first sight. Nevertheless, Cox proposed

a way to estimate the coefficients, where the estimation of baseline hazard is not required

under the assumption of the proportionality of hazards.

Let’s assume t1 < t2 < ... < tn where ti accounts for time of death for the individual i.
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Assume also the set Ri which represents a set of j individuals who are not censored or dead

at time ti. Then a conditional probability is defined as follows:

Prob{subject i dies at ti| was included in Ri and was the only death at ti}

=
Prob{subject i dies at ti|Ri}
Prob{only failure at ti|Ri}

(3.12)

and in a proper notation this equals to,

α(ti)exp(Xiβ)P
j∈Rj

α(ti)exp(Xjβ)
=

tiexp(Xiβ)P
j∈Rj

tiexp(Xjβ)
(3.13)

From equation 3.13 it is clear that the conditional probabilities are not depended of the

baseline hazard α(t).

The product of these conditional probabilities comprises the partial likelihood through which

the estimation of model coefficients is possible with the method of maximum likelihood

estimator. The partial likelihood is given by:

L(β) =
nY

i=1

tiexp(Xiβ)P
j∈Rj

tiexp(Xjβ)
(3.14)

The PH model is used frequently in many applications in were time to event data are available.

Nevertheless due to the fact that Cox model is not fully defined, extrapolations beyond the

follow up period are implausible.

3.5 Proportional hazards assumption

In survival analysis and Cox proportional hazards regression, proportional hazards denote

the premise that the hazard, which is the risk of an event happening, for one individual is

proportional to that of another, and this ratio stays consistent over time. This means that

the hazard ratio between any two groups does not change as time progresses. The significance

of this presumption is paramount as it streamlines the process of analyzing survival data and

facilitates the calculation of hazard ratios. These ratios reveal the variation in the likelihood

of an event occurring in one group relative to another, while maintaining the constancy

of other factors. However, if the proportional hazards assumption is violated, it can lead
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to biased estimates and incorrect conclusions about the effects of covariates on survival

outcomes. Hence, testing and validating the proportional hazards assumption are essential

steps in survival analysis to ensure the reliability and validity of the statistical models used

to analyze survival data.

Assessing the proportional hazards assumption in Cox proportional hazards regression re-

quires several methodical steps. The process starts with a visual analysis of cumulative

hazard plots [7]. This step includes charting the cumulative hazard function across time for

each category of the covariate(s) being analyzed. In line with the assumption, these plots are

expected to stay parallel throughout the duration, signifying that the hazard ratios among

groups remain unchanged. Should the plots show significant intersections or separations, it

would imply possible breaches of the proportional hazards assumption, denoting fluctuating

hazard ratios as time progresses.

Following that, the Grambsch-Therneau test [27] is utilized to assess the proportional hazards

assumption quantitatively. This method determines the correlation between scaled Schoen-

feld residuals and time-related functions. The underlying hypothesis assumes that there is

no correlation between the residuals and time, which would mean the proportional hazards

assumption is met. When the Grambsch-Therneau test yields a non-significant p-value, it

reinforces the concept of proportional hazards. Conversely, a significant p-value indicates

that the assumption may not hold, suggesting that hazard ratios could change over time.

Overall, these thorough methodological techniques provide in-depth understanding of the re-

liability of Cox proportional hazards regression in the analysis of survival data by examining

the stability of hazard ratios across time.

Lastly, the examination moves on to evaluate Schoenfeld residuals, which are crucial for

checking the proportional hazards assumption. These residuals are derived by conducting a

regression of each predictor variable against time. Plotting Schoenfeld residuals over time

aids in identifying any consistent patterns. A lack of noticeable trends in the residuals over

time suggests that the proportional hazards assumption holds true. On the other hand, the

appearance of systematic patterns, like curves or distinct trends, may indicate a breach of

the assumption, pointing to hazard ratios that change over time.

3.6 Parametric survival models

There occasions where patients follow a predictable survival pattern. These situations require

parametric distributions, as more robust predictions can be derived compared to other avail-

able methods. According to David W. Hosmer parametric survival models have some assets
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that create a framework analogous to normal-errors regression analysis: (1) full maximum

likelihood may be used to estimate the parameters, (2) estimated coefficients can provide

clinically meaningful estimates of effect, (3) estimates of survival time can be provided from

fitted values, (4) residuals can be computed as differences between observed and predicted

values [28].

A downside of these models is the requirement of assumptions like Proportional hazards (PH)

or Accelerated failure time (AFT) that may not be appropriate. PH models assume that

survival curves for two or more strata must have proportional hazard functions over time.

On the other hand, AFT models assume that the effect of covariates, acts proportionally

concerning survival time [29].

For economic evaluations Exponential, Weibull, Gompertz, Log-normal, Log-logistic and

Generalized gamma are suggested as proper parametric survival methods from National In-

stitute for Health and Care Excellence (NICE) technical documents [7] and will be described

in the sections below.

3.6.1 Exponential

In exponential distribution hazard function is assumed to be constant over time h(t) = λ

where λ is a positive constant. Survival is expressed as,

S(t) = exp
n

−
Z t

0

λf(u) du
o
= ϵ−λt (3.15)

so the survival probability is defined by a single parameter. Another important characteristic

of exponential distribution is the ”no memory” property [30]. The probability of survival

at a time point is independent of the survival probabilities in previous ones. Exponential

distribution is the simplest parametric model as the hazard function is expressed constant

over time but in terms of extrapolation a constant hazard does not coincide with real life

data.

3.6.2 Weibull

Weibull are two parameter models and more flexible than exponential as the hazard is not

constant but increases or decreases monotonically. So, hazard is expressed as h(t) = λγtγ−1

and survivor function as

S(t) = exp
n

−
Z t

0

λγuγ−1 du
o
= ϵ−λtγ

(3.16)
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where λ is the scale parameter, γ is the shape parameter and both λ, γ are positive values.

For γ > 1 the hazard function increases monotonically while for γ < 1 the hazard decreases

monotonically. For γ = 1 hazard is constant over time like exponential distribution, which

is basically a special case of Weibull.

In healthcare Weibull is frequently used, as monomial hazard could be observed, especially

in cases of cancer diagnosis where increasing hazard function is clinically plausible.

3.6.3 Gompertz

Gompertz is also a two parameter model where hazard is expressed as h(t) = λϵθt and the

survival as

S(t) = exp
nλ

θ
(1 − ϵθt)

o
(3.17)

where λ is the scale parameter with positive value and θ is the shape parameter. As in

Weibull the hazard increases or decreases monotonically for θ > 0 and θ < 0 respectively.

For θ = 0 Gompertz is equivalent to exponential.

Although Weibull and Gompertz share similar characteristics, the main difference regards the

linearity with respect to time. More specific, Gompertz has a log-hazard function linear with

respect to time while Weibull, is linear with respect to log of time. Gompertz survival function

describes a scenario, where the risk of mortality rises exponentially as time progresses. In

contrast the Weibull survival function characterizes a situation where mortality rates increase

according to a power function of time [31].

3.6.4 Log-normal

Log-normal in contrast with the other parametric models discussed so far, has non- monotonic

hazards. Hazard function is formed as h(t) = f(t)
S(t)

for 0 ≤ t < ∞ where f(t) is the probability

density function of T as described in 3.1. The survivor function is

S(t) = 1 − Φ
� logt − µ

σ

�
(3.18)

where Φ is the standard normal distribution function. The hazard depending on the value of

µ, σ is increasing, decreasing or is hump shaped (or upside-down bathtub) i.e. increases up

to a maximum and the decreases with respect to time [32]. Also, long tails may be observed

in survivor function, so the clinical validity of this assumption need to be considered before-

hand.
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3.6.5 Log-logistic

As log normal, log logistic has a hazard function which is non-monotonic with respect to

time. More specific, hazard function is h(t) = ϵθκtκ−1

1+ϵθtκ and survivorship, as a function of time

is expressed as,

S(t) =
1

1 + ϵθtκ
(3.19)

where κ is a positive value. For κ ≤ 1 the hazard decreases monotonically. For k > 1 the

hazard is increasing up to a maximum and then decreasing, like Log-normal. Log-logistic

though, has closed-form survival and hazard functions, making the parameter estimation

simpler. The clinical plausibility of potential long tails in survivor function must be consid-

ered also, in this distribution. Resemblances between Log-normal and Log-logistic lead to

comparable results.

3.6.6 Generalized gamma

Generalized gamma is a three parameter model with hazard function h(t) = f(t)
S(t)

, where f(t)

is the probability density function of T as described in 3.1. The survivor function is,

S(t) = 1 − Γ(λt)θ(ρ) (3.20)

where Γ(λt)(ρ) is the incomplete gamma function, θ and ρ are the shape parameters and

λ is the scale parameter. As the name reveals, generalized gamma is a generalization of

the two-parameter gamma and nests Weibull, exponential and log normal. When θ = 1,

generalized gamma is equivalent to gamma distribution. When ρ equals 1 the distribution is

comparable to Weibull while as ρ goes to infinity the distribution resembles log normal. By

estimating the parameters of generalized gamma, it is possible to differentiate between the

nested distributions and understand which one describes the survival data more efficient.

3.7 Flexible parametric survival models

In section 3.6 there was an extended discussion on how survival can be modelled through a

set of distributions where hazard has a specific form (constant, increasing, decreasing). In

numerous cases though, the underline hazard has more complicated pattern with a changing

direction at various time points. In this scenario standard parametric models do not capture

the survival probabilities efficiently and more flexible models considered better options to

describe the changes in underline hazard.
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3.7.1 Splines

Splines are consisted by a set of piecewise polynomials with smoothness attributes and used

to approach functions. Are connected with a partition ∆ : α = x0 < x1 < ... < xn = b of an

interval [a, b] by xi knots which are the endpoints of the intervals and i = 0, 1, 2, ..., n, [33].

In a survival analysis framework, restricted cubic splines are used to describe more complex

hazard shapes [34]. The definition of cubic splines according to Mayers and Suli [35] is the

following:

Suppose that f ∈ C[a, b] where f is a non-linear function to be approached. Let K =

x0, ..., xm a set of m + 1 knots in the interval [a,b]. Consider the set S of all functions

s ∈ C2[a, b] such that,

1. s(xi) = f(xi), i = 0, 1, ..., m

2. s is a cubic polynomial (third degree polynomial) on [xi−1, xi], i = 1, 2, ..., m

For survival data, the interval represents time, and the endpoints are considered at a time-

point where a change in hazard is observed.

An implementation of this theory in medicine, was attempted by Royston and Parmar [36]

where they tried to estimate the functions described in section 3.1 by smoothing the cumu-

lative hazard function. For a hazard scaling they placed a restricted natural cubic spline at

the log-cumulative hazard as following,

log[H(t)] = log[−log[S(t)]] = s(log(t)|γ, κ0) (3.21)

where k0 represents a vector of knots and γ the corresponding parameters. This could be

extended also in a scenario with covariates as,

log[H(t)] = log[−log[S(t)]] = s(log(t)|γ, κ0) + βT z (3.22)

where z is a vector of covariates and β a vector of the corresponding coefficients.

As explained in Royston and Parmar [36] natural cubic splines are constrained to be linear

beyond first and last knot, kmin, kmax and could be written as,

s(x; γ) = γ0 + γT v(x) = γ0 + γ1x + γ2v1(x) + ... + γm+1vm(x)

The parameter vj, j = 1, ..., m corresponds to the third degree polynomial and could be

defined as,
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vj(x) = max(0, x − kj)
3 − λjmax(0, x − kmin)

3 − (1 − λj)max(0, x − kmax)
3

where λj =
kmax−kj

kmax−kmin

For normal scale Royston and Parmar [36] instead of logarithm link on the survival, they

used the probit link -Φ−1(x) where -Φ−1(.) is the inverse standard Normal distribution. So

the survival function is defined as,

−Φ−1[S(t; z)] = γ0 + γT v(x) (3.23)

Splines due to their adaptable nature tend to have a good fit with the data. Nevertheless,

this is not an indicator of their predictive abilities. If extrapolation is of primary goal, splines

are not always the best option, regardless the goodness of fit. Not only the location of the

knots but, the number is also crucial and should be selected with caution. When splines are

applied for predictions, exclusively the last polynomial is used, meaning that extrapolation

is not performed with the whole information but only with the last interval of the partition.

Depending on the available data, a large number of knots, could lead to flawed extrapolations

due to lack of information [34].

3.7.2 Poly-Hazard

Poly hazard is a flexible parametric model able to illustrate monotonous and non-monotonous

hazard curves such as, bathtubs or multi-modal hazards. Neto [37], proposed a general hazard

model to analyze latent competing risk data. This model supposes the hazard function as

a sum of K hazards. Each component originates from the same or different distribution,

aiming to describe the changes in underline hazard. A common non-monotonous shape

regularly observed in healthcare, would be the bath-tub shape. Demiris [38], to portray this

shape he used a poly-Weibull model with hazard function h(t) =
Pm

j=1 νjλjt
νj−1 and survivor

function

S(t) = exp(−
mX

j=1

λjt
νj) (3.24)

where λj is the shape parameter and νj the rate parameter.

To portray the bath-tub shape the first Weibull component should have shape less than

one, and the shape of the last Weibull component should be more than one to describe the

decreasing and increasing hazard respectively. For extrapolation purposes this type of model

provide reliable results, as long term hazard is more possible to increase due to various factors

such as age.
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Chapter 4

Partitioned survival analysis (partSA)

4.1 Economic modelling

Health economic models or decision analytic models are the “heart” of economic evaluation as

it comprises the tool which combines the “effectiveness” (quality of life and survival analysis),

with the “costs” while providing the results for decision making. Various Cost effectiveness

(CE) models have developed during the years, trying to capture the complexity of human

health and economic resource in a single result. Choosing the best type of model is neither

trivial nor apparent besides, as George E.P. Box famously quoted “All models are wrong,

but some are useful” [39]. Drummond [1] stated that all the models may have differences in

the structure and assumptions but the share as key elements, the probabilities of an event

occurring and the expected values of costs or QALYs. The most common economic models

from the literature and widely used in health technology assessments are Markov models and

decision trees.

Decision trees use a series of pathways to predict the likelihood of potential outcomes to occur

after a specific intervention. Is consisted of nodes, branches, and leaves. Nodes represent

the probability of an event to occur, and leaves represent the outcomes and costs which are

combined using branch probabilities [40]. Time is not specified in decision trees so time

dependent outcomes cannot be modelled by this type of CEM. In addition to that, decision

trees are not preferred when modelling chronic diseases or in general long-term prognoses as

they tend to develop significant complexity [1].

Markov models or state transition models, are characterized by a set of mutually exclusive

health states and individuals move from a state to another through transition probabilities.

Time is partitioned in intervals, called model cycles and a patient cannot be in more than

one health state in each cycle [41]. The selection of health states aims to depict significant

clinical and economic occurrences within the progression of the disease.

Partitioned survival models are economic models with structure similar to Markov. Due to

their taxonomy and assumptions are frequently used by NICE for cancer studies. In the next
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sections PartSA models and how are utilized for decision analysis purposes, will be described

in detail.

4.2 Model taxonomy

PartSA similarly with Markov models, are characterized by a set of health states as presented

in Figure 4.1, where progression health state illustrates a situation where the participant

experience an aggravation of symptoms. Patients must remain in one health state in each

cycle and they cannot move to a previous one. In cancer studies, where this model is mainly

used, this assumption is clinically construable as patients are not likely to return in a healthier

state.

Figure 4.1: Three state partitioned survival analysis model

In partSA though, state membership is not described by transition probabilities but survival

curves. A survival curve is defined for every health state in order to model the transition of a

patient from the trial entry to death. More specifically, uses an Overall Survival (OS) curve

to estimate the mean survival through the area under the curve technique. Nevertheless, data

from clinical trials are incomplete in terms of mortality, thus an extrapolation up until a time

horizon is essential. Then OS can be ”partitioned” into N health states with associated state

values and different costs and utilities [42].

The 3-state model of Figure 4.1 is the most commonly used. The progression-free health

state is defined through the PFS curve and the progression health state as the difference of

OS and PFS at each time point (Figure 4.2). OS and PFS or other endpoints, depending on
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the number of states, are modelled independently meaning that there is no structural link

between health states [43].

Figure 4.2: State membership in a 3-state partitioned survival model, adapted from [6]

The computation of costs and QALYs requires the appointing of cost values and utilities for

each health state. Then the expected values of costs or QALYs for a time horizon T can be

derived by,

Z T

0

kh(t)ϵ
−rtph(t) dt (4.1)

where r demonstrates the discount rate, ph(t) is the probability of being in the h health state

for time t and kh(t) is the estimated costs or QALYs for the health state h.

When time is partitioned in discrete intervals then the computation is taking the form of a

sum.

TX
n=1

kh(tc
∗)ϵ−rtc

∗
ph(tc

∗)∆tc (4.2)
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where ∆tc = tc − tc−1 and tc
∗ ∈ [tc−1, tc]. The estimation of the wanted costs and QALYs

can be performed by left Riemann, right Riemann or the trapezoid rule. More specifically,

let’s consider the estimated costs or QALYs as g(tc
∗) = kh(tc

∗)ϵ−rtc
∗
ph(tc

∗). Then according

to left Riemann approximation g(tc
∗) = g(tc−1), according to right Riemann, g(tc

∗) = g(tc)

and the trapezole rule gives, g(tc
∗) = 1

2
∆tc[g(tc−1) + g(tc−1)] [44].

4.3 Strengths and limitations

4.3.1 Strengths

It is commonly observed in clinical trials, especially in cancer studies, to not publish time

to event data on individual transitions due to general data protection regulation (GDPR),

but only Kaplan-Meier curves and summary data on specific endpoints. This limitation

comprises a problem to other modelling techniques like Markov models in which time to

event data are used as inputs. The structure of partSA, which allows them to use as data

inputs also clinical endpoints like PFS and OS or pivotal trial external data, makes them

appealing, and sometimes the only modelling option [43].

Additionally an important asset of partitioned survival models would be the directly mod-

elling of each survival curve as a function of time. Modelling the survival curve provides the

opportunity to observe the event rates and a possible pattern regarding time or treatment

effects. In state transition models to occur for time-dependency in event risks is not straight-

forward and requires time-dependent transition probabilities using semi-Markov models [45],

patient level simulation [46] or ”pay-off approaches” [42].

4.3.2 Limitations

A major weakness of the partitioned survival analysis model lays on the fundamental assump-

tion that each survival function is modelled independently [42]. This assumption is clinically

implausible as endpoints are generally dependent. In reality, time spent in progression free

or progressed health state affects survival curve and progression is considered predictive of

mortality. When using trial data these dependencies are reside within partSA, but are not

taken into consideration beyond the trial period, questioning the validity of extrapolations.

Moreover, in partSA model extrapolations may be performed considering a time pattern in

the rate of deaths for the trial period, but for example the proportion of patients moving

from a state to another or treatment effects is ignored [42]. Provided that this information

is not within the partSA, extrapolation techniques using external information should be
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considered to ensure the credibility of predictions. The overestimation or underestimation

of overall survival would reflect on mean life years and QALYs, altering the decision making

procedure.

Assuming no dependence between OS and PFS could also extend to a prediction with higher

values in PFS than OS. This result is not clinically rational, as it indicates that higher

proportion of patients are progression-free than alive. In addition to that, it demotes the

probabilistic sensitivity analysis (section 4.4) and by extension the results from the tools

used, for measuring decision uncertainty (section 4.6)

4.4 Probabilistic sensitivity analysis (PSA)

As established so far, cost effectiveness models comprise a decision-making tool with results

based on predictions of mean costs and utilities, associated with a specific intervention.

Every prediction though, is associated with a degree of uncertainty, which should always

be accounted for, otherwise results will be biased. Uncertainties linked to cost effectiveness

models concern parameters, methodology and structure [47]. PSA is a common approach to

deal with uncertainty in decision modelling including portioned survival models.

4.4.1 Basic concept

The concept of PSA to account for uncertainty, originates from a widely known technique

in the statistics field, called Monte Carlo simulation. Monte Carlo methods in general, are

computational algorithms frequently used to solve optimization or integration problems with

random sampling [48]. In Monte Carlo simulation the random sampling is performed through

a known distribution.

In a cost effectiveness framework this applies by starting from the construction of the model,

where parameters are set to be drowned from a probability distribution. Setting a parameter

distribution highlights the uncertainty around the values and the best way to account for this

uncertainty is to repeat the procedure multiple times which are refered as ”iterations” of the

algorithm. In each iteration model outcomes such as QALYs and costs are being estimated

and the mean cost-effectiveness is estimated by averaging all the results from the iterations

as described below [49]. Probabilistic sensitivity analysis can also be considered under a

Bayesian framework where model inputs are simulated from the posterior distribution [50].
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4.4.2 Expected value of cost-effectiveness

Deriving the expected value of cost-effectiveness can be a challenging procedure depending

on the complexity of the model. In cases where the model is constituted by continuous inputs

the expected value of a function g(x) is expressed as E[g(x)] =
R

g(x) · p(x) dx where p(x)

is the probability distribution where variable x is drawn from [49]. Usually, this integral is

not in closed form and numerical methods like Monte Carlo are essential for its computation.

Monte Carlo estimates this integral by,

ĝ(x) =

MP
i=1

g(xi)

M
(4.3)

where M is the number of iterations and xi random variables from the distribution p [48].

Therefore ĝ(x) converges to E(g(x)) by the Strong Law of Large Numbers [51].

4.4.3 Assigning distributions to parameters

In order to conduct PSA, input parameters must be selected by random sampling from a dis-

tribution. The choice of distribution should reflect the characteristics of the input value such

as, variance or logical constrains. More specific the parameters included in partSA models

concern costs, utilities probabilities and treatment effects. When the number of available

data is sufficient then the normal distribution is the obvious choice taking into consideration

the central limit theorem [52]. Table 4.1 presents the most common distributions used for

sampling model parameters, according to Drummond [1].

Parameter
Logical
constrain

Form of data
Methods of
estimation

Candidate
distribution

Probability 0 ≤ θ ≤ 1 Time to event Survival analysis
Parametric
Flexible para-
metric

Relative risk θ > 0 Binomial
Ratio of
proportions

Lognormal

Cost θ ≥ 0
Weighted sum of
resource counts

Mean
standard error

Gamma
Lognormal

Utility
decrement

θ ≥ 0 Continuous
Mean
standard error

Gamma
Lognormal

All parameters
(sufficient data)

Any constraint
Any distribution
of data

Mean, standard
error

Normal

Table 4.1: Candidate distributions regarding model parameters. Adapted from [1].
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4.5 Cost effectiveness results

The results of CEA are based and interpreted through, Cost effectiveness ratio (CER), Net

monetary benefit (NMB) and their incremental for decision analysis purposes. Of course,

the cost effectiveness results, meaning which intervention is more cost effective, will not be

altered by the choice of ratio or summary statistic as all of them will agree on the same

treatment[1].

4.5.1 Incremental cost effectiveness ratio (ICER)

ICER is the most frequently used summary measure for comparing treatments. The compar-

ison is between the more expensive therapy with the alternative and gives a ratio of “extra

cost per extra unit of health effect” [53]. So ICER is expressed as,

ICER =
CA − CB

EA − EB

(4.4)

where Ci and Ei i ∈ A, B are costs and benefits for treatment i. Health effects used vary

depending on the health care while QALYs are used in UK [53]. The possible outcomes for

the two interventions A, B are the following: [54]:

1. Treatment A is less expensive and more effective than B.

2. Treatment A is more expensive and less effective than B.

3. Treatment A is more expensive and more effective than B.

4. Treatment A is less expensive and less effective than B.

Cases 1,2 are simple decision making dilemmas and ICER is not needed. In case 1, treatment

A dominates treatment B, as treatment A is certainly more cost-effective than B. In case 2

instead, treatment B dominates A.

Cases 3,4 are more complicated and dominance is not aparent. If treatment A is more

expensive and more effective than B, like in case 3, then A is considered the optimal option

if ICER < k, where k is the WTP threshold. Finally in case 4, A is more cost effective than

B, if ICER > k.

4.5.2 NMB

NMB is a summary statistic describing the monetary value of an intervention when a willing-

ness to pay threshold for a unit of benefit (e.g. QALY) is known [55]. For a given parameter
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θ, the NMB [44] with treatment j is ,

NMB(j, θ) = ej(θ) · k − cj(θ), (4.5)

where ej is measure of health outcome (eg. QALY) and cj the costs for j treatment respec-

tively. The value k represents the WTP per unit of a health outcome. The decision making

is based on the treatment that maximizes the expected NMB,

j∗ = arg max
j

Eθ[NMB(j, θ)] (4.6)

This linear expression has an advantage compared to ratios because is making NMB more

manageable and possesses a sampling distribution that is easier to handle. The variance and

confidence intervals for NMB can be readily defined using parametric methods or bootstrap-

ping [1].

If a pairwise comparison is needed, to decide if treatment A is favored compared to treatment

B, then Incremental net monetary benefit (INMB) has to be computed. INMB is defined as

[44],

INMB(θ) = NMB(j = A, θ) − NMB(j = B, θ) (4.7)

and if Eθ[NMB(j, θ)] > 0 then treatment A is more cost-effective than treatment B and vice

versa.

The advantages of using INMB as decision analytic tool in RCTs are highlighted by Willan

[56]. One of the pros of INMB is the capacity to include more than one measure of effectiveness

in a single result. An example he provides is a trial of anticoagulants where death, strokes

and major bleeds may be effects of interest. Also, another advantage according to Willan, is

the ability to include patient preferences into INMB.

4.6 Decision uncertainty and interpretation

The uncertainty around the cost effectiveness models is accounted through PSA by inter-

preting the expected values and the corresponding confidence intervals. The most common

measures were described in section 4.5, but an analyst cannot form a decision based only

on estimates. For this purpose, PSA results can be presented graphically to reinforce the

decision making procedure.
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4.6.1 Cost effectiveness plane

Cost effectiveness planes are scatter plots, of an intervention versus ECM, where x-axis

and y-axis regard incremental QALYs and costs respectively. The points in the scatter-plot

represent the estimates of incremental costs and QALYs for each iteration of the PSA. A cost

effectiveness plane of an intervention A versus O, for one iteration, is presented in Figure

4.3. As shown in Figure 4.3 all the points laying in the second quadrant are in favor of the

intervention, while all points laying on the fourth quadrant are in favor of the alternative.

For the remaining quadrants the decision making is based on the WTP threshold which is

depicted as a linear function of incremental costs and QALYs. As a result the intervention

is more cost-effective in the first and third quadrant, if the point is located right from the

threshold. Furthermore, the analyst through the scatter-plot except for determining the cost

effectiveness of an intervention can examine the variability of the estimates and consider the

validity of the results.

Figure 4.3: Cost-effectiveness plane, adapted from [1]
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4.6.2 Cost effectiveness acceptability curve (CEAC)

CEAC, as the name reveals, is a plot representing the probability of an intervention to be

cost-effective for different values of willingness to pay threshold and is derived from the joint

distribution of incremental costs and incremental effects. During the PSA iterations the

treatment with the highest NMB (see 4.5.2) is detected, and the probability of most cost

effective is analogue to the proportion of the iterations at which each treatment had the

highest NMB [57], [58]. CEAC, is a useful visualisation as it captures a wider range of WTP

thresholds and reinforce the evidence of an informed decision making procedure. Figure 4.4

depicts the above statement as it shows how treatment A being the most cost-effective, ended

up being the least cost-effective as WTP values increased.

Figure 4.4: Cost effectiveness acceptability curve of three treatments, adapted from [1]
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Chapter 5

Application of cost effectiveness

analyses in non-small cell lung cancer

(NSCLC)

5.1 Disease and problem description

Data from the World Health Organization in 2018 reveal that one in six deaths is caused

by cancer, making it the second leading cause of death globally. Lung cancer is one of the

most common types of cancer observed in both men and women [59]. More specifically, lung

cancer is the leading cause of cancer-related deaths in the United States.

Non-Small Cell Lung Cancer (NSCLC) generally refers to any type of epithelial lung cancer,

such as squamous cell carcinoma, large cell carcinoma, and adenocarcinoma. Individuals

diagnosed with resectable disease may achieve a cure through surgery alone or a combination

of surgery and subsequent chemotherapy. Radiation therapy can effectively control local dis-

ease in many cases of unresectable disease, although achieving a cure is relatively uncommon.

For those with locally advanced unresectable disease, a combination of radiation therapy and

chemotherapy may lead to long-term survival. Patients with advanced metastatic disease

may experience enhanced survival rates and symptom relief through chemotherapy, targeted

therapies, and other supportive interventions [60].

Cost-effectiveness analyses are regularly performed to compare treatments for different stages

of the disease. As discussed in previous sections, CE models contain cost inputs and effec-

tiveness inputs, the latter including survival analysis results and utilities. Individual patient

data (IPD) needed for survival analysis are provided by companies conducting clinical tri-

als. However, clinical trials tend to publish their results at various times, with the most

recent publication expectedly having the more mature data. The more mature data will

certainly provide better extrapolations, but how does this affect the CE analysis and the

decision-making process, and to what degree? An answer to this question could be derived
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by comparing cost-effectiveness results through a partitioned survival analysis from differ-

ent clinical trials. For each clinical trial, model results are derived from data with different

follow-up periods, more specifically, the earliest and the latest possible.

5.2 Clinical trial data

A literature review was conducted to identify clinical trial publications relevant to NSCLC

through an electronic database. The search identified 123 studies. The studies should have

similar characteristics to reduce bias when comparing effectiveness results. Therefore, to

narrow down the inclusion criteria to more advanced cases, the considered trials should in-

clude only second line (2L) treatments and phase 3 trials. Second-line treatment refers to the

therapy administered after the initial or first-line treatment fails to control disease progres-

sion. Thus, out of the 123 studies, 36 were excluded because the patients were in first-line

treatment, and 23 more were removed as they were combination therapies. Additionally, to

perform a comparison between different follow-up periods, the studies should have published

results in at least two data cuts. Furthermore, since individual patient data (IPD) are not

available due to GDPR, a Kaplan-Meier curve should be included in the publication to re-

construct the survival data (see section 5.3.1). For this reason, 48 studies were excluded for

not reporting results from two data cuts. Ultimately, 11 more trials were not considered in

the analysis because they were phase 2 or single-arm.

The identified eligible trials were in total five, KEYNOTE 010 [61], [62], [63], Pooled Check-

Mate 017 & 057 [64], [65], OAK [66], [67], LUX-lung-8 [68], [69] and PACIFIC [70], [71].

Three of them compared immunotherapy with chemothreapy, one compared immunother-

apy with placebo and one study compared two targeted therapies. More details about the

trials and the data cut selection is presented below, while a summary of some basic trial

characteristics can be found in table 5.1

KEYNOTE 010

KEYNOTE O1O was a randomized, open-label, phase II/III trial that started in 2013 and

ended in 2020. The intervention drug was pembrolizumab, and it comprised two arms with

different doses. One arm treated 345 patients with 2 mg/kg of pembrolizumab, and the other

treated 346 patients with 10 mg/kg. The comparator drug, docetaxel, was administered to

343 patients. The median age was 63 in the pembrolizumab arm and 62 in the docetaxel arm.

The early publication of this trial included results with a median follow-up period of 13.1

months. However, the KM plot published for this period did not include a pooled survival

of the two pembrolizumab arms, so the corresponding plot was only used to extract data for
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docetaxel. For pembrolizumab, a different KM plot with a pooled survival was used, with

data from a median follow-up period of 31 months. To extract the more mature data, a KM

plot from the latest publication was used, with a data cut median follow-up of 67.4 months.

Pooled CheckMate 017 & 057

CheckMate 017 & 057 was a randomized, open-label, phase III trial conducted from 2012

to 2021. In total, 582 patients participated, with 292 assigned to the experimental arm

nivolumab and 290 assigned to docetaxel. The median age was not reported for the pooled

results, but the 017 trial had patients with a median age of 62-64 years, and the 057 trial

had patients aged 61-64 years. The first data cut was considered at a median follow-up of

40.3 months, and the second data cut at 64.2 months.

OAK

OAK was a phase III, open-label, randomized study active from 2014 until 2019. This trial

enrolled 1,225 patients, out of which 613, with a median age of 63 years, were assigned to

the intervention atezolizumab, and 612, with a median age of 64 years, to docetaxel. For

the first data cut, KM plots had data with a median follow-up of 26 months, and the second

data cut had a median follow-up of 47.4 months.

LUX-lung 8

This trial was a randomized, open-label, phase III study that started in 2012 and was com-

pleted in 2017. The intervention treatment was afatinib, with 398 patients, and the compara-

tor was erlotinib, with 397 patients. The median ages were 65 and 64 years old, respectively.

The less mature data were derived from a publication with a median data cut follow-up at

18.4 months and KM data up to 30 months. The median data cut follow-up period was not

reported for the second data cut, but the KM data were up to 54 months.

PACIFIC

PACIFIC, like the rest of the trials, was a phase III randomized, double-blind clinical trial.

The experimental arm was durvalumab, with 473 patients, while the control, in contrast

to the other trials, was placebo, with 236 patients. The median age was 64 years in both

arms. The first data cut was considered at a median follow-up of 25.2 months, and the

second data cut at 34.2 months. However, this study was eventually excluded, as during the

survival analysis for the majority of survival models, the mean OS was less than the mean

PFS, violating the assumption of the partitioned survival model 5.3.3. These trial data were

better fitted in a different economic modeling framework, possibly a Markov model.
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KEYNOTE

010

CheckMate 017

& 057
OAK LUX-lung 8

Intervention Pembrolizumab Nivolumab Atezolizumab Afatinib

Intervention

class
Immunotherapy Immunotherapy Immunotherapy Targeted therapy

No. of

patients
691 427 613 398

Median age 63 - 63 65

Male % 62 - 61.8 84

Squamous % 23 41 26.3 96 (4% mixed)

EGFR

mutation

status

Wild type 84%

Mutant 9%
-

Positive 9.8%

Negative 74.2%
-

Comparator Docetaxel Docetaxel Docetaxel Erlotinib

Comparator

class
Chemotherapy Chemotherapy Chemotherapy Targeted therapy

No. of

patients
343 427 612 397

Median age 62 - 64 64

Male % 61 - 62.9 83

Squamous % 19 32 26.1 96 (4% mixed)

EGFR

mutation

status

Wild type 86%

Mutant 8%
-

Positive 8.7%

Negative 75.8%
-

Table 5.1: Basic characteristics of included trials
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Study Therapy No of patients

Datacut 1

Median Follow-up

(months)

Datacut 2

Median Follow-up

(months)

KEYNOTE-010
Docetaxel 343 13.1 67.4

Pembrolizumab 690 31 67.4

CheckMate

017 & 057

Nivolumab 427 Minimum: 40.3 Minimum: 64.2

Docetaxel 427 Minimum: 40.3 Minimum: 64.2

OAK
Atezolizumab 613 26 months 47.7

Docetaxel 612 26 months 47.7

LUX-Lung 8
Afatinib 398 18.4 months

NR

(KM data up to 54)

Erlotinib 397 18.4 months
NR

(KM data up to 54)

Table 5.2: Summary of trials and data cut-off used in analysis

5.3 Methodology

5.3.1 Pseudo IPD

Guyot in 2012 [72] proposed a method to generate time-to-event IPD from published KM

curves. This method requires the digitization of KM curves through a software [73] by clicking

with the mouse points above the curve to capture it’s shape. The axes are calibrated also,

through the software. During this procedure the analyst should be aware of the monotony

of KM curve, since is a decreasing function over time. At the end of this process survival

probabilities over time t are derived from the original KM plots.

To reconstruct the KM probabilities after the digitization, the total number of patients at

risk at the beginning of the trial or for different time intervals, is necessary. As described

in section 3.3, KM probabilities are computed using the number of patients at risk, number

of deaths and the number of censored observations. The reported data though, usually do

not include censored observations. Therefore, at Guyot’s algorithm the reported numbers at

risk are used to approximate the censored observations in each time interval which occur at

a constant rate within intervals. In Guyot’s publication [72] the steps of the algorithm are

described in detail and are presented along-side with an R script.

So, for the purposes of this analysis the OS and PFS, Kaplan-Meier curves, from two data

cuts of each trial were reconstructed to create OS and PFS pseudo data. The comparison of

original and reconstructed KM curve can be found in Appendix A.
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5.3.2 Survival analyses and model selection

After the reconstruction of the pseudo-IPD, survival analyses were conducted using the mod-

els described in Chapter 3. According to NICE recommendations of technical document 14

[7], if the hazards between treatments are not proportional then a different should be con-

sidered for each arm. In addition to that, in technical document 21 [34], is stated that the

proportional hazards assumption is strict and the treatments should not be included in the

same model to improve fitting and plausibility of results. So, taking under consideration the

above, separate survival models were fitted for each arm but, also the proportional hazards

assumption for each trial was tested to support this decision. The PH testing revealed that

hazards using OS data was in general proportional although this was not the case for PFS

(Appendix B).

The data from two data cuts of each arm were fitted in all standard parametric models i.e.

Exponential, Weibull, Log-normal, Log-logistic , Gompertz and Generalized Gamma in R

using the flexsurv package [74]. Normal and hazard splines with one knot were also included

in the analysis. Due to the fact that the sample size was relatively small, a spline with up

to one knot was considered a feasible option. The placement of more knots would capture

the shape of the survival curve effectively but it could lead in implausible predictive results,

since data from the last cubic polynomial of the partition are used for extrapolation. The

location of the knot was tested in several points where a change in the hazard was observed.

To understand and explain possible changes in the cost effectiveness outcomes it is important

to analyse the model’s performance and try to comprehend potential patterns within the

survival models that could ease the selection procedure. Under this scope a comparison

of extrapolations from the short follow up period to the real survival estimates from the

longer follow up period would help to observe if there are models with better extrapolations

consistently. Also the change in mean OS and mean PFS could provide a clue about the

robustness of predictions between data cuts.

Ensuing the survival analyses, model selection was performed based on the procedure sug-

gested in NICE technical document 14 (Figure C.1 in Appendix C). So, for the survival model

selection the following criteria were part of the final decision:

1. Statistical goodness of fit using the information criteria Akaike Information Criterion

(AIC) and Bayesian Information Criterion (BIC).

2. Visual inspection by plotting the OS and PFS curves with the corresponding KM

curves.
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3. Visual inspection by plotting log-cumulative hazard plots.

4. Clinically plausibility of mean survival estimates.

5. Mean overall survival should be higher than mean progression free survival according

to partitioned survival model assumptions.

6. Check the validity of extrapolations with expert elicitation.

Expert elicitation information was extracted from NICE technical documents regarding the

same medication and indication. The available information is summarized in the table 5.3

below:

NICE
TA number

Trial Treatment Expert elicitation

428 KEYNOTE 010 Pembrolizumab 5-year estimates 11-12%

428 KEYNOTE 010 Docetaxel
5-year estimates 3.2-3.5%
10-year estimates 2-2.5%

713
CheckMate
017& 057

Nivolumab
5-year estimates 5-10%
10-year estimates 0-5%

713
CheckMate
017& 057

Docetaxel 5-year estimates 1%

520 OAK Atezolizumab
5-year estimates 10%
10 year estimates 7.5%
20 year estimates 2%

520 OAK Docetaxel 5-year estimates 2%

Table 5.3: Expert elicitation information for overall survival from NICE technical assessments
[2], [3], [4]

All the criteria were considered but the decision was weighted towards the expert elicitation

opinion, where it was possible, clinically plausibility of mean survival estimates and the

partitioned survival model. Furthermore for consistency purposes the same model should be

chosen for both arms. Due to data incompleteness, statistical methods like AIC and BIC

are not the best indicators for model selection, however were considered as a valid argument.

For differences in criteria less than 2 values the models regarded equivalent, differences 4 to

7 values were considered minor while differences more than 10 values were prohibited [75].

Visual inspection was used supplementary with the information criteria.

The model selection is a cumbersome process and even though six different methods were

used, the answer was not always obvious. In such cases NICE suggests to chose the best
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possible option, but also explore the alternatives in a sensitivity analysis.

For the analysis purposes one more restriction was assumed for the model selection which

consider that the same model should be chosen for both data cuts for comparison purposes.

This made the selection procedure more challenging, so in every trial a base case and at

least one scenario analysis was examined. The scenario analyses aimed to capture different

scenarios in survival extrapolations that could alter the cost effectiveness results.

5.3.3 PartSA model and assumptions

For the cost effectiveness analysis a three state partitioned survival model was used as the

one in Figure 4.1 and implemented in R via hesim package [44]. The model is comprised

by a weekly cycle and a 30-year time horizon. To account for uncertainty a probabilistic

sensitivity analysis was performed with 1000 iterations.

The limitations of partSA were described in section 4.3.2 and the most fundamental would be

the independent modelling of endpoints. In a PSA framework this would result in crossing of

PFS and OS curves and thus, alter the state probabilities. To account for the correlation be-

tween endpoints, two possible options were offered by hesim package. The first one considered

the accounting of uncertainty through a multivariate normal distribution. Basically survival

model parameters were estimated through flexsurv with maximum likelihood estimation and

these estimations were used in a multivariate normal distribution. In every iteration, the

survival parameters were derived from the multivariate normal. The second option included

bootstrapping of OS and PFS survival models through refitting them repeatedly to resamples

of the dataset. At first, bootstrap was used to account for uncertainty, but in many cases the

survival extrapolations resulted in huge confidence intervals. These results were in line with

NICE technical document 19 [42] which states that bootstrap accounts for the correlation

between endpoints for the within trial period but this is not the case for the extrapolation

period resulting in inconsistent outcomes. So eventually uncertainty was considered through

a multivariate normal distribution. In situations where crossing may occur, if OS < PFS,

then the probability of being in progression free health state is set to 0 and the probability

of being in progressed health state is adjusted to equal the original probability of progression

free health state. The probability of being in the death state is also adjusted if necessary so

probabilities would sum to 1.

Furthermore, extrapolations in PSA were limited to not exceed general population mortality.

British mortality data [76] were used to compute the overall survival. The published data

depict mortality rate of women and mortality rate of men for ages 0-100 years old. To derive
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the general population mortality rate the individual mortality rates were weighted using

the female and male percentage participating in each trial. Then general population overall

survival was computed for each model cycle, and in cases where the model’s overall survival

was higher than general population the probability was replaced with the survival probability

of general population.

A discount rate of 3.5% was implemented to both costs and effectiveness estimates. More-

over a willingness to pay threshold of 20,000£ was considered in compliance with the British

data. The input costs, regard treatment initiation procedure and disease management for

the progression free and progressed health state. Obviously, drug acquisition and drug ad-

ministration, with the latter being the same for all the treatments, were also considered.

Moreover, terminal care costs were included portraying the third health state. The drug ac-

quisition costs were acquainted from British national formulary, while the rest from national

health system (NHS) costs and personal social services research unit (PSSRU) [77], [78], [79].

Tables with every cost used in the analysis can be found in Appendix D. Ostensive, drug

administration costs are presented in table 5.4. The stopping rules for every treatment were

also implemented in the model.

Drug
Total cost
per
admin (£)

Treatment
schedule

Stopping
rule

Trial

Pembrolizumab 4,453.13 Every 3 weeks 2 years KEYNOTE 010

Atezolizumab 3,807.69 Every 3 weeks 2 years OAK

Nivolumab 2,633 Every 2 weeks 2 years CheckMate 017 & 057

Afatinib 72.26 Daily - LUX-lung 8

Erlotinib 12.61 Daily - LUX-lung 8

Docetaxel 16.04 Every 3 weeks 18 weeks
KEYNOTE 010
OAK
CheckMate 017 & 057

Table 5.4: Drug acquisition costs

Disease management, treatment initiation and terminal care costs are comprised by a re-

source. For example a resource could be an appointment to the oncologist for disease man-

agement, CT scan (thorax or abdominal) for treatment initiation and drugs and equipment

for terminal care. This resource, is accompanied by the number of times need for a three

week period. The resources needed were derived from NICE technical assessment 428 [2].

The uncertainty around the use of resource was accounted with a gamma distribution with
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mean value the reported one, and a standard deviation of 10%.

For resource use, the costs were obtained from NHS reference costs 2021-2022. In some cases

though, the cost of the resource was not available for the year 2021-2022. In these scenarios,

costs were inflated using the inflation indices from PSSRU. Inflation, measures the percentage

of increase in the values of the resources for a specific time period. So, the inflated costs are

computed by multiplying the price of previous year, with the inflation percentage plus one.

The process will stop when the wanted cost is computed.

Utilities are presented in table 5.5 and were derived from NICE technical assessment 428 [2].

To account for uncertainty during PSA a beta distribution was used with mean values 0.753,

0.664 and standard deviation 0.07, 0.06.

Health-state Mean 95% CI

Progression-free 0.753 (0.741, 0.756)

Progressed 0.664 (0.635, 0.639)

Table 5.5: Progressed based utilities adapted from [2]

5.4 Results

5.4.1 Survival analyses and extrapolations

Survival model selection results

For KEYNOTE 010 OS data normal spline was chosen for the base case analysis since it

has good statistical fit in terms of AIC for both arms and cuts and clinically plausible

extrapolations. Nevertheless it underestimates the survival probability in especially in the

first cut for Docetaxel according to expert elicitation and available data. For this reason

Log-normal was chosen in a scenario analysis, because even though did not have one of the

best statistical fits, delivered the closest survival estimates according to expert elicitation.

In the scenario analysis docetaxel was also underestimated but in a smaller degree. For the

PFS data log normal was selected for both arms and cuts. As expert elicitation was not

available for progression free data, the choice was limited only in information criteria and

visual inspection. Generalized gamma and splines met these criteria but they overestimated

mean PFS so the log normal was considered instead for both base case and scenario analysis.
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Pembrolizumab OS
1st data cut 2nd data cut

Models
Mean survival
(months)

AIC BIC
Mean survival
(months)

AIC BIC

Exponential 22.0 4304.2 4308.8 24.0 4646.1 4650.6
Weibull 23.0 4298.0 4307.1 25.5 4616.4 4625.4
Log-normal∗∗ 35.1 4265.4 4274.4 35.0 4558.0 4567.1
Log-Logistic 62.6 4266.8 4275.9 62.2 4559.6 4568.7
Gompertz NA 4276.5 4285.6 NA 4570.1 4579.2
Generalized Gamma 32.3 4266.9 4280.5 35.7 4560.0 4573.6
1-knot spline (hazard) 27.0 4269.1 4282.7 32.2 4560.0 4573.6
1-knot spline (normal)∗ 32.7 4266.4 4280.0 34.9 4560.0 4573.6

Table 5.6: Mean OS and information criteria for first and second data cut of Pembrolizumab
from KEYNOTE 010 trial
∗ Selected for base case analysis, ∗∗ Selected for scenario analysis

(a) Pembrolizumab Kaplan-Meier OS curve and
survival extrapolations of first data cut

(b) Pembrolizumab Kaplan-Meier OS curve and
survival extrapolations of second data cut

Figure 5.1: Kaplan Meier curves and survival extrapolations of Pembrolizumab from OS
KEYNOTE 010 data
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(a) Pembrolizumab log cumulative hazard plot
of first data cut

(b) Pembrolizumab log cumulative hazard plot
of second data cut

Figure 5.2: Log cumulative hazard plots of Pembrolizumab from OS KEYNOTE 010 data

Survival probabilities of Pembrolizumab for OS
1st data cut 2nd data cut

Models 5 years 10 years 20 years 5 years 10 years 20 years
Exponential 6.50% 0.40% 0.00% 8.20% 0.70% 0.00%
Weibull 8.40% 1.00% 0.00% 10.90% 1.90% 0.10%
Log-normal∗∗ 13.80% 5.70% 1.90% 13.80% 5.70% 1.90%
Log-logistic 13.40% 6.20% 2.80% 13.10% 6.10% 2.70%
Gompretz 14.90% 9.80% 8.80% 14.20% 9.30% 8.30%
Generalized gamma 13.20% 5.10% 1.50% 13.90% 5.90% 2.10%
1-knot spline (hazard) 12.30% 3.40% 0.40% 14.30% 5.80% 1.50%
1-knot spline (normal)∗ 13.10% 5.10% 1.60% 13.70% 5.70% 1.90%

Table 5.7: Survival probabilities of Pembrolizumab for OS data from KEYNOTE 010 trial
∗ Selected for base case analysis, ∗∗ Selected for scenario analysis
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Docetaxel OS
1st data cut 2nd data cut

Models
Mean survival
(months)

AIC BIC
Mean survival
(months)

AIC BIC

Exponential 12.4 1471.0 1474.9 14.4 2262.8 2266.7
Weibull 11.1 1461.2 1468.9 14.5 2263.3 2271.0
Log-normal∗∗ 16.5 1475.0 1482.6 16.5 2226.3 2234
Log-Logistic 19.0 1464.7 1472.4 19.7 2218.6 2226.3
Gompertz 10.6 1466.1 1473.7 NA 2241.6 2249.3
Generalized Gamma 11.4 1462.7 1474.2 16.0 2228.0 2239.5
1-knot spline (hazard) 11.2 1462.8 1474.3 16.4 2224.7 2263.2
1-knot spline (normal)∗ 12.7 1463.0 1474.5 15.8 2227.5 2239.1

Table 5.8: Mean OS and information criteria for first and second data cut of Docetaxel from
KEYNOTE 010 trial
∗ Selected for base case analysis, ∗∗ Selected for scenario analysis

(a) Docetaxel Kaplan-Meier OS curve and
survival extrapolations of first data cut

(b) Docetaxel Kaplan-Meier OS curve and
survival extrapolations of second data cut

Figure 5.3: Kaplan Meier curves and survival extrapolations of Docetaxel from OS
KEYNOTE 010 data
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(a) Docetaxel log cumulative hazard plot of
first data cut

(b) Docetaxel log cumulative hazard plot of
second data cut

Figure 5.4: Log cumulative hazard plots of Docetaxel from OS KEYNOTE 010 data

Survival probabilies of Docetaxel for OS
Models 1st data cut 2nd data cut

5 years 10 years 20 years 5 years 10 years 20 years
Exponential 0.80% 0.00% 0.00% 1.60% 0.00% 0.00%
Weibull 0.10% 0.00% 0.00% 2.00% 0.10% 0.00%
Log-normal∗∗ 4.60% 1.10% 0.20% 4.60% 1.10% 0.20%
Log-logistic 4.50% 1.60% 0.60% 4.80% 1.70% 0.60%
Gompretz 0.00% 0.00% 0.00% 5.10% 2.40% 1.90%
Generalized gamma 0.20% 0.00% 0.00% 4.20% 0.90% 0.10%
1-knot spline (hazard) 0.10% 0.00% 0.00% 5.00% 1.20% 0.10%
1-knot spline (normal)∗ 1.60% 0.20% 0.00% 4.00% 0.90% 0.10%

Table 5.9: Survival probabilities of Docetaxel for OS data from KEYNOTE 010 trial
∗ Selected for base case analysis, ∗∗ Selected for scenario analysis
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Pembrolizumab PFS
1st data cut 2nd data cut

Models
Mean survival
(months)

AIC BIC
Mean survival
(months)

AIC BIC

Exponential 10.7 4101.5 4106.1 14.3 4796 4800.5
Weibull 11.2 4029 4038.1 14.2 4586.5 4595.5
Log-normal∗ 11.7 3831.6 3840.7 14.1 4373.6 4382.7
Log-Logistic 15.2 3836.6 3845.6 19.3 4377.6 4386.7
Gompertz NA 3871.8 3880.9 NA 4485.4 4494.5
Generalized Gamma NA 3701 3714.6 NA 4246.7 4260.4
1-knot spline (hazard) 48.8 3711.9 3725.5 30.4 4289.1 4302.7
1-knot spline (normal) 61.5 3686.2 3699.8 49.5 4240.5 4254.1

Table 5.10: Mean PFS and information criteria for first and second data cut of Pem-
brolizumab from KEYNOTE 010 trial
∗ Selected for base case analysis and scenario analysis

(a) Pembrolizumab Kaplan-Meier PFS curve
and survival extrapolations of first data cut

(b) Pembrolizumab Kaplan-Meier PFS curve
and survival extrapolations of second data cut

Figure 5.5: Kaplan Meier curves and survival extrapolations of Pembrolizumab from PFS
KEYNOTE 010 data
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(a) Pembrolizumab log cumulative hazard plot
of first data cut

(b) Pembrolizumab log cumulative hazard plot
of second data cut

Figure 5.6: Log cumulative hazard plot of Pembrolizumab from PFS KEYNOTE 010 data

Survival probabilities of Pembrolizumab for PFS
Models 1st data cut 2nd data cut

5 years 10 years 20 years 5 years 10 years 20 years
Exponential 0.40% 0.00% 0.00% 1.50% 0.00% 0.00%
Weibull 1.60% 0.10% 0.00% 4.10% 0.60% 0.00%
Log-normal∗ 2.80% 0.70% 0.10% 4.10% 1.20% 0.30%
Log-logistic 3.10% 1.30% 0.50% 3.90% 1.60% 0.70%
Gompretz 10.30% 10.10% 10.10% 5.30% 4.40% 4.30%
Generalized gamma 7.30% 4.30% 2.60% 7.30% 4.30% 2.50%
1-knot spline (hazard) 8.90% 5.70% 3.40% 7.00% 4.20% 2.30%
1-knot spline (normal) 8.50% 5.20% 3.00% 7.50% 4.50% 2.50%

Table 5.11: Survival probabilities of Pembrolizumab for PFS data from KEYNOTE 010 trial
∗ Selected for base case analysis and scenario analysis
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Docetaxel PFS
1st data cut 2nd data cut

Models
Mean survival
(months)

AIC BIC
Mean survival
(months)

AIC BIC

Exponential 5.2 1799.5 1803.4 7.6 2073.1 2077.0
Weibull 5.2 1773.6 1781.3 7.6 2074.9 2082.0
Log-normal∗ 5.4 1750.1 1757.7 7.4 2002.0 2009.7
Log-Logistic 6.0 1767.2 1774.9 8.1 2011.5 2019.2
Gompertz 5.2 1791.6 1799.3 NA 2059.8 2067.5
Generalized Gamma 5.3 1751.3 1762.8 7.9 1999.2 2010.7
1-knot spline (hazard) 5.2 1755.1 1766.6 7.8 2006.2 2017.7
1-knot spline (normal) 5.3 1751.6 1763.1 7.9 1998.3 2009.8

Table 5.12: Mean PFS and information criteria for first and second data cut of Docetaxel
from KEYNOTE 010 trial
∗ Selected for base case analysis and scenario analysis

(a) Docetaxel Kaplan-Meier PFS curve and
survival extrapolations of first data cut

(b) Docetaxel Kaplan-Meier PFS curve and
survival extrapolations of second data cut

Figure 5.7: Kaplan Meier curves and survival extrapolations of Docetaxel from PFS
KEYNOTE 010 data
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(a) Docetaxel log cumulative hazard plot of
first data cut

(b) Docetaxel log cumulative hazard plot of
second data cut

Figure 5.8: Log cumulative hazard plot of Docetaxel from PFS KEYNOTE 010 data

Survival probabilities of Docetaxel for PFS
Models 1st data cut 2nd data cut

5 years 8 years 10 years 5 years 8 years 10 years
Exponential 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
Weibull 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
Log-normal∗ 0.10% 0.00% 0.00% 0.50% 0.10% 0.00%
Log-logistic 0.40% 0.20% 0.10% 1.00% 0.50% 0.30%
Gompretz 0.00% 0.00% 0.00% 0.50% 0.20% 0.10%
Generalized gamma 0.00% 0.00% 0.00% 0.90% 0.30% 0.20%
1-knot spline (hazard) 0.00% 0.00% 0.00% 0.90% 0.30% 0.10%
1-knot spline (normal) 0.00% 0.00% 0.00% 0.90% 0.30% 0.20%

Table 5.13: Survival probabilities of Docetaxel for PFS data from KEYNOTE 010 trial
∗ Selected for base case analysis and scenario analysis

For CheckMate 017&057 OS data normal spline had good statistical fit in both arms and cuts,

but also credible survival predictions according to the available information and was chosen

in the base case analysis. Normal spline though, seems to overestimate 10-year survival of

nivolumab. For this reason log normal was considered in a sensitivity analysis which also

has proper goodness of fit compared to the other models but overestimates the survival

probability of docetaxel. For PFS data log-logistic was chosen because it had good statistical

fit for both arms in the second data cut. Splines and generalized gamma had also good fit

but they were not considered due to extremely optimistic survival results.
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Nivolumab OS
Models 1st data cut 2nd data cut

Mean survival
(months)

AIC BIC
Mean survival

(months)
AIC BIC

Exponential 19.5 2669.3 2673.4 23.4 3115.0 3119.0
Weibull 20.4 2662.7 2670.8 24.9 3067.1 3075.3
Log-normal ∗∗ 27.1 2623.6 2631.7 31.5 3003.0 3011.1
Log-Logistic 45.2 2630.9 2639.0 59.0 3003.3 3011.4
Gompertz NA 2639.4 2647.6 NA 2997.5 3005.6
Generalized Gamma 32.4 2624.4 2636.6 43.9 3000.7 3012.9
1-knot spline (hazard) 25.4 2630.2 2642.4 35.4 3003.2 3015.4
1-knot spline (normal)∗ 29.0 2624.9 2637.1 36.7 3002.0 3014.2

Table 5.14: Mean OS and information criteria for first and second data cut of Nivolumab
from CheckMate 017 & 057 trial
∗ Selected for base case analysis, ∗∗ Selected for scenario analysis

(a) Nivolumab Kaplan-Meier OS curve and
survival extrapolations of first data cut

(b) Nivolumab Kaplan-Meier OS curve and
survival extrapolations of second data cut

Figure 5.9: Kaplan Meier curves and survival extrapolations of Nivolumab from OS Check-
Mate 017 & 057 data
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(a) Nivolumab log cumulative hazard plot of
first data cut

(b) Nivolumab log cumulative hazard plot of
second data cut

Figure 5.10: Log cumulative hazard plot of Nivolumab from OS CheckMate 017 & 057 data

Survival probabilities of Nivomulab for OS
Models 1st data cut 2nd data cut

5 years 10 years 20 years 5 years 10 years 20 years
Exponential 4.60% 0.20% 0.00% 7.70% 0.60% 0.00%
Weibull 6.50% 0.60% 0.00% 10.90% 2.30% 0.20%
Log-normal ∗∗ 10.30% 3.80% 1.10% 12.10% 5.00% 1.70%
Log-logistic 10.40% 4.60% 2.00% 11.50% 5.40% 2.40%
Gompretz 12.00% 8.10% 7.40% 13.70% 10.70% 10.30%
Generalized gamma 11.40% 4.90% 1.80% 13.30% 6.40% 2.80%
1-knot spline (hazard) 10.80% 3.40% 0.60% 13.90% 6.80% 2.60%
1-knot spline (normal)∗ 11.00% 4.40% 1.40% 13.20% 6.10% 2.40%

Table 5.15: Survival probabilities of Nivolumab for OS data from CheckMate 017 & 057 trial
∗ Selected for base case analysis, ∗∗ Selected for scenario analysis
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Docetaxel OS
Models 1st data cut 2nd data cut

Mean survival
(months)

AIC BIC
Mean survival

(months)
AIC BIC

Exponential 13.0 2778.2 2782.2 13.1 2995.2 2999.3
Weibull 13.0 2779.5 2787.6 13.1 2997.0 3005.1
Log-normal ∗∗ 14.6 2746.3 2754.4 14.5 2979.8 2987.9
Log-Logistic 17.1 2742.7 2750.8 17.1 2971.0 2979.1
Gompertz NA 2773.4 2781.5 NA 2985.8 2993.9
Generalized Gamma 13.9 2746.7 2758.8 13.3 2971.8 2983.9
1-knot spline (hazard) 13.7 2747.1 2759.3 13.2 2971.0 2983.1
1-knot spline (normal)∗ 13.8 2745.8 2757.8 13.3 2970.1 2982.2

Table 5.16: Mean OS and information criteria for first and second data cut of Docetaxel from
CheckMate 017 & 057 trial
∗ Selected for base case analysis, ∗∗ Selected for scenario analysis

(a) Docetaxel Kaplan-Meier OS curve and
survival extrapolations of first data cut

(b) Docetaxel Kaplan-Meier OS curve and
survival extrapolations of second data cut

Figure 5.11: Kaplan Meier curves and survival extrapolations of Docetaxel from OS Check-
Mate 017 & 057 data
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(a) Docetaxel log cumulative hazard plot of
first data cut

(b) Docetaxel log cumulative hazard plot of
second data cut

Figure 5.12: Log cumulative hazard plot of Docetaxel from OS CheckMate 017 & 057 data

Survival probabilities of Docetaxel for OS
Models 1st data cut 2nd data cut

5 years 10 years 20 years 5 years 10 years 20 years
Exponential 1.00% 0.00% 0.00% 1.00% 0.00% 0.00%
Weibull 0.80% 0.00% 0.00% 1.10% 0.00% 0.00%
Log-normal ∗∗ 3.30% 0.70% 0.10% 3.40% 0.70% 0.10%
Log-logistic 3.90% 1.30% 0.40% 3.90% 1.30% 0.40%
Gompretz 2.50% 0.50% 0.10% 2.30% 0.40% 0.10%
Generalized gamma 2.60% 0.40% 0.00% 2.10% 0.20% 0.00%
1-knot spline (hazard) 2.60% 0.20% 0.00% 2.30% 0.20% 0.00%
1-knot spline (normal)∗ 2.60% 0.40% 0.00% 2.10% 0.30% 0.00%

Table 5.17: Survival probabilities of Docetaxel for OS data from CheckMate 017 & 057 trial
∗ Selected for base case analysis, ∗∗ Selected for scenario analysis
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Nivolumab PFS
Models 1st data cut 2nd data cut

Mean survival
(months)

AIC BIC
Mean survival

(months)
AIC BIC

Exponential 8.2 2245.2 2249.2 12.8 2805.0 2809.1
Weibull 8.6 2197.1 2205.2 12.9 2637.2 2645.3
Log-normal 9.4 2088.4 2096.5 12.4 2482.3 2490.4
Log-Logistic∗ 12.4 2086.8 2094.9 15.4 2465.0 2473.1
Gompertz NA 2102.4 2110.5 NA 2480.8 2488.9
Generalized Gamma NA 2053.0 2065.1 NA 2405.0 2417.2
1-knot spline (hazard) 45.0 2032.0 2045.0 520.9 2384.1 2396.2
1-knot spline (normal) 27.3 2043.0 2055.0 178.9 2381.6 2393.7

Table 5.18: Mean PFS and information criteria for first and second data cut of Nivolumab
from CheckMate 017 & 057 trial
∗ Selected for base case analysis and scenario analysis

(a) Nivolumab Kaplan-Meier PFS curve and
survival extrapolations of first data cut

(b) Nivolumab Kaplan-Meier PFS curve and
survival extrapolations of second data cut

Figure 5.13: Kaplan Meier curves and survival extrapolations of Nivolumab from PFS Check-
Mate 017 & 057 data
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(a) Nivolumab log cumulative hazard plot of
first data cut

(b) Nivolumab log cumulative hazard plot of
second data cut

Figure 5.14: Log cumulative hazard plot of Nivolumab from PFS CheckMate 017 & 057 data

Survival probabilities of Nivolumab for PFS
Models 1st data cut 2nd data cut

5 years 10 years 20 years 5 years 10 years 20 years
Exponential 0.10% 0.00% 0.00% 0.90% 0.00% 0.00%
Weibull 0.70% 0.00% 0.00% 3.60% 0.50% 0.00%
Log-normal 1.90% 0.50% 0.10% 3.40% 1.00% 0.20%
Log-Logistic∗ 2.40% 1.00% 0.40% 3.00% 1.30% 0.50%
Gompretz 10.00% 9.90% 9.90% 6.80% 6.60% 6.60%
Generalized gamma 5.20% 2.80% 1.40% 6.40% 3.60% 2.00%
1-knot spline (hazard) 8.10% 5.20% 3.10% 7.90% 6.10% 4.60%
1-knot spline (normal) 6.50% 3.50% 1.70% 8.20% 5.60% 3.60%

Table 5.19: Survival probabilities of Nivolumab for PFS data from CheckMate 017 & 057
trial
∗ Selected for base case analysis and scenario analysis
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Docetaxel PFS
Models 1st data cut 2nd data cut

Mean survival
(months)

AIC BIC
Mean survival

(months)
AIC BIC

Exponential 5.1 2085.0 2089.0 5.6 2314.7 2318.7
Weibull 5.0 2057.0 2065.0 5.6 2308.5 2316.7
Log-normal 5.2 2000.0 2008.1 5.6 2241.1 2249.2
Log-Logistic∗ 5.7 2015.4 2023.5 6.0 2237.9 2246.0
Gompertz 5.0 2084.0 2092.1 5.6 2312.8 2320.9
Generalized Gamma 5.4 1999.6 2011.8 5.6 2242.6 2254.7
1-knot spline (hazard) 5.2 2011.0 2023.0 5.6 2237.4 2249.6
1-knot spline (normal) 5.3 2000.1 2012.3 5.6 2242.8 2254.9

Table 5.20: Mean PFS and information criteria for first and second data cut of Docetaxel
from CheckMate 017 & 057 trial
∗ Selected for base case analysis and scenario analysis

(a) Docetaxel Kaplan-Meier PFS curve and
survival extrapolations of first data cut

(b) Docetaxel Kaplan-Meier PFS curve and
survival extrapolations of second data cut

Figure 5.15: Kaplan Meier curves and survival extrapolations of Docetaxel from PFS Check-
Mate 017 & 057 data
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(a) Docetaxel log cumulative hazard plot of
first data cut

(b) Docetaxel log cumulative hazard plot of
second data cut

Figure 5.16: Log cumulative hazard plot of Docetaxel from OS CheckMate 017 & 057 data

Survival probabilities of Docetaxel for PFS
Models 1st data cut 2nd data cut

5 years 8 years 10 years 5 years 8 years 10 years
Exponential 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
Weibull 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
Log-normal 0.10% 0.00% 0.00% 0.10% 0.00% 0.00%
Log-Logistic∗ 0.40% 0.20% 0.10% 0.40% 0.20% 0.10%
Gompretz 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
Generalized gamma 0.20% 0.00% 0.00% 0.10% 0.00% 0.00%
1-knot spline (hazard) 0.00% 0.00% 0.00% 0.10% 0.00% 0.00%
1-knot spline (normal) 0.10% 0.00% 0.00% 0.10% 0.00% 0.00%

Table 5.21: Survival probabilities of Docetaxel for PFS data from CheckMate 017 & 057 trial
∗ Selected for base case analysis and scenario analysis

For OAK OS data, splines, generalized gamma, log normal and log logistic was similar ac-

cording to information criteria and visual inspection with log-logistic having more optimistic

mean OS compared to the other models. Nevertheless, logistic was chosen for the base case

analysis as it has closest estimates to expert elicitation in the atezolizumab arm. Predictions

were overestimated for docetaxel in both data cuts so normal spline was used in a scenario

analysis. Normal spline underestimates the survival probability of atezolizumab and as for

docetaxel overestimates -in a smaller degree than log-logistic- , the survival probability on
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second data cut but has accurate prediction using the earliest data. For PFS normal spline

was chosen.

Atezolizumab OS
Models 1st data cut 2nd data cut

Mean survival
(months)

AIC BIC
Mean survival

(months)
AIC BIC

Exponential 20.5 2464.0 2468.0 21.8 3854.6 3859.0
Weibull 20.2 2465.5 2473.6 22.2 3854.6 3863.4
Log-normal 29.9 2454.6 2462.7 29.8 3820.7 3829.5
Log-Logistic∗ 42.3 2454.0 2462.1 42.3 3819.8 3828.7
Gompertz NA 2464.8 2472.9 NA 3838.0 3846.8
Generalized Gamma 25.4 2455.1 2467.2 27.4 3821.7 3835.0
1-knot spline (hazard) 22.2 2456.8 2475.1 25.6 3821.9 3835.2
1-knot spline (normal)∗∗ 26.9 2454.5 2466.6 27.8 3821.4 3834.6

Table 5.22: Mean OS and information criteria for first and second data cut of Atezolizumab
from OAK trial
∗ Selected for base case analysis, ∗∗ Selected for scenario analysis

(a) Atezolizumab Kaplan-Meier OS curve and
survival extrapolations of first data cut

(b) Atezolizumab Kaplan-Meier OS curve and
survival extrapolations of second data cut

Figure 5.17: Kaplan Meier curves and survival extrapolations of Atezolizumab from OS OAK
data
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(a) Atezolizumab log cumulative hazard plot of
first data cut

(b) Atezolizumab log cumulative hazard plot of
second data cut

Figure 5.18: Log cumulative hazard plot of Atezolizumab from OS OAK data

Survival probabilities of Atezolizumab for OS
Models 1st data cut 2nd data cut

5 years 10 years 20 years 5 years 10 years 20 years
Exponential 5.40% 0.30% 0.00% 6.40% 0.40% 0.00%
Weibull 4.70% 0.20% 0.00% 7.20% 0.60% 0.00%
Log-normal 11.80% 4.20% 1.20% 11.70% 4.20% 1.20%
Log-Logistic∗ 11.50% 4.80% 2.00% 11.30% 4.80% 2.00%
Gompertz 8.30% 1.90% 0.40% 11.20% 5.00% 3.30%
Generalized gamma 9.90% 2.70% 0.50% 10.90% 3.50% 0.80%
1-knot spline (hazard) 7.70% 0.90% 0.00% 10.90% 2.80% 0.30%
1-knot spline (normal)∗∗ 10.30% 3.20% 0.70% 10.80% 3.60% 0.90%

Table 5.23: Survival probabilities of Atezolizumab for OS data from OAK trial
∗ Selected for base case analysis, ∗∗ Selected for scenario analysis
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Docetaxel OS
Models 1st data cut 2nd data cut

Mean survival
(months)

AIC BIC
Mean survival

(months)
AIC BIC

Exponential 13.8 2742.4 2746.5 16.1 3809.2 3813.6
Weibull 13.4 2727.0 2735.1 15.9 3808.9 3817.8
Log-normal 16.1 2745.8 2753.9 18.7 3761.6 3770.5
Log-Logistic∗ 18.9 2736.6 2744.7 22.3 3759.0 3767.9
Gompertz 13.2 2734.5 2742.6 NA 3805.7 3814.5
Generalized Gamma 13.7 2725.8 2737.9 18.0 3763.1 3776.4
1-knot spline (hazard) 13.5 2724.4 2736.6 17.7 3760.9 3774.1
1-knot spline (normal)∗∗ 14.4 2729.0 2741.2 18.1 3763.0 3776.3

Table 5.24: Mean OS and information criteria for first and second data cut of Docetaxel from
OAK trial
∗ Selected for base case analysis, ∗∗ Selected for scenario analysis

(a) Docetaxel Kaplan-Meier OS curve and
survival extrapolations of first data cut

(b) Docetaxel Kaplan-Meier OS curve and
survival extrapolations of second data cut

Figure 5.19: Kaplan Meier curves and survival extrapolations of Docetaxel from OS OAK
data
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(a) Docetaxel log cumulative hazard plot of
first data cut

(b) Docetaxel log cumulative hazard plot of
second data cut

Figure 5.20: Log cumulative hazard plot of Docetaxel from OS OAK data

Survival probabilities of Docetaxel for OS
Models 1st data cut 2nd data cut

5 years 10 years 20 years 5 years 10 years 20 years
Exponential 1.30% 0.00% 0.00% 2.40% 0.10% 0.00%
Weibull 0.40% 0.00% 0.00% 1.90% 0.00% 0.00%
Log-normal 3.90% 0.80% 0.10% 5.40% 1.30% 0.20%
Log-Logistic∗ 4.50% 1.50% 0.50% 5.80% 2.00% 0.70%
Gompretz 0.10% 0.00% 0.00% 4.50% 0.90% 0.20%
Generalized gamma 0.90% 0.00% 0.00% 4.90% 1.00% 0.10%
1-knot spline (hazard) 0.70% 0.00% 0.00% 5.20% 0.80% 0.00%
1-knot spline (normal)∗∗ 2.00% 0.20% 0.00% 4.90% 1.10% 0.20%

Table 5.25: Survival probabilities of Docetaxel for OS data from OAK trial
∗ Selected for base case analysis, ∗∗ Selected for scenario analysis
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Atezolizumab PFS
Models 1st data cut 2nd data cut

Mean survival
(months)

AIC BIC
Mean survival
(months)

AIC BIC

Exponential 5.4 1698.6 1702.7 6.9 3368.5 3372.9
Weibull 5.4 1700.6 1708.7 7.0 3323.6 3332.5
Log-normal 6.3 1633.6 1641.7 7.0 3145.0 3153.8
Log-Logistic 7.4 1635.4 1643.5 8.0 3149.0 3158.1
Gompertz NA 1681.0 1689.1 NA 3219.9 3228.7
Generalized Gamma 7.5 1631.0 1643.2 25.2 3072.7 3085.9
1-knot spline (hazard) 11.4 1592.6 1604.7 12.3 3080.3 3093.5
1-knot spline (normal)∗ 8.3 1623.3 1635.8 13.8 3052.7 3065.9

Table 5.26: Mean PFS and information criteria for first and second data cut of Atezolizumab
from OAK trial
∗ Selected for base case analysis and scenario analysis

(a) Atezolizumab Kaplan-Meier PFS curve and
survival extrapolations of first data cut

(b) Atezolizumab Kaplan-Meier PFS curve and
survival extrapolations of second data cut

Figure 5.21: Kaplan Meier curves and survival extrapolations of Atezolizumab from PFS
OAK data
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(a) Atezolizumab log cumulative hazard plot of
first data cut

(b) Atezolizumab log cumulative hazard plot of
second data cut

Figure 5.22: Log cumulative hazard plot of Atezolizumab from PFS OAK data

Survival probabilities of Atezolizumab for PFS
Models 1st data cut 2nd data cut

5 years 8 years 10 years 5 years 10 years 15 years
Exponential 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
Weibull 0.00% 0.00% 0.00% 0.20% 0.00% 0.00%
Log-normal 0.50% 0.10% 0.10% 0.80% 0.10% 0.00%
Log-logistic 1.10% 0.60% 0.40% 1.30% 0.50% 0.30%
Gompretz 6.10% 6.00% 6.00% 5.00% 4.90% 4.90%
Generalized gamma 1.30% 0.50% 0.30% 2.90% 1.40% 0.90%
1-knot spline (hazard) 3.90% 2.00% 1.40% 3.80% 1.70% 1.00%
1-knot spline (normal)∗ 1.80% 0.80% 0.50% 3.60% 1.70% 1.10%

Table 5.27: Survival probabilities of Atezolizumab for PFS data from OAK trial
∗ Selected for base case analysis and scenario analysis
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Docetaxel PFS
Models 1st data cut 2nd data cut

Mean survival
(months)

AIC BIC
Mean survival

(months)
AIC BIC

Exponential 5.4 2266.2 2270.2 5.6 3289.4 3293.8
Weibull 5.4 2255.0 2263.1 5.6 3280.8 3289.7
Log-normal 5.6 2219.8 2227.9 5.7 3183.6 3192.4
Log-Logistic 6.1 2224.2 2232.3 6.2 3195.2 3204.0
Gompertz 5.4 2268.0 2276.1 5.7 3288.2 3297.0
Generalized Gamma 5.4 2218.3 2230.4 5.7 3185.0 3198.3
1-knot spline (hazard) 5.4 2217.0 2229.1 5.7 3188.8 3202.1
1-knot spline (normal)∗ 5.4 2219.3 2231.5 5.7 3184.7 3198.0

Table 5.28: Mean PFS and information criteria for first and second data cut of Docetaxel
from OAK trial
∗ Selected for base case analysis and scenario analysis

(a) Docetaxel Kaplan-Meier PFS curve and
survival extrapolations of first data cut

(b) Docetaxel Kaplan-Meier PFS curve and
survival extrapolations of second data cut

Figure 5.23: Kaplan Meier curves and survival extrapolations of Docetaxel from PFS OAK
data
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(a) Docetaxel log cumulative hazard plot of
first data cut

(b) Docetaxel log cumulative hazard plot of
second data cut

Figure 5.24: Log cumulative hazard plot of Docetaxel from PFS OAK data

Survival probabilities of Docetaxel for PFS
Models 1st data cut 2nd data cut

5 years 8 years 10 years 5 years 8 years 10 years
Exponential 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
Weibull 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
Log-normal 0.10% 0.00% 0.00% 0.10% 0.00% 0.00%
Log-logistic 0.50% 0.20% 0.10% 0.50% 0.20% 0.10%
Gompretz 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
Generalized gamma 0.00% 0.00% 0.00% 0.20% 0.00% 0.00%
1-knot spline (hazard) 0.00% 0.00% 0.00% 0.10% 0.00% 0.00%
1-knot spline (normal)∗ 0.10% 0.00% 0.00% 0.20% 0.00% 0.00%

Table 5.29: Survival probabilities of Docetaxel for PFS data from OAK trial
∗ Selected for base case analysis and scenario analysis

In LUX-lung 8 OS data model selection was performed at the end depending which model

resulted in less crossing between OS and PFS curves. For PFS data normal spline and gener-

alized gamma was both good options so generalized gamma was chosen for simplicity. Using

splines and generalized gamma for OS data was the first option after inspecting information

criteria and visual inspection but the crossing between them and any PFS curve was about

15-30%. For this reason log-logistic was used instead were the crossing between the curves

was 0.5%. In a scenario analysis, normal spline was used for OS data but to reduce crossing

Log-normal was selected for PFS.
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Afatinib OS
Models 1st data cut 2nd data cut

Mean survival
(months)

AIC BIC
Mean survival
(months)

AIC BIC

Exponential 12.0 2156.2 2160.2 12.5 2591.2 2595.2
Weibull 11.6 2151.6 2159.6 12.5 2591.6 2599.6
Log-normal 15.1 2161.1 2169.1 14.0 2572.4 2580.4
Log-Logistic ∗ 18.1 2149.8 2157.8 16.9 2574 2585.0
Gompertz 11.6 2157.1 2165.0 12.8 2591.5 2599.5
Generalized Gamma 12.1 2148.0 2159.9 13.0 2570.7 2582.6
1-knot spline (hazard) 11.9 2147.8 2159.7 12.8 2572.1 2584.1
1-knot spline (normal)∗∗ 12.7 2148.2 2160.1 13.2 2570.2 2582.1

Table 5.30: Mean OS and information criteria for first and second data cut of Afatinib from
LUX-lung 8 trial
∗ Selected for base case analysis, ∗∗ Selected for scenario analysis

(a) Afatinib Kaplan-Meier OS curve and
survival extrapolations of first data cut

(b) Afatinib Kaplan-Meier OS curve and
survival extrapolations of second data cut

Figure 5.25: Kaplan Meier curves and survival extrapolations of Afatinib from LUX-lung 8
data
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(a) Afatinib log cumulative hazard plot of first
data cut

(b) Afatinib log cumulative hazard plot of
second data cut

Figure 5.26: Log cumulative hazard plot of Afatinib from LUX-lung 8 data

Survival probabilities of Afatinib for OS
Models 1st data cut 2nd data cut

5 years 10 years 20 years 5 years 10 years 10 years
Exponential 0.70% 0.00% 0.00% 0.80% 0.00% 0.00%
Weibull 0.20% 0.00% 0.00% 0.60% 0.00% 0.00%
Log-normal 3.80% 0.90% 0.10% 3.00% 0.60% 0.10%
Log-Logistic ∗ 4.20% 1.50% 0.50% 3.80% 1.30% 0.40%
Gompretz 0.20% 0.00% 0.00% 1.50% 0.10% 0.00%
Generalized gamma 1.00% 0.00% 0.00% 2.00% 0.20% 0.00%
1-knot spline (hazard) 0.70% 0.00% 0.00% 1.80% 0.10% 0.00%
1-knot spline (normal)∗∗ 1.70% 0.20% 0.00% 2.10% 0.30% 0.00%

Table 5.31: Survival probabilities of Afatinib for OS data from LUX-lung 8 trial
∗ Selected for base case analysis, ∗∗ Selected for scenario analysis
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Erlotinib OS
Models 1st data cut 2nd data cut

Mean survival
(months)

AIC BIC
Mean survival
(months)

AIC BIC

Exponential 9.8 2153.4 2157.4 10.3 2458.7 2462.7
Weibull 9.4 2136.4 2144.3 10.2 2455.3 2463.3
Log-normal 10.7 2123.0 2130.9 11.0 2421.6 2429.6
Log-Logistic ∗ 12.4 2126.2 2134.2 12.7 2424.4 2432.4
Gompertz 9.3 2150.8 2158.8 10.4 2459.5 2467.5
Generalized Gamma 10.0 2122.2 2134.2 10.7 2422.6 2434.6
1-knot spline (hazard) 9.7 2123.5 2135.5 10.6 2425.2 2437.2
1-knot spline (normal)∗∗ 10.2 2122.2 2134.2 10.7 2422.2 2434.2

Table 5.32: Mean OS and information criteria for first and second data cut of Erlotinib from
LUX-lung 8 trial
∗ Selected for base case analysis, ∗∗ Selected for scenario analysis

(a) Erlotinib Kaplan-Meier OS curve and
survival extrapolations of first data cut

(b) Erlotinib Kaplan-Meier OS curve and
survival extrapolations of second data cut

Figure 5.27: Kaplan Meier curves and survival extrapolations of Afatinib from LUX-lung 8
data
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(a) Erlotinib log cumulative hazard plot of first
data cut

(b) Erlotinib log cumulative hazard plot of
second data cut

Figure 5.28: Log cumulative hazard plot of Erlotinib from LUX-lung 8 data

Survival probabilities of Erlotinib for OS
Models 1st data cut 2nd data cut

5 years 10 years 20 years 5 years 10 years 10 years
Exponential 0.20% 0.00% 0.00% 0.30% 0.00% 0.00%
Weibull 0.00% 0.00% 0.00% 0.10% 0.00% 0.00%
Log-normal 1.30% 0.20% 0.00% 1.50% 0.20% 0.00%
Log-Logistic∗ 2.20% 0.70% 0.20% 2.30% 0.70% 0.20%
Gompretz 0.00% 0.00% 0.00% 0.60% 0.00% 0.00%
Generalized gamma 0.60% 0.00% 0.00% 1.10% 0.10% 0.00%
1-knot spline (hazard) 0.20% 0.00% 0.00% 1.00% 0.00% 0.00%
1-knot spline (normal)∗∗ 0.80% 0.10% 0.00% 1.10% 0.10% 0.00%

Table 5.33: Survival probabilities of Erlotinib for OS data from LUX-lung 8 trial
∗ Selected for base case analysis, ∗∗ Selected for scenario analysis
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1st data cut
Models Afatinib Erlotinib

Mean survival
(months)

AIC BIC
Mean survival

(months)
AIC BIC

Exponential 5.6 2075.9 2079.9 4.5 1922.6 1926.6
Weibull 5.6 2077.8 2085.7 4.5 1923.4 1931.4
Log-normal 5.3 1946.8 1954.8 4.2 1764.6 1772.6
Log-logistic 5.3 1938.4 1946.3 3.9 1742.2 1750.2
Gompertz NA 2041.7 2049.6 NA 1892.4 1900.4
Generalized Gamma∗ 7.2 1905.6 1917.6 5.2 1706.4 1718.4
1-knot spline (hazard) 7.6 1899.9 1911.8 9.3 1694.4 1706.3
1-knot spline (normal)∗∗ 7.1 1895.4 1907.3 6.0 1690.5 1702.5

Table 5.34: Mean PFS and information criteria for first data cut of Erlotinib and Afatinib
from LUX-lung 8 trial
∗ Selected for base case analysis, ∗∗ Selected for scenario analysis

(a) Afatinib Kaplan-Meier PFS curve and
survival extrapolations of first data cut

(b) Erlotinib Kaplan-Meier PFSS curve and
survival extrapolations of first data cut

Figure 5.29: Kaplan Meier curves and survival extrapolations of Afatinib and Erlotinib from
LUX-lung 8 data
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(a) Afatinib log cumulative hazard plot of first
data cut

(b) Erlotinib log cumulative hazard plot of first
data cut

Figure 5.30: Log cumulative hazard plot of Afatinib and Erlotinib from LUX-lung 8 PFS
data

Survival probabilities of 1st data cut
Models Afatinib Erlotinib

5 years 8 years 10 years 5 years 8 years 10 years
Exponential 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
Weibull 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
Log-normal 0.10% 0.00% 0.00% 0.00% 0.00% 0.00%
Log-logistic 0.40% 0.20% 0.10% 0.10% 0.00% 0.00%
Gompretz 1.60% 1.40% 1.30% 1.00% 0.90% 0.80%
Generalized Gamma∗ 1.10% 0.50% 0.40% 0.50% 0.20% 0.20%
1-knot spline (hazard) 1.80% 0.90% 0.70% 1.90% 1.30% 1.00%
1-knot spline (normal)∗∗ 1.40% 0.70% 0.40% 1.10% 0.50% 0.40%

Table 5.35: Survival probabilities of Afatinib and Erlotinib for PFS data from LUX-lung 8
trial
∗ Selected for base case analysis, ∗∗ Selected for scenario analysis

Differences in OS between data cuts

Survival analysis results revealed some patterns among models but also among different

treatments between data cuts. Exponential and Weibull could be clustered together since in

every trial and treatment had similar estimations and changes between the follow up periods.

More specific, mean OS was increased in the second data cut for every trial and arm. Also, in

most cases estimated mean OS was smaller compared to the other models especially for im-
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munotherapies. Regarding the extrapolation part and by comparing the survival predictions

from the first data cut with the second, exponential and Weibull underestimated the survival

probability in every scenario. For the second data cut extrapolations, in cases where expert

elicitation was available, the two models underestimated the survival probability again.

Most of the extrapolations in Gompertz, except for target therapies, did not reach zero value

for the specified time horizon, so mean OS never converged to an estimate. Even though

the implemented general population adjustment in the economic model would fix the issue,

Gompertz was considered inappropriate for model selection.

Mean OS from generalized gamma was increased in all cases except docetaxel in Check-

Mate 017&057 where mean estimate was decreased by 0.6 months. In immunotherapies and

chemo therapies generalized gamma had the largest increase in mean OS compared to other

parametric models. Survival extrapolations using data from the first data cut were under-

estimated in immunotherapies and docetaxel from KEYNOTE 010 and OAK. The survival

probability of docetaxel in CheckMate 017&057 was accurate. In targeted therapies survival

was also slightly underestimated.

Log-normal and log-logistic were the only models in which no change, or small decrease in

the mean OS was observed. Exception was the CheckMate study where a concerning increase

in mean OS of 7.4 and 13.8 months for OS of log normal and log logistic respectively, was

noticed. Log-logistic delivered more optimistic overall survival estimates compared to the

other models especially for immunotherapy treatments with mean OS in pembrolizumab

to reach 62.6 months. In the first data cut the survival predicted by the two models was

underestimated for the immunotherapies. Docetaxel predictions varied between trials. In

KEYNOTE 010 and pooled CheckMate the 5 year probability was overestimated by the

two models while in OAK the predictions where quite accurate. In target therapies the

extrapolations were accurate in Erlotinib and slightly overestimated in Afatinib. Comparing

the survival probabilities of the second data cut with expert elicitation log normal was one

of the models delivering the closest estimates. So, no significant changes in mean OS and

extrapolations were observed between the data cuts. This result make these two models more

appealing especially in cases where only immature data are available. Nevertheless, as log

logistic seems to produce more optimistic results, in most cases log normal considered the

best option out of all parametric models.

Splines also resulted in mean OS increase for every trial and arm except for docetaxel in

CheckMate 017&057. Hazard splines delivered slightly more optimistic mean overall sur-

vival than normal spline and they resulted in higher differences in survival extrapolations
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between data cuts. The survival probabilities in immunotherapies were underestimated, but

for docetaxel normal spline resulted in accurate predictions except for CheckMate and OAK

trial.

AIC and BIC criteria were significantly higher in the second data cut for every case. Splines,

especially normal, as expected had in general the best fit in terms of these information criteria

while Weibull and exponential the worst fit in both data cuts.

From a treatment perspective, the survival model’s results for immunotherapy data deviate

more in comparison with those for chemotherapy and targeted therapies. More specifically,

the different survival models produced closer predictions for chemotherapy and targeted

therapy data, while the extrapolations using immunotherapy data varied more significantly

depending on the selected model.

(a) Pembrolizumab Kaplan-Meier OS curve
from the second data cut and survival

extrapolated curves from the first data cut

(b) Docetaxel Kaplan-Meier OS curve from the
second data cut and survival extrapolated

curves from the first data cut

Figure 5.31: Visual validation of first data cut extrapolations to second data cut Kaplan
Meier curves for OS data - KEYNOTE 010 study
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(a) Nivolumab Kaplan-Meier OS curve from the
second data cut and survival extrapolated

curves from the first data cut

(b) Docetaxel Kaplan-Meier OS curve from the
second data cut and survival extrapolated

curves from the first data cut

Figure 5.32: Visual validation of first data cut extrapolations to second data cut Kaplan
Meier curves for OS data - CheckMate 017 & 057 study

(a) Atezolizumab Kaplan-Meier OS curve from
the second data cut and survival extrapolated

curves from the first data cut

(b) Docetaxel Kaplan-Meier OS curve from the
second data cut and survival extrapolated

curves from the first data cut

Figure 5.33: Visual validation of first data cut extrapolations to second data cut Kaplan
Meier curves for OS data - OAK study
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(a) Afatinib Kaplan-Meier OS curve from the
second data cut and survival extrapolated

curves from the first data cut

(b) Erlotinib Kaplan-Meier OS curve from the
second data cut and survival extrapolated

curves from the first data cut

Figure 5.34: Visual validation of first data cut extrapolations to second data cut Kaplan
Meier curves for OS data - LUX-lung 8 study

Differences in PFS between data cuts

Progression free survival was compared only between KEYNOTE 010, CheckMate 017&057

and OAK, since PFS KM curve was not available for the second data cut in LUX-lung-8.

Mean PFS increased in the second data cut for every model in all trials. Extrapolations from

the first data cut resulted in underestimation of survival probabilities comparing the data

from the second cut, in most of the cases. The eight models resulted in similar estimates

regarding docetaxel but this was not the case for immunotherapies. In immunotherapies

model predictions were significantly different while normal spline, hazard spline and gener-

alized gamma approached better the second data cut real values and have better statistical

goodness of fit in terms of information criteria. Nevertheless, these models in KEYNOTE

010, and CheckMate 017&057 overestimated the survival probabilities in the long term, re-

sulting in non convergence of generalized gamma and huge estimates of splines for mean

PFS. The mean PFS estimates in splines were even higher than the corresponding OS mak-

ing these models implausible for selection. In docetaxel differences in mean estimates and

extrapolations between cuts were not significant.
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(a) Pembrolizumab Kaplan-Meier PFS curve
from the second data cut and survival

extrapolated curves from the first data cut

(b) Docetaxel Kaplan-Meier PFS curve from
the second data cut and survival extrapolated

curves from the first data cut

Figure 5.35: Visual validation of first data cut extrapolations to second data cut Kaplan
Meier curves for PFS data - KEYNOTE 010 study

(a) Nivolumab Kaplan-Meier PFS curve from
the second data cut and survival extrapolated

curves from the first data cut

(b) Docetaxel Kaplan-Meier PFS curve from
the second data cut and survival extrapolated

curves from the first data cut

Figure 5.36: Visual validation of first data cut extrapolations to second data cut Kaplan
Meier curves for PFS data - CheckMate 017 & 057 study
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(a) Atezolizumab Kaplan-Meier PFS curve
from the second data cut and survival

extrapolated curves from the first data cut

(b) Docetaxel Kaplan-Meier PFS curve from
the second data cut and survival extrapolated

curves from the first data cut

Figure 5.37: Visual validation of first data cut extrapolations to second data cut Kaplan
Meier curves for PFS data - OAK study

5.4.2 Cost-effectiveness results

KEYNOTE 010

In the second data cut, both interventions have shown growth in life years and QALYs. This

has led to a corresponding rise in costs. As mentioned earlier in the section 5.4.1, the initial

analysis had undervalued docetaxel; hence, there has been a more pronounced adjustment

in its life years and QALYs. To elaborate, pembrolizumab’s total life years went up from

2.22 to 2.28, and docetaxel’s from 1.03 to 1.24. Additionally, the QALYs for pembrolizumab

exhibited an increase of 0.06 between the two analyses, while docetaxel’s QALYs rose by

0.16. This considerable initial undervaluation of docetaxel led to diminished incremental

effectiveness figures in the subsequent analysis and a rise in the ICER to £12,245.17 per

QALY.

In the scenario analysis, the choice of a Log-normal distribution for OS extrapolation was

based on its better alignment with the information from expert elicitation. This distribu-

tion yielded more consistent results across the data cuts for both treatment groups. In the

pembrolizumab group, life years decreased marginally by 0.01, whereas the docetaxel group

showed no variation. Both groups experienced a 0.02 unit increase in QALYs, accompanied

by a rise in costs. Despite the negligible changes in QALYs and life years, adopting the

Log-normal distribution for PFS led to an increment of 0.14 and 0.16 in pre-progression life
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years for pembrolizumab and docetaxel, respectively. On the flip side, post-progression life

years diminished by 0.15 and 0.17 for pembrolizumab and docetaxel, respectively, which ac-

counts for the overall similar total values. The progression-free health state incurs higher

disease management costs than the progressed state, as indicated in table D.4, thus it is

costlier. This justifies the escalated total costs in the subsequent analysis, despite the total

effectiveness estimates being nearly identical. Consequently, the enhanced mean PFS in the

latest data cut led to increased cost values and an ICER of £4055.35 per QALY.

Costs effectiveness planes and CEACs are provided in the Appendix E. It was expected the

variance in the scatter-plot to be reduced on the second data cut but the plots did not show

any significant difference. In both analyses CEAC revealed an increase in willingness to pay

threshold in order for the experimental arm to consider cost-effective.

It is interesting to observe the variance in ICER across different survival models. Given that

PFS remains unchanged between the scenario analysis and the base case, the variations are

based on the choice of the overall survival model. The normal spline and Log-normal models

yield similar QALY values for both treatment arms, leading to an increase in ICER by 2229.86

in the scenario analysis. This can be attributed to the marginally reduced incremental QALYs

observed in the scenario analysis. However, for the initial data cut, the two models exhibit a

substantial ICER discrepancy of 12245.17. Since the total and incremental costs are relatively

consistent across scenarios, this significant shift in ICER stems from an underestimation of

survival with the normal spline in the base case analysis, which in turn results in elevated

incremental QALYs. The ICER on the second data cut though is increased regardless of the

OS model.
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Pembrolizumab vs Docetaxel base case

Outcomes Pembrolizumab (95% CI) Docetaxel (95% CI) Incremental (95% CI)

1st data cut

Total life years 2.22 (1.93,2.54) 1.03 (0.88,1.23) 1.19 (0.84,1.55)

Total QALYs 1.55 (1.27,1.86) 0.72 (0.59,0.87) 0.83 (0.52,1.16)

Total costs 69475.67 (65332.99,73942.09) 9254.06 (8610.60,9981.24) 60221.61 (56070.31,64594.01)

Cost per LY gained - - 50717.17

Cost per QALY gained - - 72621.15

2nd data cut

Total life years 2.28 (2.00,2.62) 1.24 (1.07,1.48) 1.04 (0.68,1.42)

Total QALYs 1.61 (1.34,1.92) 0.88 (0.72,1.06) 0.74 (0.42,1.09)

Total costs 72788.06 (68544.12,76964.79) 10154.54 (9349.51,10996.25) 62633.51 (58474.97,66858.07)

Cost per LY gained - - 60054.16

Cost per QALY gained - - 84866.32

Table 5.36: Cost effectiveness summary results of base case analysis of KEYNOTE 010 for
both 1st and 2nd data cut
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Pembrolizumab vs Docetaxel base case

Outcomes Pembrolizumab (95% CI) Docetaxel (95% CI) Incremental (95% CI)

1st data cut

LYs – pre-progression 0.91 (0.80,1.03) 0.44 (0.40,0.49) 0.47 (0.41,0.54)

LYs – post-progression 1.31 (1.01,1.65) 0.59 (0.43,0.80) 0.72 (0.58,0.85)

QALYs – pre-progression 0.69 (0.53,0.84) 0.33 (0.26,0.40) 0.35 (0.27,0.44)

QALYs – post-progression 0.87 (0.62,1.15) 0.39 (0.26,0.54) 0.48 (0.35,0.61)

2nd data cut

LYs – pre-progression 1.05 (0.93,1.18) 0.61 (0.53,0.69) 0.44 (0.40,0.49)

LYs – post-progression 1.23 (0.92,1.59) 0.63 (0.45,0.87) 0.60 (0.48,0.72)

QALYs – pre-progression 0.79 (0.62,0.97) 0.46 (0.36,0.56) 0.34 (0.26,0.41)

QALYs – post-progression 0.82 (0.57,1.10) 0.42 (0.28,0.59) 0.40 (0.29,0.51)

Table 5.37: Cost effectiveness detailed effectiveness results of base case analysis of KEYNOTE
010 for both 1st and 2nd data cut

Pembrolizumab vs Docetaxel base case

Outcomes Pembrolizumab (95% CI) Docetaxel (95% CI) Incremental (95% CI)

1st data cut

Drug acquisition costs 55010.22 (51378.74,58847.14) 75.98 (73.49,78.32) 54934.24 (51305.26,58768.82)

Drug admin costs 2564.39 (2395.10,2743.26) 983.33 (951.10,1013.59) 1581.06 (1444.01,1729.67)

Disease management costs 7594.61 (6467.71,8805.15) 3583.62 (3034.05,4233.55) 4010.99 (3433.66,4571.60)

Terminal care costs 3300.43 (3252.49,3340.57) 3591.91 (3562.79,3614.69) -291.48 (-310.29,-274.12)

2nd data cut

Drug acquisition costs 57719.59 (54082.58,61399.09) 79.16 (76.66,81.63) 57640.43 (54005.92,61317.47)

Drug admin costs 2690.69 (2521.15,2862.22) 1024.51 (992.15,1056.40) 1666.18 (1529.00,1805.82)

Disease management costs 8088.19 (6894.81,9385.71) 4483.77 (3757.44,5250.21) 3604.42 (3137.37,4135.50)

Terminal care costs 3289.00 (3237.75,3329.79) 3566.88 (3531.79,3592.09) -277.88 (-294.04,-262.30)

Table 5.38: Cost effectiveness detailed cost results of base case analysis of KEYNOTE 010
for both 1st and 2nd data cut
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Pembrolizumab vs Docetaxel scenario analysis

Outcomes Pembrolizumab (95% CI) Docetaxel (95% CI) Incremental (95% CI)

1st data cut

Total life years 2.30 (2.01,2.59) 1.27 (1.03,1.54) 1.03 (0.63,1.41)

Total QALYs 1.60 (1.35,1.88) 0.88 (0.70,1.10) 0.72 (0.37,1.08)

Total costs 69654.56 (65340.22,74088.56) 9809.40 (9067.81,10699.92) 59845.16 (55562.67,64361.88)

Cost per LY gained - - 58375.11

Cost per QALY gained - - 83040.83

2nd data cut

Total life years 2.29 (2.03,2.58) 1.27 (1.08,1.47) 1.02 (0.70,1.36)

Total QALYs 1.62 (1.35,1.90) 0.90 (0.73,1.08) 0.72 (0.40,1.06)

Total costs 72795.00 (68733.27,77528.22) 10219.13 (9424.38,11091.41) 62575.86 (58364.97,67060.33)

Cost per LY gained - - 61220.60

Cost per QALY gained - - 87096.18

Table 5.39: Cost effectiveness summary results of scenario analysis of KEYNOTE 010 for
both 1st and 2nd data cut
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Pembrolizumab vs Docetaxel scenario analysis

Outcomes Pembrolizumab (95% CI) Docetaxel (95% CI) Incremental (95% CI)

1st data cut

LYs – pre-progression 0.91 (0.80,1.03) 0.44 (0.40,0.49) 0.47 (0.41,0.54)

LYs – post-progression 1.39 (1.08,1.70) 0.83 (0.58,1.10) 0.56 (0.50,0.60)

QALYs – pre-progression 0.68 (0.53,0.84) 0.33 (0.26,0.40) 0.35 (0.26,0.44)

QALYs – post-progression 0.92 (0.68,1.20) 0.55 (0.37,0.77) 0.37 (0.31,0.43)

2nd data cut

LYs – pre-progression 1.05 (0.92,1.19) 0.60 (0.53,0.68) 0.45 (0.39,0.51)

LYs – post-progression 1.24 (0.94,1.55) 0.66 (0.47,0.87) 0.58 (0.48,0.68)

QALYs – pre-progression 0.79 (0.62,0.97) 0.45 (0.35,0.55) 0.34 (0.27,0.42)

QALYs – post-progression 0.83 (0.59,1.09) 0.44 (0.30,0.62) 0.38 (0.29,0.47)

Table 5.40: Cost effectiveness detailed effectiveness results of scenario analysis of KEYNOTE
010 for both 1st and 2nd data cut

Pembrolizumab vs Docetaxel scenario analysis

Outcomes Pembrolizumab (95% CI) Docetaxel (95% CI) Incremental (95% CI)

1st data cut

Drug acquisition costs 55010.22 (51378.74,58847.14) 75.93 (73.53,78.27) 54934.28 (51305.22,58768.87)

Drug admin costs 2564.39 (2395.10,2743.26) 982.72 (951.59,1013.00) 1581.67 (1443.51,1730.26)

Disease management costs 7786.61 (6738.53,8880.91) 4171.80 (3473.96,5061.63) 3614.81 (3264.57,3819.28)

Terminal care costs 3288.29 (3246.92,3328.18) 4171.80 (3473.96,5061.63) -275.73 (-276.67,-271.90)

2nd data cut

Drug acquisition costs 57709.36 (54105.03,61717.16) 79.12 (76.87,81.39) 57630.24 (54028.15,61635.77)

Drug admin costs 2690.22 (2522.19,2877.05) 1023.99 (994.91,1053.36) 1666.23 (1527.29,1823.68)

Disease management costs 8106.86 (6941.80,9375.36) 4552.99 (3856.29,5326.46) 3553.87 (3085.51,4048.91)

Terminal care costs 3287.89 (3245.35,3323.03) 3564.07 (3534.08,3592.93) -276.17 (-288.72,-269.90)

Table 5.41: Cost effectiveness detailed cost results of scenario analysis of KEYNOTE 010 for
both 1st and 2nd data cut
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CheckMate 017 & 057

In the base case analysis, a normal spline was selected for OS and a log-logistic model

for Progression-Free Survival PFS. The normal spline tended to overestimate the survival

associated with nivolumab and underestimate that of docetaxel. The results showed an

increase of 0.23 life years and 0.15 QALYs for nivolumab. Conversely, docetaxel’s life years

and QALYs were reduced by 0.03 units, resulting in a higher incremental value in the second

data cut. Despite the greater incremental effects, the ICER rose by 11423.13 units due to

more favorable survival extrapolations for nivolumab, which led to an increase in total costs

by £17237.51 and incremental costs by £7495/QALY.

In the scenario analysis, a Log-normal model was employed to address the underestimation

of docetaxel’s survival. The effectiveness results for nivolumab were similarly adjusted as in

the base case, with increases of 0.17 life years and 0.13 QALYs, while docetaxel showed no

significant change. Although incremental effectiveness rose, incremental costs also increased

by £17419/QALY because of the higher survival estimates for nivolumab, which caused a

rise in its total costs by £17237.51. Consequently, the ICER for the second data set was

£69660.89/QALY, which is £16148.43 per QALY more than the first data set.

Costs effectiveness planes did not show any significant difference between data cuts. In

both analyses CEAC revealed an increase in willingness to pay threshold in order for the

experimental arm to consider cost-effective.

When comparing results across different scenarios, it is apparent that in scenario analysis,

the incremental life years and QALYs are reduced due to a significant underestimation of the

survival probability of docetaxel in the base case analysis. Despite the data cut, the normal

spline model resulted in lower ICER estimates. In contrast to KEYNOTE 010, a larger ICER

discrepancy between scenarios was noted in the second data cut, with a value of £10389.81
per QALY, while in the first data cut, the difference was approximately £5663.51/QALY.

Nevertheless ICER was increased in the second data cut regardless the OS model selection.
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Nivolumab vs Docetaxel base case

Outcomes Nivolumab (95% CI) Docetaxel (95% CI) Incremental (95% CI)

1st data cut

Total life years 1.97 (1.64,2.37) 1.10 (0.98,1.26) 0.87 (0.51,1.30)

Total QALYs 1.38 (1.10,1.69) 0.78 (0.65,0.92) 0.60 (0.28,0.96)

Total costs 38367.65 (35025.22,41519.66) 9457.33 (8878.47,10116.84) 28910.32 (25787.00,31970.64)

Cost per LY gained - - 33261.88

Cost per QALY gained - - 47848.55

2nd data cut

Total life years 2.20 (1.84,2.59) 1.07 (0.95,1.19) 1.13 (0.77,1.58)

Total QALYs 1.53 (1.24,1.88) 0.75 (0.63,0.88) 0.78 (0.46,1.16)

Total costs 55605.16 (50733.41,60519.82) 9362.15 (8748.63,10013.57) 46243.01 (41478.58,51089.25)

Cost per LY gained - - 40756.88

Cost per QALY gained - - 59271.68

Table 5.42: Cost effectiveness summary results of base case of CheckMate 017 & 057 for both
1st and 2nd data cut
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Nivolumab vs Docetaxel base case

Outcomes Nivolumab (95% CI) Docetaxel (95% CI) Incremental (95% CI)

1st data cut

LYs – pre-progression 0.74 (0.62,0.88) 0.46 (0.41,0.51) 0.29 (0.21,0.36)

LYs – post-progression 1.23 (0.87,1.65) 0.65 (0.51,0.81) 0.58 (0.36,0.84)

QALYs – pre-progression 0.56 (0.43,0.72) 0.34 (0.27,0.41) 0.22 (0.15,0.30)

QALYs – post-progression 0.82 (0.55,1.14) 0.43 (0.32,0.57) 0.39 (0.23,0.57)

2nd data cut

LYs – pre-progression 0.84 (0.70,1.00) 0.48 (0.43,0.53) 0.36 (0.27,0.47)

LYs – post-progression 1.36 (1.00,1.78) 0.59 (0.46,0.73) 0.77 (0.54,1.05)

QALYs – pre-progression 0.63 (0.47,0.80) 0.36 (0.28,0.44) 0.27 (0.19,0.36)

QALYs – post-progression 0.90 (0.62,1.25) 0.39 (0.28,0.51) 0.51 (0.33,0.74)

Table 5.43: Cost effectiveness detailed effectiveness results of base case of CheckMate 017 &
057 for both 1st and 2nd data cut

Nivolumab vs Docetaxel base case

Outcomes Nivolumab (95% CI) Docetaxel (95% CI) Incremental (95% CI)

1st data cut

Drug acquisition costs 25409.88 (22963.48,27875.30) 75.26 (72.76,77.64) 25334.62 (22890.72,27797.66)

Drug admin costs 2003.36 (1810.48,2197.73) 973.99 (941.60,1004.81) 1029.36 (868.88,1192.92)

Disease management costs 6610.97 (5479.95,7925.07) 3802.60 (3302.58,4384.93) 2808.37 (2177.37,3540.14)

Terminal care costs 3328.56 (3271.54,3373.79) 3585.66 (3564.03,3604.80) -257.09 (-292.48,-231.02)

2nd data cut

Drug acquisition costs 40660.64 (36776.93,44841.46) 76.44 (74.23,78.77) 40584.20 (36702.70,44762.69)

Drug admin costs 3205.75 (2899.55,3535.37) 989.26 (960.62,1019.41) 2216.49 (1938.93,2515.96)

Disease management costs 7401.78 (6192.94,8772.80) 3760.41 (3241.15,4324.66) 3641.37 (2951.79,4448.13)

Terminal care costs 3328.98 (3264.32,3381.57) 3519.66 (3501.70,3534.78) -190.68 (-237.37,-153.21)

Table 5.44: Cost effectiveness detailed cost results of base case of CheckMate 017 & 057 for
both 1st and 2nd data cut
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Nivolumab vs Docetaxel scenario analysis

Outcomes Nivolumab (95% CI) Docetaxel (95% CI) Incremental (95% CI)

1st data cut

Total life years 1.91 (1.64,2.23) 1.14 (1.00,1.29) 0.77 (0.47,1.10)

Total QALYs 1.33 (1.08,1.62) 0.80 (0.66,0.95) 0.53 (0.25,0.85)

Total costs 38157.86 (34960.72,41439.37) 9540.24 (8917.21,10239.51) 28617.62 (25536.74,31802.66)

Cost per LY gained - - 37279.97

Cost per QALY gained - - 53512.06

2nd data cut

Total life years 2.08 (1.78,2.43) 1.13 (0.99,1.28) 0.94 (0.60,1.31)

Total QALYs 1.46 (1.19,1.76) 0.80 (0.67,0.94) 0.66 (0.37,0.97)

Total costs 55566.61 (50906.24,60326.48) 9519.25 (8870.33,10230.70) 46047.36 (41387.86,50828.59)

Cost per LY gained - - 48729.31

Cost per QALY gained - - 69660.89

Table 5.45: Cost effectiveness summary results of scenario analysis of CheckMate 017 & 057
for both 1st and 2nd data cut

Nivolumab vs Docetaxel scenario analysis

Outcomes Nivolumab (95% CI) Docetaxel (95% CI) Incremental (95% CI)

1st data cut

LYs – pre-progression 0.74 (0.62,0.88) 0.46 (0.41,0.50) 0.28 (0.21,0.37)

LYs – post-progression 1.17 (0.87,1.53) 0.68 (0.53,0.83) 0.48 (0.34,0.69)

QALYs – pre-progression 0.56 (0.42,0.70) 0.34 (0.27,0.41) 0.21 (0.16,0.29)

QALYs – post-progression 0.77 (0.54,1.06) 0.45 (0.33,0.60) 0.32 (0.21,0.46)

2nd data cut

LYs – pre-progression 0.85 (0.71,1.00) 0.48 (0.43,0.53) 0.37 (0.27,0.47)

LYs – post-progression 1.23 (0.90,1.58) 0.65 (0.51,0.81) 0.57 (0.39,0.77)

QALYs – pre-progression 0.64 (0.48,0.80) 0.36 (0.29,0.44) 0.28 (0.20,0.36)

QALYs – post-progression 0.82 (0.56,1.11) 0.43 (0.31,0.57) 0.38 (0.25,0.53)

Table 5.46: Cost effectiveness detailed effectiveness results of scenario analysis of CheckMate
017 & 057 for both 1st and 2nd data cut
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Nivolumab vs Docetaxel scenario analysis

Outcomes Nivolumab (95% CI) Docetaxel (95% CI) Incremental (95% CI)

1st data cut

Drug acquisition costs 25360.18 (22872.41,27931.41) 75.31 (72.93,77.53) 25284.87 (22799.48,27853.88)

Drug admin costs 1999.44 (1803.30,2202.16) 974.68 (943.90,1003.44) 1024.76 (859.40,1198.71)

Disease management costs 6442.37 (5423.35,7575.49) 3889.94 (3318.35,4501.97) 2552.42 (2105.00,3073.52)

Terminal care costs 3339.36 (3293.75,3375.22) 3583.05 (3560.69,3605.35) -243.69 (-266.94,-230.13)

2nd data cut

Drug acquisition costs 40866.28 (36997.42,44871.93) 76.46 (74.16,78.81) 40789.83 (36923.26,44793.12)

Drug admin costs 3221.96 (2916.94,3537.78) 989.49 (959.82,1020.02) 2232.48 (1957.12,2517.76)

Disease management costs 7115.81 (5979.69,8369.73) 3925.66 (3366.21,4530.90) 3190.15 (2613.49,3838.84)

Terminal care costs 3352.40 (3301.65,3394.03) 3516.23 (3494.91,3535.60) -163.83 (-193.26,-141.56)

Table 5.47: Cost effectiveness detailed cost results of scenario analysis of CheckMate 017 &
057 for both 1st and 2nd data cut

OAK

In the case analysis, the log-logistic model was selected for OS and the normal spline model

for PFS. Atezolizumab’s life years and QALYs were marginally reduced, whereas for doc-

etaxel, life years increased by 0.15 and QALYs by 0.1. Consequently, the total costs for

atezolizumab decreased, while those for docetaxel increased, leading to a reduction in incre-

mental costs by £1413.63. Similarly, incremental QALYs decreased by 0.11. This reduction

in QALYs was more substantial than the associated costs, resulting in a rise in the ICER by

£12673.65/QALY in the second data set.

In the majority of survival models, docetaxel’s effects were over-predicted in the second data

set. Therefore, the normal spline model was selected for a scenario analysis due to its lower

overestimation in the second data set and accurate predictions in the first. Life years and

QALYs increased for both treatments, but more so for docetaxel, leading to a reduced in-

cremental difference. As a result, the ICER rose by £16208 per QALY. Cost-effectiveness

analyses showed no significant differences between the data sets. In both assessments, CEAC

suggested that a higher willingness-to-pay threshold is required for the experimental treat-

ment to be considered cost-effective.

In the OAK comparison, CheckMate and KEYNOTE 010 analyses did not reveal a significant

difference in ICER across scenarios. Specifically, the ICER difference between the base case
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and scenario analysis was 293.01 for the first data set and 3,773.42 for the second data set.

Atezolizumab vs Docetaxel base case

Outcomes Atezolizumab (95% CI) Docetaxel (95% CI) Incremental (95% CI)

1st data cut

Total life years 2.17 (1.86,2.49) 1.34 (1.19,1.51) 0.83 (0.49,1.18)

Total QALYs 1.51 (1.24,1.79) 0.93 (0.78,1.09) 0.57 (0.24,0.90)

Total costs 48263.93 (43825.23,53652.09) 9984.42 (9328.17,10654.77) 38279.51 (33703.63,43652.44)

Cost per LY gained - - 46094.67

Cost per QALY gained - - 66826.86

2nd data cut

Total life years 2.14 (1.90,2.39) 1.49 (1.35,1.64) 0.65 (0.36,0.95)

Total QALYs 1.50 (1.26,1.78) 1.03 (0.88,1.22) 0.46 (0.16,0.78)

Total costs 47259.87 (43992.63,51081.37) 10394.00 (9665.27,11140.41) 36865.88 (33559.47,40533.86)

Cost per LY gained - - 56905.68

Cost per QALY gained - - 79500.51

Table 5.48: Cost effectiveness summary results of base case of OAK for both 1st and 2nd
data cut
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Atezolizumab vs Docetaxel base case

Outcomes Atezolizumab (95% CI) Docetaxel (95% CI) Incremental (95% CI)

1st data cut

LYs – pre-progression 0.66 (0.52,0.93) 0.45 (0.41,0.49) 0.21 (0.11,0.43)

LYs – post-progression 1.51 (1.12,1.85) 0.90 (0.73,1.07) 0.62 (0.39,0.79)

QALYs – pre-progression 0.50 (0.36,0.72) 0.34 (0.27,0.40) 0.16 (0.09,0.32)

QALYs – post-progression 1.01 (0.71,1.32) 0.60 (0.45,0.75) 0.41 (0.26,0.57)

2nd data cut

LYs – pre-progression 0.82 (0.66,1.06) 0.47 (0.43,0.52) 0.35 (0.22,0.54)

LYs – post-progression 1.32 (0.99,1.62) 1.02 (0.87,1.18) 0.30 (0.11,0.44)

QALYs – pre-progression 0.62 (0.44,0.83) 0.36 (0.28,0.43) 0.26 (0.16,0.40)

QALYs – post-progression 0.88 (0.62,1.15) 0.68 (0.52,0.86) 0.20 (0.11,0.29)

Table 5.49: Cost effectiveness detailed effectiveness results of base case of OAK for both 1st
and 2nd data cut

Atezolizumab vs Docetaxel base case

Outcomes Atezolizumab (95% CI) Docetaxel (95% CI) Incremental (95% CI)

1st data cut

Drug acquisition costs 35103.11 (31382.00,39831.29) 75.07 (72.57,77.34) 35028.04 (31309.42,39753.95)

Drug admin costs 1913.77 (1710.90,2171.55) 971.55 (939.23,1000.92) 942.22 (771.68,1170.63)

Disease management costs 6911.41 (5882.40,8124.65) 4367.69 (3790.54,4961.99) 2543.72 (2091.86,3162.67)

Terminal care costs 3302.67 (3254.84,3346.12) 3545.24 (3520.38,3568.95) -242.56 (-265.54,-222.83)

2nd data cut

Drug acquisition costs 33860.81 (31160.81,36991.19) 75.21 (73.24,77.01) 33785.59 (31087.57,36914.17)

Drug admin costs 1846.04 (1698.84,2016.71) 973.39 (947.87,996.72) 872.65 (750.98,1019.99)

Disease management costs 7211.52 (6196.19,8380.49) 4796.04 (4144.88,5466.46) 2415.48 (2051.31,2914.03)

Terminal care costs 3303.27 (3267.30,3336.93) 3523.11 (3499.86,3545.15) -219.84 (-232.56,-208.22)

Table 5.50: Cost effectiveness detailed cost results of base case of OAK for both 1st and 2nd
data cut
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Atezolizumab vs Docetaxel scenario analysis

Outcomes Atezolizumab (95% CI) Docetaxel (95% CI) Incremental (95% CI)

1st data cut

Total life years 1.99 (1.69,2.34) 1.15 (1.04,1.28) 0.84 (0.51,1.20)

Total QALYs 1.37 (1.11,1.68) 0.80 (0.68,0.94) 0.57 (0.27,0.90)

Total costs 47679.56 (42910.29,52929.13) 9536.48 (8918.50,10172.73) 38143.08 (33509.58,43239.24)

Cost per LY gained - - 45601.21

Cost per QALY gained - - 67065.87

2nd data cut

Total life years 2.03 (1.79,2.32) 1.41 (1.25,1.60) 0.62 (0.32,0.96)

Total QALYs 1.42 (1.19,1.69) 0.98 (0.82,1.16) 0.44 (0.14,0.76)

Total costs 47001.41 (43553.04,50743.15) 10196.34 (9505.74,10989.28) 36805.07 (33364.14,40587.58)

Cost per LY gained - - 59318.42

Cost per QALY gained - - 83273.93

Table 5.51: Cost effectiveness summary results of scenario analysis of OAK for both 1st and
2nd data cut
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Atezolizumab vs Docetaxel scenario analysis

Outcomes Atezolizumab (95% CI) Docetaxel (95% CI) Incremental (95% CI)

1st data cut

LYs – pre-progression 0.66 (0.51,0.89) 0.45 (0.41,0.49) 0.21 (0.10,0.39)

LYs – post-progression 1.33 (0.96,1.74) 0.70 (0.58,0.85) 0.63 (0.38,0.90)

QALYs – pre-progression 0.49 (0.35,0.69) 0.34 (0.26,0.40) 0.16 (0.09,0.29)

QALYs – post-progression 0.88 (0.62,1.21) 0.47 (0.35,0.60) 0.41 (0.27,0.61)

2nd data cut

LYs – pre-progression 0.82 (0.66,1.06) 0.47 (0.43,0.52) 0.35 (0.23,0.54)

LYs – post-progression 1.21 (0.92,1.54) 0.94 (0.77,1.13) 0.27 (0.15,0.42)

QALYs – pre-progression 0.62 (0.45,0.83) 0.35 (0.28,0.43) 0.27 (0.17,0.41)

QALYs – post-progression 0.80 (0.57,1.08) 0.62 (0.47,0.80) 0.18 (0.10,0.27)

Table 5.52: Cost effectiveness detailed effectiveness results of scenario analysis of OAK for
both 1st and 2nd data cut

Atezolizumab vs Docetaxel scenario analysis

Outcomes Atezolizumab (95% CI) Docetaxel (95% CI) Incremental (95% CI)

1st data cut

Drug acquisition costs 34970.88 (30944.67,39300.94) 75.13 (72.60,77.46) 34895.75 (30872.07,39223.48)

Drug admin costs 1906.56 (1687.06,2142.63) 972.34 (939.66,1002.55) 934.23 (747.41,1140.09)

Disease management costs 6431.91 (5353.53,7721.28) 3889.08 (3382.08,4431.27) 2542.83 (1971.45,3290.01)

Terminal care costs 3337.70 (3288.32,3376.15) 3573.69 (3554.15,3591.13) -235.99 (-265.83,-214.98)

2nd data cut

Drug acquisition costs 33860.81 (31160.81,36991.19) 75.28 (73.38,77.30) 33785.52 (31087.43,36913.89)

Drug admin costs 1846.04 (1698.84,2016.71) 974.34 (949.70,1000.43) 871.71 (749.14,1016.28)

Disease management costs 6929.73 (5834.93,8218.78) 4581.88 (3969.23,5266.93) 2347.84 (1865.71,2951.85)

Terminal care costs 3327.99 (3286.81,3357.75) 3539.74 (3512.37,3562.20) -211.74 (-225.56,-204.44)

Table 5.53: Cost effectiveness detailed cost results of scenario analysis of OAK for both 1st
and 2nd data cut
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LUX-lung 8

In the base case, a log-logistic distribution was fitted to the OS data and a generalized gamma

distribution to the PFS data. Total life years and QALYs decreased for Afatinib by 0.5 and

0.3 units, respectively. In contrast, Erlotinib’s effectiveness increased by 0.1 units for both

life years and QALYs. As a consequence, incremental QALYs decreased. Total costs for

Afatinib were slightly reduced, while they increased for Erlotinib. These changes resulted in

a decrease in incremental costs. However, the ICER eventually increased to £25910/QALY.

In the scenario analysis, with a normal spline fitted to the OS data and a Log-normal distri-

bution to the PFS data, effectiveness parameters increased for both arms in the latest data.

More specifically, total QALYs increased by 0.2 units for both arms, and total life years

increased by 0.3 and 0.4 for Afatinib and Erlotinib, respectively. Incremental costs increased

while incremental QALYs decreased, which resulted in an ICER increase of £14720.64/QALY.

Cost-effectiveness analyses showed no significant differences between the data sets. In both as-

sessments, the Cost-Effectiveness Acceptability Curve (CEAC) suggested that even a willingness-

to-pay threshold of £125000 is insufficient for Afatinib to be deemed cost-effective.

LUX-lung 8 was the sole study that utilized a distinct PFS model for scenario analysis. In

this instance, the total life years and QALYs in the comparative scenario analysis might also

be affected by the choice of a different PFS model. The base case analysis yielded higher

values for PFS and OS compared to the scenario analysis, as well as for costs. Nevertheless,

in the scenario analysis, the incremental effects were reduced and the incremental costs were

elevated, resulting in the ICER of the scenario analysis being £31860.58/QALY higher for

the initial data cut and £20670.80/QALY higher for the second data cut.
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Afatinib vs Erlotinib base case

Outcomes Afatinib (95% CI) Erlotinib (95% CI) Incremental (95% CI)

1st data cut

Total life years 1.24 (1.06,1.43) 0.94 (0.82,1.07) 0.30 (0.08,0.51)

Total QALYs 0.87 (0.72,1.03) 0.66 (0.54,0.78) 0.21 (0.01,0.42)

Total costs 55902.08 (48846.21,63966.48) 22665.94 (20524.55,25029.40) 33236.14 (25869.27,41342.83)

Cost per LY gained - - 111064.72

Cost per QALY gained - - 157837.21

2nd data cut

Total life years 1.19 (1.06,1.34) 0.95 (0.84,1.07) 0.24 (0.05,0.42)

Total QALYs 0.84 (0.69,1.00) 0.67 (0.56,0.79) 0.17 (-0.02,0.35)

Total costs 54046.86 (48718.42,60277.62) 22936.12 (20836.08,25255.45) 31110.74 (25178.94,37391.44)

Cost per LY gained - - 130565.98

Cost per QALY gained - - 183747.63

Table 5.54: Cost effectiveness summary results of base case of LUX-lung 8 for both 1st and
2nd data cut
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Afatinib vs Erlotinib base case

Outcomes Afatinib (95% CI) Erlotinib (95% CI) Incremental (95% CI)

1st data cut

LYs – pre-progression 0.53 (0.44,0.65) 0.40 (0.34,0.49) 0.12 (0.10,0.17)

LYs – post-progression 0.71 (0.50,0.93) 0.53 (0.40,0.68) 0.17 (0.10,0.25)

QALYs – pre-progression 0.40 (0.30,0.51) 0.30 (0.23,0.38) 0.10 (0.08,0.13)

QALYs – post-progression 0.47 (0.32,0.65) 0.36 (0.25,0.47) 0.11 (0.07,0.18)

2nd data cut

LYs – pre-progression 0.53 (0.44,0.65) 0.41 (0.35,0.49) 0.13 (0.09,0.16)

LYs – post-progression 0.66 (0.48,0.84) 0.55 (0.41,0.68) 0.11 (0.07,0.16)

QALYs – pre-progression 0.40 (0.30,0.52) 0.31 (0.23,0.40) 0.09 (0.07,0.12)

QALYs – post-progression 0.44 (0.30,0.59) 0.36 (0.26,0.48) 0.07 (0.04,0.11)

Table 5.55: Cost effectiveness detailed effectiveness results of base case of LUX-lung 8 for
both 1st and 2nd data cut

Afatinib vs Erlotinib base case

Outcomes Afatinib (95% CI) Erlotinib (95% CI) Incremental (95% CI)

1st data cut

Drug acquisition costs 33407.83 (28669.90,38745.07) 4424.39 (3895.10,5029.35) 28983.43 (24774.80,33715.72)

Drug admin costs 13710.67 (11766.21,15901.09) 10404.29 (9159.62,11826.89) 3306.38 (2606.59,4074.20)

Disease management costs 4300.01 (3623.41,5050.46) 3272.65 (2781.32,3797.04) 1027.36 (842.09,1253.42)

Terminal care costs 3462.14 (3435.90,3484.81) 3538.40 (3514.29,3559.73) -76.27 (-78.39,-74.92)

2nd data cut

Drug acquisition costs 32161.27 (28587.40,36316.57) 4493.72 (3966.87,5065.05) 27667.55 (24620.53,31251.53)

Drug admin costs 13199.08 (11732.35,14904.43) 10567.32 (9328.39,11910.84) 2631.76 (2403.96,2993.59)

Disease management costs 4195.88 (3596.51,4869.98) 3314.61 (2829.38,3882.06) 881.27 (767.13,987.93)

Terminal care costs 3468.87 (3448.48,3485.96) 3534.81 (3509.99,3556.87) -65.94 (-61.51,-70.90)

Table 5.56: Cost effectiveness detailed cost results of base case of LUX-lung 8 for both 1st
and 2nd data cut

92

CC BY: Attribution alone 4.0

https://creativecommons.org/licenses/by/4.0/

https://doi.org/10.26219/heal.aueb.6230



Afatinib vs Erlotinib scenario analysis

Outcomes Afatinib (95% CI) Erlotinib (95% CI) Incremental (95% CI)

1st data cut

Total life years 1.02 (0.90,1.18) 0.82 (0.74,0.94) 0.20 (0.03,0.37)

Total QALYs 0.72 (0.60,0.85) 0.58 (0.49,0.69) 0.14 (-0.02,0.30)

Total costs 47098.17 (42273.26,53291.20) 20491.32 (18913.81,22589.38) 26606.85 (21317.47,33079.17)

Cost per LY gained - - 133519.28

Cost per QALY gained - - 189697.79

2nd data cut

Total life years 1.05 (0.94,1.18) 0.86 (0.77,0.97) 0.19 (0.03,0.35)

Total QALYs 0.74 (0.62,0.87) 0.60 (0.51,0.72) 0.13 (-0.02,0.30)

Total costs 48243.83 (43504.69,53583.40) 21164.77 (19357.02,23164.53) 27079.05 (21903.99,32681.64)

Cost per LY gained - - 142366.53

Cost per QALY gained - - 204418.43

Table 5.57: Cost effectiveness summary results of sensitivity analysis of LUX-lung 8 for both
1st and 2nd data cut
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Afatinib vs Erlotinib scenario analysis

Outcomes Afatinib (95% CI) Erlotinib (95% CI) Incremental (95% CI)

1st data cut

LYs – pre-progression 0.44 (0.39,0.49) 0.35 (0.31,0.38) 0.09 (0.08,0.10)

LYs – post-progression 0.59 (0.46,0.75) 0.48 (0.38,0.60) 0.11 (0.08,0.16)

QALYs – pre-progression 0.33 (0.26,0.40) 0.26 (0.21,0.31) 0.07 (0.05,0.08)

QALYs – post-progression 0.39 (0.28,0.51) 0.32 (0.24,0.42) 0.07 (0.05,0.09)

2nd data cut

LYs – pre-progression 0.44 (0.39,0.49) 0.35 (0.32,0.38) 0.09 (0.08,0.11)

LYs – post-progression 0.61 (0.48,0.75) 0.52 (0.42,0.64) 0.10 (0.06,0.11)

QALYs – pre-progression 0.33 (0.26,0.40) 0.26 (0.21,0.31) 0.07 (0.05,0.09)

QALYs – post-progression 0.41 (0.30,0.53) 0.34 (0.26,0.45) 0.06 (0.04,0.08)

Table 5.58: Cost effectiveness detailed effectiveness results of sensitivity analysis of LUX-lung
8 for both 1st and 2nd data cut

Afatinib vs Erlotinib scenario analysis

Outcomes Afatinib (95% CI) Erlotinib (95% CI) Incremental (95% CI)

1st data cut

Drug acquisition costs 27667.41 (24453.60,31833.35) 3893.55 (3498.08,4435.84) 23773.86 (20955.52,27397.51)

Drug admin costs 11354.78 (10035.83,13064.50) 9155.97 (8226.00,10431.21) 2198.82 (1809.83,2633.29)

Disease management costs 3560.36 (3055.24,4137.43) 2862.91 (2472.42,3285.70) 697.45 (582.82,851.73)

Terminal care costs 3497.87 (3478.36,3513.69) 3559.24 (3544.10,3572.96) -61.37 (-65.74,-59.26)

2nd data cut

Drug acquisition costs 28433.79 (25319.46,31922.88) 4069.90 (3632.40,4588.55) 24363.89 (21687.07,27334.34)

Drug admin costs 11669.31 (10391.18,13101.24) 9570.67 (8541.86,10790.32) 2098.64 (1849.33,2310.93)

Disease management costs 3633.23 (3111.18,4216.00) 2951.24 (2545.74,3396.53) 681.99 (565.44,819.47)

Terminal care costs 3491.30 (3473.22,3506.70) 3553.71 (3538.39,3567.18) -62.41 (-65.17,-60.48)

Table 5.59: Cost effectiveness detailed cost results of sensitivity analysis of LUX-lung 8 for
both 1st and 2nd data cut
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Chapter 6

Overall conclusions and further

research

6.1 Conclusions

Before delving into the summary of findings on data maturity in terms of cost-effectiveness,

it’s essential to consider which inputs of the model could significantly influence the outcomes

and the decision-making process. The reality is that every single one of them does. This par-

ticular model has some limitations that if they were taken into account results could be differ-

ent (see section 6.2). However, in every trial, the intervention was deemed not cost-effective.

Would adopting a different method for calculating survival alter this conclusion? Given the

prohibitively expensive nature of the intervention drugs and the defined willingness-to-pay

threshold, it seems very improbable. Nonetheless, a higher willingness-to-pay threshold or an

increased discount rate might completely shift the results, despite any variations in survival

models. However, since the cost inputs are generally consistent for particular treatments and

diseases, survival analysis plays a pivotal role in determining cost-effectiveness.

Out of all the survival models it is safe to assume that Gompertz was inappropriate for

extrapolation for either OS or PFS in every case regardless the data cut off. This is be-

cause survival extrapolations could not reach zero, even with a 30-year horizon. As for the

other parametric models, the exponential and Weibull models yielded higher mean survival

estimates but were limited by poor extrapolations, largely due to the restrictive nature of

the underlying hazard. Consequently, these models should be considered within a piecewise

framework or within a mixed model framework. In contrast, the Log-normal, log-logistic, and

generalized gamma models demonstrated greater flexibility and reliability from both a statis-

tical and clinical standpoint. An increase in mean OS was noted in the second data cut when

using the generalized gamma model; however, this was not observed with the Log-normal

and log-logistic models, where the mean OS remained unchanged or slightly decreased. This

suggests that the Log-normal and log-logistic models are more consistent for OS predictions

when using early data, at least in this particular context. This assumption is further sup-
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ported by the alignment of the 1st data cut OS extrapolations with the second data cut

Kaplan-Meier curves in figures 5.31, 5.32, 5.33, 5.34. Additionally, these two models were

the sole parametric models selected for the base case analysis or scenario analysis following

the model selection process, with the Log-normal being considered in half of the trials and

the log-logistic likewise.

Splines for OS, as being by nature more flexible models delivered good fit in both cuts and

an increase in mean OS in the second data cut. Nevertheless, the hazard spline generally

presented a more optimistic view of overall survival, leading to its exclusion from the model

selection process in all scenarios. On the other hand, the normal spline was taken into account

for the baseline or scenario analysis of OS data across all trials.

Survival modelling for PFS data proved to be more challenging in balancing the statistical

perspective with the clinical insight. All models exhibited an increase in average PFS in the

later data cut. This challenges the notion that log-logistic and Log-normal models maintain

consistent estimates across data cuts. Typically, models underestimated survival probabilities

in the initial data cut, which explains the observed increase in average PFS in the second

cut. However, Log-normal and log-logistic models demonstrated greater reliability in their

predictions. While splines provided a good fit for OS data, they appeared to overfit PFS

data, leading to overly optimistic projections, particularly in the later data cut. This issue

was also observed with the generalized gamma model, resulting in the exclusion of splines

and generalized gamma from the model selection process in three out of four trials.

Considering all these findings, one might naively suggest that the Log-normal model outper-

formed the other models, as it achieved a more consistent performance across data cuts and

for both types of data, namely OS and PFS. The normal spline could be seen as a viable

option for OS data, but it should be approached with caution when applied to PFS data.

In the data for PFS, all models, and for OS, most models, showed higher average estimates in

the second data cut. This observation might be clinically justified as patients more susceptible

to adverse events are likely to withdraw from the study in the initial follow up period, whereas

the remaining participants have an increased likelihood of mortality during the later follow-

up. It is also noteworthy that a consistent trend was observed in relation to treatment class.

Specifically, chemotherapy and targeted therapy approaches yielded comparable results across

various survival models for both PFS and OS. Conversely, immunotherapy resulted in varying

predictions depending on the survival model used for both types of survival data. Because the

model selection is based on choosing the same model for both arms, this is an indicator that

the selection should be weighted towards immunotherapies. Nonetheless, it was not possible
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to discern a consistent trend between the treatment categories and the rate of change across

different data cuts.

Even though survival analysis revealed some patterns among results it is arbitrary to attempt

to draw broad conclusions. These conclusions are solely based on the data from non-small cell

advanced lung cancer patients undergoing their second-line treatment. Can these results be

applied to all advanced cancer patients, irrespective of the type? The answer is no. Although

the treatments for advanced cancer are fundamentally similar, the variations in mortality and

their impact on costs prevent any possibility of generalization. That’s the reason why also

identified patterns on cost effectiveness estimates should be considered only for this specific

indication.

Costs and effectiveness are closely linked, as the longer a patient lives, the higher the costs,

and vice versa. In this analysis, PFS extrapolations consistently showed higher estimations

in the second data cut. This led to increased disease management costs since resources

were utilized more frequently for pre-progressed patients. The choice of survival model was

critical in decision-making, with observed differences ICER up to 15,000 pounds across various

scenarios. Regardless of the model chosen, the ICER increased in the second data cut for each

trial, both within and across different scenarios. This increase can be partly attributed to

the standard rise in disease management costs. However, the underlying cause of this result

varied with each trial. For example, immunotherapies were significantly more expensive than

chemotherapies, as shown in table 5.4. Consequently, a small increase in mortality could

substantially raise drug administration and total costs in the case of immunotherapies. The

ICER represents the ratio of incremental costs to incremental QALYs. In KEYNOTE 010 and

CheckMate 017 & 057, both the base case and scenario analyses showed a rise in incremental

costs. In KEYNOTE 010, incremental QALYs decreased, making the rise in ICER evident.

In CheckMate 017 & 057, although incremental QALYs increased, the substantial difference

in life expectancy due to immunotherapy led to significantly higher total and incremental

costs, resulting in a higher ICER. For OAK and LUX-lung 8, both incremental QALYs and

costs decreased in the base case and scenario analyses. However, the reduction in incremental

costs was smaller, which led to an observed increase in ICER.

By observing cost effectiveness plane it was expected a decrease in variance but this was not

the case in any trial and scenario. In CEACs the willingness to pay value for the intervention

to be considered cost-effective was always increased on the second data cut.

While the ICER consistently rose in the second data cut, it is not appropriate to generalize

this as a rule, as various factors contribute to this outcome, and in a different context, the
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conclusion could vary. Nonetheless, it is reasonable to conclude that for advanced lung cancer

in second line treatment and other cancers with comparable mortality, utilities, and costs, the

maturity of the data indeed influences cost-effectiveness outcomes, with an increased ICER

in the second data cut-off.

6.2 Limitations and further research

The influence of data maturity on cost-effectiveness outcomes was assessed solely using a

partitioned survival model. While this may be a fundamental modeling approach in oncology,

examining alternative model structures might also prove advantageous. Also, the analysis

did not take into account certain model inputs that affect the cost-effectiveness outcomes.

For example, data on the time to discontinuation, disutilities, or potential biases resulting

from treatment switching were not included in the analysis. Additionally, in this study, the

comparison was restricted to the RCT control arm. Nevertheless, multiple comparisons could

be conducted through indirect comparisons with an appropriate real-world comparator.

To obtain more comprehensive results, it would be beneficial to expand the selection of clin-

ical trials to include those involving patients receiving first-line treatment. These patients,

who are not within the clinical scope, do not present the same level of severity as those under-

going second-line treatments, which could lead to variations in cost-effectiveness outcomes.

Moreover, an increase in the ICER was noted at the second data cut. This indicates a trend

that warrants further investigation by evaluating the cost-effectiveness outcomes not just at

the initial and final follow-up periods but also during intermediate follow-up intervals. Such

an analysis could uncover an underlying relationship (e.g. linear) between data maturity and

ICER.

98

CC BY: Attribution alone 4.0

https://creativecommons.org/licenses/by/4.0/

https://doi.org/10.26219/heal.aueb.6230



Appendix A

Original and digitized KM curves

(a) Original Kaplan-Meier curve adapted from
[62] (b) Digitized Kaplan Meier curve

Figure A.1: Original and digitized Kaplan Meier curves for OS pembrolizumab data of first
data cut - KEYNOTE 010

(a) Original Kaplan-Meier curve adapted from
[61] (b) Digitized Kaplan Meier curve

Figure A.2: Original and digitized Kaplan Meier curves for OS docetaxel data of first data
cut - KEYNOTE 010
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(a) Original Kaplan-Meier curve adapted from
[63] (b) Digitized Kaplan Meier curve

Figure A.3: Original and digitized Kaplan Meier curves for OS data of second data cut -
KEYNOTE 010

(a) Original Kaplan-Meier curve adapted from
[62] (b) Digitized Kaplan Meier curve

Figure A.4: Original and digitized Kaplan Meier curves for PFS pembrolizumab data of first
data cut - KEYNOTE 010
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(a) Original Kaplan-Meier curve adapted from
[61] (b) Digitized Kaplan Meier curve

Figure A.5: Original and digitized Kaplan Meier curves for PFS docetaxel data of first data
cut - KEYNOTE 010

(a) Original Kaplan-Meier curve adapted from
[64] (b) Digitized Kaplan Meier curve

Figure A.6: Original and digitized Kaplan Meier curves for OS data of first data cut -
CheckMate 017 & 057
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(a) Original Kaplan-Meier curve adapted from
[65] (b) Digitized Kaplan Meier curve

Figure A.7: Original and digitized Kaplan Meier curves for OS data of second data cut-
CheckMate 017 & 057

(a) Original Kaplan-Meier curve adapted from
[64] (b) Digitized Kaplan Meier curve

Figure A.8: Original and digitized Kaplan Meier curves for PFS data of first data cut -
CheckMate 017 & 057
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(a) Original Kaplan-Meier curve adapted from
[65] (b) Digitized Kaplan Meier curve

Figure A.9: Original and digitized Kaplan Meier curves for PFS data of second data cut-
CheckMate 017 & 057

(a) Original Kaplan-Meier curve adapted from
[66] (b) Digitized Kaplan Meier curve

Figure A.10: Original and digitized Kaplan Meier curves for OS data of first data cut - OAK
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(a) Original Kaplan-Meier curve adapted from
[67] (b) Digitized Kaplan Meier curve

Figure A.11: Original and digitized Kaplan Meier curves for OS data of second data cut -
OAK

(a) Original Kaplan-Meier curve adapted from
[66] (b) Digitized Kaplan Meier curve

Figure A.12: Original and digitized Kaplan Meier curves for PFS data of first data cut -
OAK

(a) Original Kaplan-Meier curve adapted from
[80] (b) Digitized Kaplan Meier curve

Figure A.13: Original and digitized Kaplan Meier curves for PFS data of second data cut -
OAK
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(a) Original Kaplan-Meier curve adapted from
[68] (b) Digitized Kaplan Meier curve

Figure A.14: Original and digitized Kaplan Meier curves for OS data of first data cut -
LUX-lung 8

(a) Original Kaplan-Meier curve adapted from
[69] (b) Digitized Kaplan Meier curve

Figure A.15: Original and digitized Kaplan Meier curves for OS data of second data cut -
LUX-lung 8
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(a) Original Kaplan-Meier curve adapted from
[68] (b) Digitized Kaplan Meier curve

Figure A.16: Original and digitized Kaplan Meier curves for PFS data of first data cut -
LUX-lung 8
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Appendix B

PH assumption

(a) Log-cumulative hazard plots of
pembrolizumab and docetaxel - OS data (b) Schoenfeld’s residuals - OS data

Figure B.1: Log cumulative hazard plots and Schoenfeld’s residuals for OS data of first data
cut - KEYNOTE 010

(a) Log-cumulative hazard plots of
pembrolizumab and docetaxel - OS data (b) Schoenfeld’s residuals - OS data

Figure B.2: Log cumulative hazard plots and Schoenfeld’s residuals for OS data of second
data cut - KEYNOTE 010
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(a) Log-cumulative hazard plots of
pembrolizumab and docetaxel - PFS data (b) Schoenfeld’s residuals - OS data

Figure B.3: Log cumulative hazard plots and Schoenfeld’s residuals for PFS data of first data
cut - KEYNOTE 010

(a) Log-cumulative hazard plots of
pembrolizumab and docetaxel - PFS data (b) Schoenfeld’s residuals - OS data

Figure B.4: Log cumulative hazard plots and Schoenfeld’s residuals for PFS data of second
data cut - KEYNOTE 010
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(a) Log-cumulative hazard plots of nivolumab
and docetaxel - OS data (b) Schoenfeld’s residuals - OS data

Figure B.5: Log cumulative hazard plots and Schoenfeld’s residuals for OS data of first data
cut - CheckMate 017 & 057

(a) Log-cumulative hazard plots of nivolumab
and docetaxel - OS data (b) Schoenfeld’s residuals - OS data

Figure B.6: Log cumulative hazard plots and Schoenfeld’s residuals for OS data of second
data cut - CheckMate 017 & 057
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(a) Log-cumulative hazard plots of nivolumab
and docetaxel - PFS data (b) Schoenfeld’s residuals - PFS data

Figure B.7: Log cumulative hazard plots and Schoenfeld’s residuals for PFS data of first data
cut - CheckMate 017 & 057

(a) Log-cumulative hazard plots of nivolumab
and docetaxel - PFS data (b) Schoenfeld’s residuals - PFS data

Figure B.8: Log cumulative hazard plots and Schoenfeld’s residuals for PFS data of second
data cut - CheckMate 017 & 057
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(a) Log-cumulative hazard plots of
atezolizumab and docetaxel - OS data (b) Schoenfeld’s residuals - OS data

Figure B.9: Log cumulative hazard plots and Schoenfeld’s residuals for OS data of first data
cut - OAK

(a) Log-cumulative hazard plots of
atezolizumab and docetaxel - OS data (b) Schoenfeld’s residuals - OS data

Figure B.10: Log cumulative hazard plots and Schoenfeld’s residuals for OS data of second
data cut - OAK
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(a) Log-cumulative hazard plots of
atezolizumab and docetaxel - PFS data (b) Schoenfeld’s residuals - PFS data

Figure B.11: Log cumulative hazard plots and Schoenfeld’s residuals for PFS data of first
data cut - OAK

(a) Log-cumulative hazard plots of
atezolizumab and docetaxel - PFS data (b) Schoenfeld’s residuals - PFS data

Figure B.12: Log cumulative hazard plots and Schoenfeld’s residuals for PFS data of second
data cut - OAK
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(a) Log-cumulative hazard plots of afatinib and
erlotinib - OS data (b) Schoenfeld’s residuals - OS data

Figure B.13: Log cumulative hazard plots and Schoenfeld’s residuals for OS data of first data
cut - LUX-lung 8

(a) Log-cumulative hazard plots of afatinib and
erlotinib - OS data (b) Schoenfeld’s residuals - OS data

Figure B.14: Log cumulative hazard plots and Schoenfeld’s residuals for OS data of second
data cut - LUX-lung 8
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(a) Log-cumulative hazard plots of afatinib and
erlotinib - PFS data (b) Schoenfeld’s residuals - PFS data

Figure B.15: Log cumulative hazard plots and Schoenfeld’s residuals for PFS data of first
data cut - LUX-lung 8
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Appendix C

Survival analysis model selection

Figure C.1: Survival model selection algorithm according to NICE technical document 14 [7]
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Appendix D

Costs

Progression free health state Progressed health state

Resource use
No. required

per 3 weeks
Unit cost (£)

No. required

per 3 weeks
Unit cost (£)

Oncologist 0.28 217.41 0.46 217.41

Full blood

test
1 2.96 1 2.96

Electrolytes 1 1.55 0.46 1.55

Liver

function test
1 1.55 0.46 1.55

Renal

function test
1 1.55 0.46 1.55

Computed

tomography

scan

(thorax or

abdominal)

0.28 117 .4 0.28 32.87

Table D.1: Disease management costs of progression-free and progressed health state

116

CC BY: Attribution alone 4.0

https://creativecommons.org/licenses/by/4.0/

https://doi.org/10.26219/heal.aueb.6230



Resource Resource use Unit cost (£)

General practitioner

outpatient visit
2 44.41

Oncologist 3.6 217.41

Radiotherapist (brain) 2.3 164.19

Palliative care 1 85.94

Psychologist 1 208.49

Full blood test 1.2 0.96

Complete metabolic panel 1.2 1.55

Lactate dehydrogenase test 1.2 1.55

Computed tomography scan

(thorax or abdominal)
1 117.4

99Tc bone scintigraphy scan 1 413

X-ray 1 38

Echography 1 63

Magnetic resonance imaging of brain 1 172.02

Positron emisson tomography scan 1 172.02

Oncology/general ward per day

(Treatment initiation)
2.8 343.5

Table D.2: Treatment initiation costs for progression free health state.

Resource Resource use Unit cost (£)

Computed tomography scan
(thorax or abdominal)

1 117.4

Computed tomography scan (brain) 0.4 117.4

Table D.3: Treatment initiation costs for progressed health state.
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Drug administration costs Terminal care costs

117.4 £ 3,579.42 £

Table D.4: Drug administration and terminal care costs.
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Appendix E

Cost-effectiveness results

(a) Survival extrapolations after PSA - 1st data
cut

(b) Survival extrapolations after PSA - 2nd
data cut

Figure E.1: Survival extrapolations after PSA for pembrolizumab - KEYNOTE 010 base
case
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(a) Survival extrapolations after PSA - 1st data
cut

(b) Survival extrapolations after PSA - 2nd
data cut

Figure E.2: Survival extrapolations after PSA for docetaxel - KEYNOTE 010 base case

(a) Cost effectiveness plane of 1st data cut (b) Cost effectiveness plane of 2nd data cut

Figure E.3: Cost effectiveness plane of 1st and 2nd data cut for base case - KEYNOTE 010
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(a) CEAC of 1st data cut (b) CEAC of 2nd data cut

Figure E.4: Cost effectiveness acceptability curve of 1st and 2nd data cut for base case -
KEYNOTE 010

(a) Survival extrapolations after PSA - 1st data
cut

(b) Survival extrapolations after PSA - 2nd
data cut

Figure E.5: Survival extrapolations after PSA for pembrolizumab - KEYNOTE 010 scenario
analysis
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(a) Survival extrapolations after PSA - 1st data
cut

(b) Survival extrapolations after PSA - 2nd
data cut

Figure E.6: Survival extrapolations after PSA for docetaxel - KEYNOTE 010 scenario anal-
ysis

(a) Cost effectiveness plane of 1st data cut (b) Cost effectiveness plane of 2nd data cut

Figure E.7: Cost effectiveness plane of 1st and 2nd data cut for scenario analysis - KEYNOTE
010
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(a) CEAC of 1st data cut (b) CEAC of 2nd data cut

Figure E.8: Cost effectiveness acceptability curve of 1st and 2nd data cut for scenario analysis
- KEYNOTE 010

(a) Survival extrapolations after PSA - 1st data
cut

(b) Survival extrapolations after PSA - 2nd
data cut

Figure E.9: Survival extrapolations after PSA for nivolumab - CheckMate 017 & 057 base
case
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(a) Survival extrapolations after PSA - 1st data
cut

(b) Survival extrapolations after PSA - 2nd
data cut

Figure E.10: Survival extrapolations after PSA for docetaxel - CheckMate 017 & 057 base
case

(a) Cost effectiveness plane of 1st data cut (b) Cost effectiveness plane of 2nd data cut

Figure E.11: Cost effectiveness plane of 1st and 2nd data cut for base case - CheckMate 017
& 057
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(a) CEAC of 1st data cut (b) CEAC of 2nd data cut

Figure E.12: Cost effectiveness acceptability curve of 1st and 2nd data cut for base case -
CheckMate 017 & 057

(a) Survival extrapolations after PSA - 1st data
cut

(b) Survival extrapolations after PSA - 2nd
data cut

Figure E.13: Survival extrapolations after PSA for nivolumab - CheckMate 017 & 057 sce-
nario analysis
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(a) Survival extrapolations after PSA - 1st data
cut

(b) Survival extrapolations after PSA - 2nd
data cut

Figure E.14: Survival extrapolations after PSA for docetaxel - CheckMate 017 & 057 scenario
analysis

(a) Cost effectiveness plane of 1st data cut (b) Cost effectiveness plane of 2nd data cut

Figure E.15: Cost effectiveness plane of 1st and 2nd data cut for scenario analysis - Check-
Mate 017 & 057
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(a) CEAC of 1st data cut (b) CEAC of 2nd data cut

Figure E.16: Cost effectiveness acceptability curve of 1st and 2nd data cut for scenario
analysis - CheckMate 017 & 057

(a) Survival extrapolations after PSA - 1st data
cut

(b) Survival extrapolations after PSA - 2nd
data cut

Figure E.17: Survival extrapolations after PSA for atezolizumab - OAK base case
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(a) Survival extrapolations after PSA - 1st data
cut

(b) Survival extrapolations after PSA - 2nd
data cut

Figure E.18: Survival extrapolations after PSA for docetaxel - OAK base case

(a) Cost effectiveness plane of 1st data cut (b) Cost effectiveness plane of 2nd data cut

Figure E.19: Cost effectiveness plane of 1st and 2nd data cut for base case - OAK
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(a) CEAC of 1st data cut (b) CEAC of 2nd data cut

Figure E.20: Cost effectiveness acceptability curve of 1st and 2nd data cut for base case -
OAK

(a) Survival extrapolations after PSA - 1st data
cut

(b) Survival extrapolations after PSA - 2nd
data cut

Figure E.21: Survival extrapolations after PSA for atezolizumab - OAK scenario analysis
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(a) Survival extrapolations after PSA - 1st data
cut

(b) Survival extrapolations after PSA - 2nd
data cut

Figure E.22: Survival extrapolations after PSA for docetaxel - OAK scenario analysis

(a) Cost effectiveness plane of 1st data cut (b) Cost effectiveness plane of 2nd data cut

Figure E.23: Cost effectiveness plane of 1st and 2nd data cut for scenario analysis - OAK
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(a) CEAC of 1st data cut (b) CEAC of 2nd data cut

Figure E.24: Cost effectiveness acceptability curve of 1st and 2nd data cut for scenario
analysis - OAK

(a) Survival extrapolations after PSA - 1st data
cut

(b) Survival extrapolations after PSA - 2nd
data cut

Figure E.25: Survival extrapolations after PSA for afatinib - LUX-lung 8 base case
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(a) Survival extrapolations after PSA - 1st data
cut

(b) Survival extrapolations after PSA - 2nd
data cut

Figure E.26: Survival extrapolations after PSA for erlotinib - LUX-lung 8 base case

(a) Cost effectiveness plane of 1st data cut (b) Cost effectiveness plane of 2nd data cut

Figure E.27: Cost effectiveness plane of 1st and 2nd data cut for base case - LUX-lung 8
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(a) CEAC of 1st data cut (b) CEAC of 2nd data cut

Figure E.28: Cost effectiveness acceptability curve of 1st and 2nd data cut for base case -
LUX-lung 8

(a) Survival extrapolations after PSA - 1st data
cut

(b) Survival extrapolations after PSA - 2nd
data cut

Figure E.29: Survival extrapolations after PSA for afatinib - LUX-lung 8 scenario analysis
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(a) Survival extrapolations after PSA - 1st data
cut

(b) Survival extrapolations after PSA - 2nd
data cut

Figure E.30: Survival extrapolations after PSA for erlotinib - LUX-lung 8 scenario analysis

(a) Cost effectiveness plane of 1st data cut (b) Cost effectiveness plane of 2nd data cut

Figure E.31: Cost effectiveness plane of 1st and 2nd data cut for scenario analysis - LUX-lung
8
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(a) CEAC of 1st data cut (b) CEAC of 2nd data cut

Figure E.32: Cost effectiveness acceptability curve of 1st and 2nd data cut for scenario
analysis - LUX-lung 8
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