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Abstract

Prognostic factors (PFs) are patient characteristics (e.g. age, biomarker levels) that are
associated with future clinical outcomes in patients with a disease or health condition.
Evidence-based PF results are paramount, for which individual patient data (IPD) meta-
analysis is thought to be the ’'gold-standard’ approach, as it synthesises the raw data across
related studies (in contrast to an aggregate data meta-analysis, that just uses reported summary
data).

In this Ph.D. thesis, | investigate statistical issues and develop methodological
recommendations for individual patient data meta-analysis of prognostic factor studies (IMPF)
projects. First, | investigate the benefits and limitations of IPD meta-analyses of PF studies
through a systematic review and in-depth evaluation of existing IPD meta-analyses of PFs; 48
IMPF articles were found and an in-depth evaluation of a random sample of 20 IMPF articles
was undertaken to identify how such projects are initiated, conducted, and reported, and to
identify the benefits and challenges of the IPD approach. | found that although IMPF articles
have many advantages, they still face a number of challenges and pitfalls such as different
methods of measurements, ignoring clustering of patients across studies, missing data, and
potential publication bias, unachieved linearity assumption of PFs, poor reporting, and
potentially not protocol driven. To improve IMPF articles and projects guidelines were
developed, and an array of methodological research questions identified.

Secondly, | undertook an empirical study to compare between the IPD and aggregated data
approach to assess PFs in breast cancer. | showed that the IPD approach is preferable over
aggregated data, as it allows one to adjust the PF by other confounding factors, examine PFs
in subgroups of patients and assess the interaction between two PFs as an additional PF. It also
allowed more studies and more patients to be included. However, the IPD approach still faced
challenges, such as potential publication bias, missing data, and failed model assumptions in

some studies.

Thirdly, | developed eleven IPD meta-analysis models to investigate whether
accounting for clustering of patients within studies should be undertaken and
which approach is the best to use. The models differed by using either a one-step
or two-step approach, and whether they accounted for parameter correlation and

residual variation. An IPD meta-analysis of 4 studies for age as a PF for 6 month



mortality in traumatic brain injury was used as an applied example. Surprisingly,
| found that there waso difference between the eleven models because there was
little variation in baseline risk across studies. Thus, a simulation study was
undertaken to examine which model is the best one-step or two-step, and whether
accounting for the clustering of patients within studies is important. | found that
the clustering across studies should be considered, and one-step model accounting
for the clustering of patients within studies is the best fitted model as it yielded
the lowest bias and the coverage was around 95%. Ignoring clustering can
produce downward bias and too low a coverage; occasionally the two-step

produces too high a coverage.

Fourthly, I examined the linearity assumption for the relation between age and
risk of 6 months mortality in the traumatic brain injury dataset. | found that the
linear trend was not the best in all studies. Thus, | developed tmedinear
fractional polynomial IPD meta-analysis models based on whether one-step or two-step
approach and whether first or second order fractional polynomial functions are performed. |
found that one-step fractional polynomial meta-analysis model that account for the clustering
of patients within studies is again the best fitted model, as it easier to fit and force the IPD
studies to have the same polynomial powers. This revealed age has a quadratic relationship

with mortality risk.

Fifth, 1 assessed whether small-study effects (i.e. potential publication bias) exists for 6 IPD
prognostic factor articles by using different tools, such as contour funnel plot, cumulative
meta-analysis, trim and fill method, and regression tests. | found the small-study effects
problem is not a major concern, in contrast to aggregated data meta-analysis of PFs. Only in
the breast cancer data of Look et al. was there substantial evidence for small-study effects.
However, adjusted results to account for this provided a smaller PF effect but suggested the

original conclusions are unlikely to change.

To sum up, this thesis highlights a number of challenges of IMPF projects and discusses
possible approaches to dealing with some of them. However, numerous challenges remain for

future work.
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CHAPTER 1
AIMS AND BACKGROUND FOR THE THESIS

1.1 Introduction

In healthcare, prognosis is the study of future health related events in patients with a particular
disease or condition. Prognosis research studies can take a prospective or retrospective approach.
In prospective studies, patients are recruited at the current date and followed for an adequate
length of time to identify what outcomes are achieved. This allows baseline characteristics
and outcomes to be recorded by the researcher. On the other hand, retrospective studies utilise
existing data (e.g. from cancer databases) about the baseline characteristics and outcome. Most
prognosis studies are retrospective due to the ease and speed of using existing data. However
they are restricted by the data collected (e.g. certain variables and outcomes may be'missing)
Prospective studies are preferred as they allow greater conduct on the data collected and the

quality of the study (e.g. complete follow-up, less missing data).

There are many different types and objectives of prognosis studies, but most usually have the
aim to identify which factors measured at some baseline point (e.g. diagnosis of disease), are
associated with the outcome, or predict the outcome. However, other types of prognosis studies
might look to predict response to treatment, or ascertain the overall prognosis and survival
rates in certain diseases. Such distinct objectives of prognosis research are not well uAderstood

and section 1.2.2 unpacks this further.

Prognostic factors (PFs) are patient characteristics (e.g. age, biomarker levels) that are
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associated with future clinical outcomes in patients with existing disease. PFs are important
clinical tools because they help to identify patients with different risks of outcome (e.qg.
recurrence of disease) and thereby facilitate the most appropriate treatment strategies and aid
patient counselling they are also used in the design and analysis of trials, and act as confounding
factors in observational studfe€Evidence regarding PFs is therefore very important to both
clinicians and their patients. However, primary PF studies have numerous problems such as poor
reporting, analysis and desfgh PF studies are subject to numerous biases, such as selective
reporting and “optimal” choice of cut-poirftsThese severely limit meta-analysis of PF studies
usng aggregated data, where summary of results are combined across PF studies. Individual
Patient Data Meta-analysis of PF studies (IMPF) have been proposed as the gold-standard

approach™, because it utilises the raw patient data and thus does not rely on reported results.

The aims of this thesis are to examine the feasibility of an IMPF articles and to tackle a number
of statistical and methodological challenges when undertaking IMPF projects. | begin with a

broad discussion on the different types of prognosis research and then introduce the
fundamental concepts for primary PF studies and their analysis, and the rationale and basic

methodology for meta-analysis of PF studies.

1.2 Types of prognosis research

There are four types of prognosis research:

1.2.1 Overall prognosis
An often forgotten part of prognosis research is to establish the natural prognosis in a disease.

For example, it is of interest to know survival rates at various time points following diagnosis of
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breast cancer This may be sub-grouped further by characteristics (such as pre to post
menopausal), prognostic factors (see below), and certain treatments. In some poor countries, it
may unfortunately be possible to establish natural prognosis of patients with a disease, where
no treatment is available.

Figure 1.1: 0-10 year relative survival for breast cancer by stage,
diagnosed in the West Midlands 1990-1994 followed up to the end of
2004, as at December 2068
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The overall prognosis of a condition is important for looking at trends in, say, survival rates

over time (Figure 1.1), planning and preparing for future healthcare demands in the population
(e.g. if patients live longer with disease), and understanding ‘baseline risk’ so to help see if any
new treatment and PFs modify it. For example, Figure 1.1 shows 0-10-year relative survival for
breast cancer by stage, diagnosed in the West Midlands 1990-1994 followed up to the end of

2004,

1.2.2 Prognostic Factors

Prognostic factors (PFs) are patient characteristics or measurements (e.g. age, biomarker levels)
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that are associated with future clinical outcomes in patients with existing diseBse
example, Figure 1.1 shows that stage of disease is a PF, as the survival curve is
different for different stages. PF studies investigate the prognostic value of one or more
particular variables; for example, in breast cancer Look &t lakestigate whether Urokinase

type Plasminogen Activator (UPA) and its inhibitor PAI-1 were associated with overall and
disease free survival. PF studies are the most common type of prognosis study. Hundreds of

papers are published each year in oncology alone

PFs have many uses; for example, they are the building block for prognostic models (see
below), and are potential confounding factors in observational studies and randomised trials to
be adjusted for. They can also be incorporated in the design and analysis of randomised trials,
to ensure treatment groups are balanced (via stratified sampling) and to increase power (by

including them as covariates in the analysis).

As a detailed example of a PF study consider Braun'&hahose primary objective was to detect
whether there is an association between the presence of micro-metastasis at diagnosis in the bone
marrow with survival or recurrence of disease in breast cancer patients; i.e. whether micro-
metastasis is a PF in breast cancer at diagnosis. The authors adjusted for other PFs ( e.g. age,
menopausal status, tumour siagnour grade) to see whether the presence of micro-metastasis

in the bone marrow was still a significant independent PF after accounting for these other
factors. They also assessed micro-metastasis as a PF in sub-groups of patients according to those
who received endocrine treatment alone or chemotherapy alone; they found that it is still a PF.

In this thesis the focus is on using meta-analysis to identify PFs by combining across multiple
PF studies like Braun et 4.
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1.2.3 Prognostic Models

Prognostianodels, also called prediction models, risk scores or prognostic scores, evaluate many
variables simultaneously to determine a model that predicts the outcome for the individual patient,
based on the final set of included variables. A prognostic model is crucially different to a PF;
PFs may be associated with the outcome, but the predictive ability of each PF for the
individual patient may be poor. A well-known example for prognostic model is the Nottingham
Prognostic Index (NPI), which is used to predict mortality risk in an individual patient with breast

cancer based on a set of factors such as tumour size and tumodf. grade

Figure 1.2 and 1.3 shows why a PF is usually not an accurate predictor of absolute risk for the

individual patient®. In particular, Figure 1.2 shows Kaplan-Meier survival curves for each of

three groups of patients defined by “low”, “medium” and “high” levels of a PF; the distinct

curves show that this factor is prognostic as it is associated with differential risks of outcome.
Figure 1.2: Kaplan-Meier survival curves for each of

three groups of patients defined by 'low', 'medium’, and
'high' levels of a prognostic factr

Figure 1.3 shows the distribution of survival times for the same patients in the same study

amongst individual patients in each group defined by three levels of a PF. There is wide overlap of
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the distributions, emphasizing that levels of the PF do not accurately predict survival times for
the individual patient.
Figure 1.3: The distribution of survival times, from the same

patients in the same study is shown amongst individual patients in
each group defined by three levels of a prognostic f&ctor

Thus, prognostic models are concerned with individual predictive accuracy, which is usually
improved by using multiple PFs together. This difference between PFs and prognostic models
Is often not understood, and in particular researchers often interpret a PF as if it can be used for
making individual predictions, when this has actually not been evaluated. Note that prognostic

models are not the focus in this thesis.

1.2.4 Predictive Factors

Predictive factor studies are concerned about idgngf variables that predict treatment
response; in cancer these are known as predictive markers, though this terminology is not
wide-spread outside the cancer field. For example, breast cancer studies often investigate what

variables modify response to adjuvant hormone therapy or polychemothe®esyictive factor
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studies essentially look to detect treatment covariate interactions or treatment effects in
subgroups, often within a randomized trial design. For instance, oestrogen receptor status in
breast cancer is a predictor of responsiveness to treatment of hormonal therapy, but it contributes
little information on prognosis otherwise (i.e. it is not a PF). While progesterone receptor
status is a PF but it does not influence treatment respoBeeclearly not all predictive factors

are PFs. Predictive factors will not be discussed further in this thesis.

1.3 Prognosis Research - A Turbulent Time

Although there is continuouslylarge amount of reseagttivity, very few prognosis studies seem to
impact upon clinical practice because PF studies still have problems such as missing data,
different methods of measurements, publication bias and availability bias. Further, increasing
evidence suggests that prognosis research is often poorly desigmedy reported, and
subject to numerous biases such as selective reporting and publication bias. Hemingway et al.
outline many challenges required to improve quality and impact of prognosis research which

are now summarized below.

Purpose of the studies

Often the goals of prognosis research studies are not clear. In particular researchers often
peform a PF study and conclude it can be used to decide treatment strategies or predict
likely outcomes for the individual patients, when this has not actually been investigated. Thus
the awareness of the main goals of prognosis research and the distinction between them needs to be
better understood by prognosis researchers. There is a need to firmly establish taxonomy of the
goals and types of prognosis research. The PROGRESS initiative (a UK initiative to improve

Prognosis research) has been formed to tackle this problem, and currently distinguishes the
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four types of study as outlined in section 1.2.

Funding

There is a lack of strategic framework for funding prognosis reseaasha result many
prognosis studies have avhat’s in the freez&’ approach where existing data, often of poor
quality, is given to a junior (who may have no training in prognosis research) to data dredge for
prognostic results. This causes many probjamos least publication bias and selective outcome
reporting. Thus, there is a challenge here to guide funders to set up a strategic framework for
investment toward different types of high-quality prognosis research. This undoubtedly
requires the goals and impact of prognosis research to be better exemplified, so that funders can

clearly see the benefits.

Protocol

Protocols are a very important first step in any healthcare research project. Yet, in many
current prognosis research studies there is no pratosolthe study onset the protocol should
mention the research aims, inclusion, and exclusion criteria of patients, outcomes assessed and
the statistical analysis plan. Yet, this is often not dbighlighting again the what’s in the

freezer approach’. Thus, encouraging protocols for prognosis research should be seen as a high

priority.

Methods
Current evidence highlights poor quality in the methodology of prognosis resSédrch
Methodology can be improved by developing and using appropriate methods in study

design, statistical analysis, and reportihgin the study design the research should begin with
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a clear and well-defined research question so that their study can be designed and targeted
appropriately®; in particular prospective protocol driven studies are desired with large sample
size and adequate power. In Hollander ef #he authors showed that the choice of the
statistical methods has strong influence on the results and on the interpretation of PF studies.
So it is important to use the most reliable methods. This thesis will consider statistical

methods at the meta-analysis level.

Reportingly, there is currently a lack of sufficient information in PF study repbtihgFor
example, many important statistics are not repdrtéd(e.g. the number of patients in each
group, the number of events in each group, hazard ratios, confidesals, P-values) which

makes it hard to reliably interpret PF studies and include them in a meta-analysis (see later).

For improvement, developing generic reporting guidelines is important. A good start toward
this goal are the REMARK guidelinés These are aimed at prognostic tumour marker studies
in cancer, but are generally applicable to all PF studies in other disease, see Altffaaret al

Riley et al? for other reporting guidelines for prognosis and survival studies.

A particular problem is that researchers often look at a wide range of PFs and outcomes, but
selectively only report significant outcomes and faétorshus the researchers should have
to pre-specified PFs and outcomes for the project before starting the study; this again relates to

the need for a protocol.

1.4 Prognostic Factor Research
Section 1.2 outlined four key areas of prognostic research. From now on this thesisdocuses

the research and analysis of PFs.
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PF studies are perhaps the most common prognosis study, and they are desperately in need of
improved research standards. Current evidence shows that PF studies are generally poorly
designed, use small sample sizes, are poorly analyzed and reported, and are subject to
numerous biases including publication bias, selective reporting and biased choice of cut-off

|eve|22 2325

As briefly mentioned in section 1.2, there are many reasons why PFs are important. They can
help to: (i) identify the causal pathway (e.g. what factors are causally associated with poor
outcome); if such factor are modifiable (e.g. smoking, obesity), then clinicians can help
prevent poor outcome; (ii) identify variables to consider within prognostic models; (iii)
identify factors that may confound results in observational study and (unbalanced) randomized
trials; (iv) identify factors to consider in the design of randomized clinical trials (e.qg.
standardized randomization) and analysis (e.g. to increase power by adjusting for PFs); (v)
inform what subgroups to look at within overall prognosis studies (e.g. age imdr&matic

brain injury, so producing survival by age groups can aid patient and family counselling).

1.4.1 Types of Prognostic Factor Studies
Hayden et af’ suggest PF studies can also be called ‘explanatory studies’ as they look to find
factors associated with explaining outcomes. Hayden outlines three phases of PF studies (Phase |,

Phase Il, and Phase llI).

In Phase |, studies identify the association between a number of potential factors and
outcomes. For example, in lung cancer, a Phase | study might assess smoking status as a PF

alongside many other PFs such as age, gender, biomarker level...etc. Thus Phase | studies do not
[10]



study one specific PF but look at many PFs of interest to explore which appear associated with

outcome.

In Phase Il, studies test the independent PF value of a small number of PFs identified in Phase |
research. In other words, these studies aim to measure the independent effect of a particular
PF (or a small number of PFs) while controlling for other PFs. For example in LooK et al.

the authors aimed to measure the independent prognostic effect for uPA and PAIL after adjusted
by existing PFs (e.g. hormone receptor, lymph nodes, age) in relation to overall survival, see
Figure 1.4.

Figure 1.4: Phase II- testing the independent association of PF
adjusted by other variables
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Hayden (2007) et &P suggest Phase Il as studies atieo$e that attempt to describe the
complexity of the prognostic pathways or processes. These studies apply knowledge from the
previous phases of study on independent associations and incorporate other knowledge from the
field of study. These studies include the PF of interest, existing PFs, and other variables that
are thought to be intermediate in the pathway toward the outcome, and the outcome of interest.

Thus, Phase Il studies essentially look at the role of PFs on the causal pathway to disease

[11]



outcome. Note that the focus in this thesis is on Phase | and Phase Il PF studies. These are the
most common published PF papers in the medical literature, and look to establish whether one
or more factors are prognostic, but are not concerned with understanding the causal pathway or
whether a PF is indeed causal. Most PFs, such as age, are not actually causal themselves, but

associated with other (unknown) factors or underlying causal pathways.

1.4.2 Types of Data in Prognostic Factor Studies

PF data are either continuous or binary. For example, in breast cancer markers uPA and PAI-1
are continuous variables and hormone receptor is a binary variable. However continuous PF
variables are often dichotomized into a 'low’ and ’high’ group (e.g. uPA is often dichotomized
by choosing a cut-off poirftf”. This is not recommended because it does not maintain the
whole information of the variable, reduces power and leads to inaccurate “féulimte

that other types of data are possible for PFs and outcomes (e.g. ordinal), but the focus in this
thesis is only on continuous or binary PF data, and time until the event occur and binary data for

outcome(s).

Binary Outcome Data

Outcomes in PF studies are often binary, with two possible values (one and zero) representing
whether the outcome occurred or not (e.g. desld alive = 0). For example, in
Hukkelhoven et ai’ the authors assess the association between age (per 10 years) and 6 month
mortality (dead= 1, alive = 0) in patients with severe traumatic brain injury (TBI) using data
from 4 trials. Table 1.1 details the IPD available within Hukkelhoven®tith each patient in

each study providing their age (defined as age in years divided by 10) and whether they were

dead or alive at six monthg his database has been kindly provided by E. Steyéfferquse
[12]



in this thesis.

(N.B. a set of IPD from multiple studies often contains thousands of patients. This is the case
in Table 1.1, so for brevity | do not show all the rows of data here. Rather | use four horizontal
dashes to indicate where non-displayed rows of data occur, and these follow in a similar manner
to the displayed rows above them).

Table 1.1: IPD from 4 trials that assess whether age is a PF for six
month mortality on TBI, from Hukkelhoven et3l.

Study id Patient Age (years/10) Event(dead:= 1, alive = 0)

1 1 1.9 0
1 2 2.5 0
1 3 2.7 0
1 825 3 1
2 1 1.6 0
2 2 2.7 0
2 3 2.1 0
2 959 5.3 0
3 1 2.5 1
3 2 8.9 1
3 3 6.1 1
3 466 2.2 1
4 1 2.3 1
4 2 2.2 1
4 3 5.9 0
4 409 4 1
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Survival Data

Another common type of outcome data in PF studies is time to event or survival data. Survival
daa is the time it takes for a certain event to occur (time to event), (e.g. time to death or time to
recover from a certain disease). In the breast cancer study of Look“ethalauthors
assessed whether uPA and its inhibitor (PAl-1) are PFs. The study included 18 IPD datasets
provided by member of the European Organization for Research and Treatment of Cancer
Receptor and Bio-marker Group (EORTC-RBG), including 8837 breast cancer patients. The
association of many potential PFs (including Lymph nodes status, hormone receptor status,
menopausal status, age, uPA, PAI1) with overall survival (OS) and relapse free survival (RFS)
were assessed. The IPD from 15 studies have been kindly provided for use in this thesis by

Look et al** Data are listed in Table 1.2 for some selected PFs for the 15 studies.

PF studies are often time to event studies, as they follow patients from a baseline point (where
PFs are measured) over time until an event occurs or the study ends or the patients leave the

study, which I illustrate in Figure 1.5.

Figure 1.5: Time until the events occurs

Start follow-up TIME Evenl
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Table 1.2: Survival data for IPD from 15 studies, assessing PFs in breast cancer, Ldakeenal

Study No. Study Name Patientid OS Event(dead = 1, alive = 0) uPA PAI-1 Hormone Receptor Lymph nodes status
1 Rdam 1 13.73 0 0.81 53.85 1 1
1 Rdam 2 120.00 0 0.59 14.46 1 1
1 Rdam 2722 69.78 0 0 5.43 1 1
2 Utr 1 78.69 0 0.02 0 1 0
2 Utr 2 93.80 0 293 6.23 0 0
2 Utr 199 78.85 0 0.10 0 1 1
15 Swiss 1 31.97 0 0.65 6.90 1 0
15 Swiss 2 39.56 0 035 2.10 0 0
15 Swiss 663 55.33 0 0.58 4.50 1 1

Note that: OS is Overall Survival; uPA is Urokinase type Plasminogen activator and its inhibitor PAI-1
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The length of time from baseline to the event is called the survival time. Patients wiabd do
experience the event have a censored survival time. The type of censoring shown here is called
right censoring, where the true event occurs after (to the right of) the censoring time. Other forms
of censoring can occur, such as left censdfingut in this thesis the focus is on the right
censoring data, as this is the most common for PF studies.

Figure 1.6 Example of censored and uncensored data for 6 patients
followed over time

Patiznts
T=E Manth
A X I
T= 8 maonth I
B i Study end
|
c T= 4 Month l
X
T= 3 maonth :
0 — lost :
T=2 manth :
: — Withdrawn :
T= 12 manth |
: | Sudy end
|
i i i i | | Manth since the
2 A g 3 0 " start of the study

T: time until an eventoccurs :  X: refers to the event (death).

Figure 1.6 illustrates the experience for 6 patients followed over time. The horizontal axis
represents time since the start of the study in months and the vertical axis representsXatients
refers to the event (death). Both Patient A and Patient C are uncensored observations, as the time
of occurrence the event (death) is known. On the other hand, Patients B, D, E, and F are
censored, as the time of the occurrence of the event (death) is unknown. For example, Patient B

was recruited at month 4 but by the end of the study the event had not occurred. Patient D started
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at month 4 but he was lost to follow up after 3 months. Usually, the time of entry into the study
IS not important, and so all patients are setTo & 0 baseline point and their survival times

give the time from zero to their event or censoring.

1.5 Logistic Regression Analysis in a Single Study

Researchers of PF studies must analyse data using the most appropriate statistical methods. The
choice of statistical model depends firstly on the type of outcome, which for PF studies is
usually binary (e.g. dead / alive) or time to event (time to death or censoring) as discussed, and
this thesis focuses on these two outcome types. In the next section, | briefly consider basic
statistical models for binary data and time to event data, to set the foundation for subsequent
chapters. Note | consider here a single PF study; meta-analysis of multiple PF studies is

considered in section 1.7.2.

1.5.1 Odds Ratio

In a simple situation of a binary outcome (e.g. dead / alive), and a binary PF (e.g. Hormone
receptor), a two by two table can be constructed to look at the PF effect on outcome.

Table 1. 3: Two by two table for prognostic factor and outcome

Outcome
PF Dead Alive
Pasitive hormone receptor A b
Negative hormone receptor C d
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For example, one can calculate an estimate of the odds ratio (OR) and its confidence interval

As follows:

Odds rati(%%- (1.1)

This gives the odds of death in the positive group versus the odds of death in the negative group,
with OR value greater than one indicating a higher odds for positive patients.

The 95% confidence interval is
1 1 1 1
L‘I’l(OR) +1.96 / E+;+Z+E (12)

However, to assess a continuous PF or to allow multiple PFs to be examined together a more

advanced method such as logistic regression is needed.

1.5.2 Logistic Regression

Logistic regression is a frequently used generalized linear fipalich can be used to describe
the relationship between a set of variables and the probability of a binary dependent variable.

Specifically, it models the probability transformed by the logistic function as follows:

P(z)
_ 1
1+ e?

(1.3)

WhereP (z) is between zero and one; it is equal to zero whea —oo, and equal to one
when z = oo. The logistic function allows an S-shape such that the influenegeaoof the
probability P is minimal for low values until some threshold is reached. Then, probability

increase over a certain range of intermedmatealues, until it increases rapidly toward one
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oncez gets large enough. TheA, remains extremely close to one, see Figure 1.7 miduoel
is useful for assessing PFs becausean be replaced by a linear function of (unknown)
paameters relating to the PFs under consideration as follows:

Figure 1.38:shape for various values of z

1
P = 1.4
1 + e°<+2£(=1ﬁi X ( )
Or equivalently,
k
Ln(lfp) —x +Zﬂin- (1.5)
i=1

Where X; refers to the set df = 1to k PFs under considerations; andg; are unknown

parameters to be estimatead.denotes thén-oddsof outcome probability for patients with all

PFs equal to zero, where odds is deﬂne@iég') ﬁi gives theln-odds ratio between two

patients who differ in patient§ i by one unit, with all otheXi values (i #= i°) the same;

the odds ratio is thuexp(Bi ). So, for a binary PF such as hormone receptor (positive
negative= 0) in breast cancer, the odds ratio gives the odds of the outcome for the positive
hormone receptor relative to the odds for patients with negative hormone receptor after
adjusting for other PFs in the model. For a continuous PF such as age, the odds ratio gives the

ratio of odds for two patients who differ in age by a value of 1 unit.
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1.5.3 Application of Logistic Regression

As an illustrated example, | now apply logistic regression to one study (study 1), within IPD
provided by Hukkelhoven et &l.in order to assess the association between age and 6 month
mortality in patients with severe traumatic brain injury [Table 1.1]. Six month mortality is coded

as 1 if a patient died and O if the patient was still alive at six months. Age is the one PF of interest
here, denoted by X and it is a continuous variable. As the effect of a one year increase in age is
likely to be small, in accordance with the original authors, | coded age in years dividing by 10,
so to model the effect of a 10 year increase in age. The study includes 825 patients and 199

died. The logistic regression model can be written as follows:

Ln< Pk )zoc +B X, (16)

Where p is the probability of death at 6 months for patienThe model was fitted by using
maximum likelihood method for estimating the unknown parameters, within the STATA
package, and the results are shown in Table 1.4.

Table 1. 4: The estimation result for the age and traumatic brain injury after 6 month
for binary data

Parameters Parameter StandardConfidence Interval P-value
error Lower Upper
a -2.20 0.24 -2.67 -1.73 <0.001
B 0.31 0.06 0.19 0.45 <0.001
Odds ratio 1.36 -- 1.20 1.55 <0.001
= exp (B)
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Table 1.4 shows that increasing age significantly increases the probability of mdryafity
months. The odds ratio for two patients who differ in age by 10 years is estimated
as exp(0.31) = 1.36; which indicates that the odds of mortality increage36%, for a 10

years increase in age, with a 95% confidence interval of 1.20 to 1.55. Thus we conclude from
this analysis that age is associated with 6 month mortality, and thus age is a PF in traumatic
brain injury patients. This is a simple illustrate analysis. Extensions to nonlinear trends and

adjustment for other PFs will be considered in later chapters, within a meta-analysis setting.

1.6 Survival Analysis of Prognostic Factor in a Single Study

1.6.1 The Survival Function

The analysis of time to event data assesses the survival function, dens{¢y \abere
S(t)=P(T > ¢t) (1.7)

With P meaning probability and@ is the random variable for a patient’s survival tirfiecan be

any number greater than or equal to zef{t) is the probability that the patient survives
longer than a specified tinte For example, it = 2 years, then the survival function will be

S(2) = P(T > 2) which means the probability a patient survives lontpan two years

after the baseline point (usually diagnosis of disease). In relation to this thesis, it is of interest

to identify PFs that modif§ (t).

1.6.2 The Hazard Function

The hazard function is denoted&&) which can be defined as the instantaneous probability at
time t for having the event at that time. It can be written mathematically as follows:

Pt<T<(t+6t)|T=1t)
ot

A(t) = (lsi_r}r(l) (1.8)
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In other words, hazard function is defined as the conditional probability that the patient’s event
time T will lay in the time interval betweet andt + &t, given that the event does not occur
before timet. The hazard function is nonnegative, taking any value from® tand can start

from any value and increase or decrease over time.

The relationship between hazard function and survival function is given as follows:

S(t) =exp l— ftl(x)dxl (1.9)
Sl
At) = - l%;)) (1.10)

If the survival function is known; it is easy to determine hazard function and vice versa, for

more details see Lee et#Aland Hosmép.

1.6.3 Kaplan-Meier Survival Curves and the Log Rank Test

To estimate and plot survival curves and to compare two or more survival curves defined by PFs,

acommon approach is the Kaplan- Meier (KM) method followed by a log rank test.

Kaplan-Meier Method

The Kaplan-Meier estimatdr® % (also known as the product limit estimator) obtains a non-
paametric estimate of the survival function from the data. Suppose that a sampie of
paients are obtained from a population with survival functiie) andt, < ¢, < <

t, are the observed event times (e.g. death) whefen, as some patients may be censored.
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Let n; be the number of observations at risk at the time priat tolet d; be the number of
events occurs at timet;. The survival functior§(t) can be estimated by using Kaplan-Meier

formula which can be written as follows:

S(t) = ﬂ(n" ;i di) (1.11)

tict

As an example consider the 'Utr' study selected from the IPD of Look'&t aee Table 1.2;

this study has 199 subjects and 42 died. This dataset is divided into two groups defined by a
potential PF called Lymph node status that is either positive or negative; the aim is to assess
whether the Lymph node status has influence on the breast cancer patients.

The Kaplan-Meier graph shown in Figure 1.8 is obtained from survival estimates from
applying to equation 1.11 to the data in Table 1.2. In Figure 1.8 the estimated survival function
for the patients with negative lymph node lies completely above that for the patients with
positive lymph node, which indicates that the patients who have negative lymph node have a
more favourable survival experience (live longer). To test if there is a statistically significant

difference between the two groups, the log rank test can be used.
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Figure 1.8 Kaplan Meier curve for the positive lymph node group
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The log rank test is a large sample chi-square test, and tests the null hypothesis that the curves are
equal. It calculates the expected and observed numbers of events at each event time for each
group. For more details, see Colldft The results of the log rank test for the lymph node
status are illustrated in Table 1.5. It gives a P-value<di.01. This indicates statistically
significant evidence that there is a difference between the survival curve for positive and
negative Lymph node status, thus lymph node status appears to be a PF in breast cancer.

Table 1. 5: Log rank test results and P-value for the equality of positive
and negative lymph node status for all Utr study

Lymph node status  Observed deaths Expected death
Negative lymph node 15.00 25.44
Positive lymph node 27.00 16.56
Total 42.00 42.00

P-value <0.001
chi2(1)=10.91
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As a log rank test is a hypothesis test, it does not estimate the difference in survival or the
difference in event risk between groups, but this can be addressed by calculating a hazard

ratio and using Cox proportional hazard models, as now described.

1.6.4 Hazard Ratio
Thehazard ratio is the effect of an explanatory variable (PF) on the hazard or risk of an event. It
compares the (instantaneous) risk of an event in one group relative to the risk in anoti€r group

% An estimate of the hazard ratio can be obtained from the log rank test as follows:

_ O/Ey
OZ/EZ

HR (1.12)

Where 0, and0, are the observed number of the event in each grdyyp;andE, are the
expected number of events. Applying to our example, the hazard ratio can be calculated from

Table 1.5 as follows

_15/25.44 _ 0.5896
~27/16.56  1.6304

= 0.361 (1.13)

Thehazard ratio of 0.361 indicates that the risk of death into negative lymph node group is
0.361 times (36% of the risk in the positive lymph node group).

The confidence interval for the hazard ratio can be calculated as follows:

exp[In(HR) £+ 1.96 X s.e. (In (HR))] (1.14)
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where:

1 1
s.e.In(HR) = E—+E— (1.15)
1 E2

Applying to our example the confidence interval for hazard ratio is calculated as follows:

=1/0.099 = 0.315 (1.16)

s.e.In(HR) = \/2544-}_1656_

exp[In(0.361) + 1.96 x (0.315)] (1.17)

So we are 95% confident that the hazard ratio lies between 0.20 and 0.67, which does not
include the null value of 1 which confirms the significant result that we obtained from the log

rank test.

1.6.5 Cox Proportional Hazards Model

A more flexible way to estimate the hazard ratio (HR) that allows continuous multiple PFs to
be considered is a Cox proportional hazard model, which is the most commonly model for

analysing survival data. It is expressed as follows:
A(t) = Ay (£) eZicaBi i (1.18)
Whee A(t) the hazard iat timet, x; is an explanatory variable (i.e. a Pk)indicates the

nunber of the variables, antl, (t) is the baseline hazard for patients with values equal to

Zero.
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The Cox proportional hazard model and indeed the log-rank test assume that the hazard ratio is
constant over time. In other words, suppose that there are two hazards for two patients who differ

in just x; by one unit, and then the hazard ratio can be calculated as:

AL X 4D Ay Dexp[fi(X +1)] .
HR = Xy Ao(t)exp[ﬁl X1] =exp [f1 ] (1.19)

From the previous equation, it can be seen that the baseline hazard function for the two patients
is cancelled out of the formula and the net result does not centidaas the hazard ratio is a

constant over time.

The Cox proportional hazard model is a semi-parametric model, this means thig(thés an
unknown function and is left unspecified. The model can be estimated by using maximum
likelihood estimatiorof the partial likelihood to give parameter estimates denotég} assee

Hosmer et &P. The partial likelihood is given as:

exp[X] ﬁ “
l 1.20
)= an;eR(q) exp[X{ B] (120)

where the summation in the denominator is over all subjects in the risk set a; fidenoted

by R(t;), ¢; = 1 for uncensored observations, = 0 for censored observationk, is the
number of PF’s for subjeétdenoted by the vectof ; = (xi1, Xi2, Xiz, .- .. ,Xir)- This vector

could include any types of PF's (e.g. continuous PF, dichotomized PF). By taking the
logarithm for equation 1.20, the value Bfcan be found by taking the first derivative with
respect tog, equalling the equation to 0 and solving it; theéaraze of thg? can be calculated by

the same manner, by taking the inverse of the negative of the second derivative of the log partial
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likelihood with respect to @and equalling the equation with 0 and solving at,rhore detail see

Homser et af?

1.6.6 Test of Proportional Hazard Assumption
The assumption of Cox proportional hazard model is that the hazard ratio is constant overtime.
There are many methods to test the assumption of Cox proportional hazard*mbhkeltwo

common of these methods are as follows:

— Ln — Ln Survival Curve
This is a graphical technique which allows comparing estimgtéd(—I[n)) survivor curves

over different categories of PFs. Parallel curves, say comparing positive with negative lymph
nodes status, indicate that the Cox proportional hazard assumption is satisfied, for more de-
tails, see Kleinbaum et 4. Applying to our example for ‘Utr' study, thé—In(—In))

suwival curve for positive and negative lymph nodes for 199 patients is shown as follows:

Figure 1.9: —In(—In) survival curve for lymph node
status for all subjects in Utr study
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It can be seen from Figure 1.9 that the assumption of Cox proportional hazard model

appears reasonable because the two curves are parallel. Netét{atn) survival curve is only
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valid to check the Cox regression assumption for the categorized PF; in particular, it cannot be
applied with continuous scale PF. The approach of goodness of fit test (e.g. Schoenfeld
residuals) can be used to check the proportional hazard assumptions for the continuous PF (see

below).

The Goodness of Fit Test Approach

The most common test uses Schoenfeld residuals, which is proposed by Shbdfdeldach
PF in the model, Schoenfeld residuals are defined for every subject who has an event. The

estimator of the Schoenfeld residuals for tffesubject on th&'" PF is given as

= ¢ (X — Xyy,) 1.20)

where

YjeRr(t) Xjk exp[Xj B]

Xy, = (1.22)

YjeR(t;) eXP[XJ,B ]

Grambsh and Therne&usuggest scaling the Schoenfeld residuals by an estimator of the
covariance matrix of the estimated coefficients by the number of events (i.e. the observed
number of uncensored survival time3, yields residuals with greater diagnostic powentthe
unscaled residuals. Thus, the approximate scaled Schoenfeld rédideatgven as :

T = m Var (B)fy (1.23)
where 7, can be obtained from equations 1.21 ¥ar{) can be calculated from equation 1.20

asmentioned before.

Consider a Cox proportional hazard model with two PFs: uPA and lymph node status. Then,
there are two Schoenfeld residuals defined for each subject who has an event, one for each of the
two PFs. If the proportional hazard assumption holds for a particular PF, then the Schoenfeld

residuals for that PF will not be related to survival time. The P-value is used to decide whether
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the proportional hazard assumption holds. If the P-value is less than certain values (say 0.10),
this provides evidence that the proportional hazard assumption does not hold. Furthermore, the
graphs of Schoenfeld residuals against survival time can be used to check the adequacy of the
proportional hazards model. The presence of certain patterns in these graphs may indicate
departures from the proportional hazards assumption, while extreme departures from the main

cluster indicate possible outliers or potential stability problems of the model (see below).

1.6.7 Example of Cox Regression Analysis with Multiple PFs

To illustrate the use of Cox regression model for multiple PFs, two PFs within Loo¥K eteak
selected from the ‘Utr’ study (uPA and lymph node status) as mentioned before; uPA is a
continuous variable and lymph node status is a dichotomous variable (positive hormone receptor

=1 and negative hormone receptor = 0). A Cox proportional hazard model is fitted as follows:
A(t) = Ag(D)exp[B, - uPA + B, - lymphnode] (1.24)

The goodness of fit test using Schoenfeld residuals was used to check the assumption of the
proportional hazard model which gave P-value of 0.32 and 0.95 for the uPA and lymph node
factors respectively. Note that each of those P-values test the assumption for one variable given
that the other PFs are included in the model. For example, the P-value for uPA (0.32) assesses
the proportional hazard assumption for uPA, assuming the proportional hazard assumption is
satisfied for lymphnode status. As the P-value for the two PFs is greater than a certain value
(0.10), this indicates no significant evidence against the proportional hazard model assumptions.
Figure 1.10 and Figure 1.11 illustrate the scaled Schoenfeld residuals for uPA and lymph nodes

PFs as follows:
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Figure 1.10The scaled Schoenfeld residuals for the uPA
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It can be seen from Figure 1.10 that the horizontal axis represents the time and the vertical axis
represents the scale Schoenfeld residuals for uPA. The assumption of the Cox proportional
hazard model is acheived for the uPA as a continuous variable; this is because there is no a

strong trend between the Schonfield residuals and the original time.

Figure 1.11: The scaled Schoenfeld residuals for the lymph node
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Figure 1.11 shows the scaled Schoenfeld residuals for the lymph node status as a binary PF.
There are two bands of residuals for the dichotomous lymph node PF. The upper band
corresponds to subjects with positive lymph node (np=1) and the bottom one to those with

negative lymph node (np=0). As can be seen from the graph, there is no a strong trend between
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the scaled schonfeld for the lymph node status as a PF and the original time, whether when the

lymph node status is positive or negitave.

After verifying the proportional hazard model assumption, the Cox proportional hazard model
estimates are shown in Table 1.6. Both uPA and lymph node appear to be PFs. For example, the
hazard ratio for lymph node status means that the patients with positive lymph node have a 2.23
times higher death risk than those with negative lymph node status throughout the study period.
Also, the confidence interval for the hazard ratio for lymph node PF does not include one which
means that the hazard ratio is statistically significant and this is confirmed by the P-value which

is 0.006.

Table 1. 6: Cox proportional hazard estimates for all subjects in Utr study

Variables uPA Positive Lymph nodes
Hazard Ratio (HR) 1.21 2.23
Standard Error of In(HR) 0.12 0.65
Confidence Interval (95%) 1.01-1.46 1.27-3.94
P-value 0.05 0.006

1.7 Systematic Reviews and Meta-analysis of Prognostic Factor
Studies

1.7.1 Systematic Reviews

Systematic reviews are considered as an essential tool in health care research because they
greatly facilitate evidence-based clinical practice and healthcare policies. Systematic reviews
seek to identify, collate and appropriately summarise the existing evidence on a particular topic
from published and unpublished existing research studies. The whole process is done
systematically, so that the review process is transparent and reproducible. The review allows

overall evidence-based conclusions to be formed and helps to identify the questions to be
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addressed in future primary studies. They are practically crucial for identifying PFs, as numerous
research studies exist for each PF and many have conflicting results. Evidence based guidelines

for each PF are highly desirable, and indeed essential.

Numerous systematic reviews of PFs exist. For example, in Falagas* ¢telauthors did a
systematic review by searching in Medline and PsycINFO database to examine the effect of
psychosocial factors (e.g. social support, marriage, depression and constraint emotions) on the
survival of breast cancer patients. They identified 31 studies examining the association of
various psychosocial parameters with overall breast cancer survival. They found 25 of the 31
studies showed a statistically significant association between at least one psychosocial variable
and disease outcome and 6 studies examining whether psychological intervention influences the
disease outcome. In particular, they found that social support, marriage have a positive effect on
breast cancer patients; while depression and constraint of emotions have a negative effect on the

breast cancer survival.

1.7.2 Meta-Analysis using Aggregate Data

Meta-analysis is a statistical analysis that combines results from multiple individual studies on
the same topic. It is often applied as part of the systematic review to provide a quantitative
summary of the evidente Typically meta-analysis seeks to estimate the average value of an
effect of interest across studies, such as the prognostic effect of a particular factor. To do this, it
iIs common to extract and combine relevant aggregated data from the identified studies. For a
meta-analysis of PFs the choice of aggregated data are usually the odds ratio or the hazard ratio,
alongside some measure of their uncertainty (e.g. standard error or confidence interval). These
are combined across studies, using an appropriate meta-analysis model, to estimate the average

effect size across studies.
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Fixed-effect Approach

A fixed-effect meta-analysis assumes that there is no heterogeneity in the effect size across
studied®. In other words, it means that the true effect size in all studies is the same. For PF
studies this means the true PF effect (i.e. hazard ratio or odds ratio) is the same in each study.

The fixed-effect model can be written mathematically as follows:

~

Bi=PB+e
ei~N(0'Si2)

where g; is the effect estimate in study(e.g. log hazard ratiof? is the known variance o
(assumed known); is the fixed effect sizeg; represents the sampling error for each study and
i=1,2,....,k represents the number of studies to be combined.nfdir goal of the meta-
analysis is estimating the fixed-effect szeOne method to achieve this is the inverse variance
method, where each study estimate is given a weight inversely proportiofal Thus, the
paameters which represents the pooled effect size of the sfjdlé estimated as:

B =T (1.25)

T wi

Wherew; = Siz refers to the weight for each study. This is the maximum likelihood estimate

which minimizes the variance gf The variance of is found by (Borenstein et &):

1
k
Zi:lwi

Var(p) = (1.26)

The confidence interval for fan be written as:

B +1.96 x /Var(ﬁ) (1.27)
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For ratio measures such as the hazard or odds, it is best to apply the meta-analysis on the natural
log scale as this will be more symmetric and approximately normal; to convert back to the
original scale one can take exponentialfofind the exponential of the confidence interval in

1.25 and 1.27.

Random-effects Approach
In the medical literature, often there is no heterogeneity among studies. Studies often differ in
their design, clinical and patients characteristics, methods, analysis...etc. This may cause the
effect of interest to vary across studies. As a result a random-effects meta-analysis method will
be more approachable, as this estimate show the true effect size vary across studies. Let the
notation be as before, with additionafy the true effect size in thé" study. The random-
effects model can be written as follows

Bi=0; +e

=B +u +e; (1.28)

where u;~N(0,7%) and e;~N(0,S?). In particular,u; represents the difference between the
study specific effect siz®; and the average study effect sizee; is the sampling error in each

study, with known variancé?, andt? is the between study variance. For more clarification, the

total variance of each; around £ can be written as:
Var(f;) = 12 + S? (1.29)

It can be seen from equation (1.29) if the between study variance is zero, then the random-effects

model will reduce to the fixed-effect model.

There are a number of different methods to estimate the random-effects model, for whigh both

andt? must be estimated. For example, restricted maximum likelihood can be used to iteratively
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estimate both zandp simultaneously. Else a method of moment estimaté afin be obtained,

using the Dersimonian and Laird metti8d

. — (k-1
22 = &k (1.30)
U
K. Bi)?
whereQ is the value of heterogeneity test statistic, caked as) = Y'¥ , w;5? — (Zg,i—w‘f‘) k
i=1 Wi

2
Is the number of studie$] = (k — 1)(w — iLW), wherew andS2 are the mean and variance of

n Wi

the weights from thé studies respectivelyy = ¥, - andSz2 = i(ﬂ‘ﬂ w? — kw?), then

the pooled valuef and its variance can then be estimated

by

k
i=1%i

~ k Bk
zéizmﬁtvy (1.31)

The maximum likelihood solution with the study weighs = T

1

The variance is estimated Har(f) = ST and confidence interval as in equation 1.27. The

i=1"1
random-effects confidence interval will be wider than the confidence interval for the fixed-effect

method because the between study variance is accounted4os if).

The random-effects method is usually more preferable for PFs studies, as heterogeneity usually
exists. PF studies often differ in quality, types of participants, methods of measurement, and
choice of statistical techniques (e.g. cut offs, analysis methods, length of follow up, adjustment

factors) amongst other factors that create heterogeneity.

The I? statistic is a tool for measuring heterogeneity. Thestatistic assess the extent of
heterogeneity in a meta-analysis. Higgins ef’ainterpreted/?, as percentage of the total

variability in a set of effect sizes due to between study heterogeneity. For exEnpl&0%
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means that half of the total variability among effect sizes is caused by between study

heterogeneity .

Higgins and Thompso# tentatively proposed a guideline for interpertating the magnitud® of
as 25% means low heterogeneity, 50% means medium heterogeneity, and 75% means high

heterogeneity.

Note that under the fixed-effect model, as mentioned before, the true effect size for all studies is
assumed to be identical, and the only source of uncertainty is the within study error (sampling
error). By contrast, under the random-effects model, the true effect size across studies is
different, because there are two sources of variation. So, in a random-effects model ff PFs,
gives the mean effect size from the distribution of effect sizes across studies. Traditionally,
random-effects meta-analysis focuses on the summary effeq® simd its confidence interval.

But this says nothing about how the true effects in each study are distributed about the mean
effect. To address this, Higgins et*alsuggest calculating a 95% prediction interval for the

effect in new study as follows:

" g 1.96 /fz + Var(B) (1.32)

where, as mentioned before, is the mean effect gizas the estimate of the variance of the

true effect sizes, andar(f) is the variance of.

1.7.3 Meta-Analysis Examples
As mentioned, Hukkelhoven et Blassess the effect of age as a PF for severe traumatic brain

injury and they obtained IPD data for four trials.
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Table 1. 7: Qlds ratio and standard error estimates for logistic regression for the four
trials

Trial Odds ratio Coefficient Standard error of In
number (Ln (Odds ratio)) (Odds ratio)
Trial 1 1.364 0.310 0.064

Trial 2 1.302 0.262 0.050

Trial 3 1.456 0.375 0.053

Trial 4 1.388 0.328 0.085

Table 1.7 gives the odds ratio estimates for each study, for two patients who differ in age by 10
years and the standard error of the In (odds ratio) as obtained from a logistic regression model

including age as a linear prognostic effect in each study separately (see equation 1.6).

Table 1. 8: Meta-analysis estimates for fixed-effect and random-effects meta-analysis applied to
the TBI data of Hukkelhaven et al. assessing whether age is a PF of 6 month mortality

Ln odds ratio (OR) 95% ClI for OR 95% Cl for OR

(Ln OR)
Fixed-effect 0.32 0.26 — 0.37 1.37 1.29 — 1.45
Random-effects 0.32 0.26 — 0.37 1.37 1.29 — 1.45

p < 0.01 (for the model)
12 = 0 andp = 0.492 ( from Q test for heterogeneity)

Table 1.8 gives the parameter estimates when fitting a fixed and random-effects model, using
maximum likelihood estimator using the STATA 'metan’ comriand As there is no
heterogeneity between studig€$? = 0%), the fixed-effect estimate is the same as random-
effects estimate (1.37), which means that the odds of mortality by 6-months increases by 1.37
times as a result of increasing age by 10 years. The confidence interval does not include one,
which indicates that there is a significant relationship between age and outcome (6 month

mortality), i.e. age is a PF.
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Figure 1.12: The forest plot for fixed-effect of meta-analysis of the four TBI
studies

The results of the odds ratio for the TBI IPD data

%
ID n ES (95% CI) Weight
1 825 —-— 1.36 (1.20, 1.55) 21.30
2 959 _.,__ 1.30 (1.18, 1.43) 35.14
3 466 —-— 146 (1.31, 161) 31.40
4 409 —*— 1.39 (1.17, 1.64) 1215
Overall (l-squared = 0.0%, p = 0.492) <> 1.37 (1.29, 1.45) 100.00

T T = T
861 B 1 132 1.64

Figure 1.12 gives the forest plot for this meta-analysis. The black dots represent the study effect
estimates and the horizontal line represent their associated 95% confidence interval. The centre
and width of the diamond give the estimate and 95% confidence interval of the odds ratio
respectively. The homogeneity in this example is unusual for PF meta-analysis, but perhaps
arises from the four TBI studies all being trials. Usually, PF studies are observational studies that
are less well designed and will have heterogeneity. An example of this for the LooK &t al.

shown in detail in chapter 3.

1.7.4 The Problems of Meta-analysis of Prognostic Factor Studies using
Aggregate Data

Though meta-analysis of PF studies are clearly desirable, unfortunately there are many problems

for the approach, which are briefly described below

Difficulty of Identifying Relevant Publications
Due to a lack of taxonomy, it is difficult to search for PF studies. PFs are termed prognostic

markers, predictive markers, and prognostic variables, amongst many othef’nEméser,
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individual PFs often have multiple names themselves, like NMYCN, N-MYC, MYCN in
neurosblastom®. There are currently no standards for conducting a literature review and search

of PF studies.

Publication Bias and Other Sources of Bias

Publication bias is considered as one of the biggest problems in PF studies. It occurs when the
results of PF studies do not give statistically significant or clinically valuable findings, and so are
not published. Furthermore, other dissemination bias problems may exist such as: (i) non-
statistically significant or negative results may not be reported in as much detail as significant
results™; (i) there may be outcome and sub-group reporting?}hidii) language bias, where
non-english studies are only written-up in English if they are signifféaamd (iv) the biased

choice of optimum cutoff point (for dichotomizing continuous PFs) which researchers often

choose to produce the most significant résult

Poor Primary Study Design

Currently, many published primary studies do not have a protocol, are not designed properly, and
are of poor quality. For instance, there is no prior specification of the PFs to be investigated; no
sample size calculation; and no adjustment for other PFs. Also, due to poor reporting; it is often

hard to distinguish good quality and bad quality PF stédies

Inadequate Reporting of the Methods

The general standard of reporting primary PF studies are inad&qtiakor example, there is

often insufficient information reported about the statistical analysis (e.g. what is the statistical
model that used, how the assumptions were checked); basic information such as the number of
patients and events in the groups defined by marker level are often not provided; the inclusion

and exclusion criteria may not be clear or given and results such as hazard ratio, confidence
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interval and P-value are often missing or partially reported. As a consequence, not all of the
available PF studies can be incorporate in a meta-analysis of aggregate data, which may cause

bias and inefficiency.

Heterogeneity

Heterogeneity is one of the most common problems in meta-analysis of PF studies. For example,
there is often great diversity in the choice of the cut-off points that used to dichotomize the
continuous PFs (e.g. age) across studies; the choice of adjustment factors; the stage of disease;
the type of treatments; the methods of measurement; among many other factors. Heterogeneity
across studies can limit the interpretation of meta-analysis results, especially when the direction

of PF effect appears inconsistent across stfftlies

For such reasons the aggregate data approach to meta-analysis of PFs has been criticized anc
often only serves to show problems. This has been shown in numerous existing reviews of PFs
*#and discussed in many commentaie§o help overcome the issues, an alternative IPD

approach has been champior&d

1.8 Individual Patient Data versus Aggregated Data

An IPD approach to meta-analysis utilizes the raw data for each individual study, rather than the
available aggregated data. Example IPD for PF meta-analysis was shown in Table (1.1) and
(1.2). IPD can potentially overcome many of the problems discussed in section 1.7.4; for

example, it allows one 15>° %3

» Use consistent inclusion and exclusion criteria across studies, and if appropriate reinstate
individuals into the analysis who were originally excluded. For example in Look et al.
dataset one could study uPA after adjusted or grouped by hormone receptor for all 15

studies.
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Observe and account for missing data at the individual-level.

Verify results presented in the original study publications (assuming IPD provided can be
matched to that IPD used in the original analyses).

Use up-to-date follow-up information, which is potentially longer than that used in the
original study publications.

Identify those studies which contain the same or overlapping sets of participants.

Calculate and incorporate results for those missing or poorly reported outcomes and
summary statistics across published studies; it may thus reduce the problem of selective
within-study reporting.

Calculate and incorporate results for unpublished studies; it may thus reduce the problem of
publication bias.

Standardize the strategy of statistical analysis across studies (e.g. the analysis method, how
continuous variables are analysed, the time-points assessed etc) and use more
appropriate/advanced methods where necessary.

Assess model assumptions in each study, such as proportional hazards in Cox regression
models, and model complex relationships like time-dependent effects.

Produce estimates adjusted for existing PF, where previously only unadjusted estimates
were available; this may increase statistical power and allow the independent prognostic
ability of a factor to be identified.

Adjust for a consistent set of PFs across studies.

Obtain meta-analysis results for specific subgroups of participants across studies (e.g. those
receiving a particular treatment, those with a particular stage of disease), and assess
differential PF effects across individuals; this facilitates individualized or stratified

estimates, and can help reduce observed between-study heterogeneity.
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An IPD meta-analysis is not without its disadvantdggs® In particular, it is known to be
resource intensive, as substantial time and costs are required to contact study authors; obtain
their IPD; input and 'clean’ the provided IPD; resolve any data issues through dialog with the
data providers; and generate a consistent IPD format across studies. For example, in 2002 the
IPD meta-analysis of loannidis et®alrequired 2,088 hours for data management, with 1000 e-
mails exchanged between study collaborators and the data managers. The required cost and time
will clearly vary depending on the complexity and number of studies inv8IVRdt such factors

need serious consideration before embarking on an IPD meta-analysis or when applying for grant
income. In particular, resource requirements must be considered for both the team conducting the
IPD meta-analysis and the original study authors themselves; the latter are often neglected but
they are crucial to the success of the project and will often commit many hours 'cleaning' and

updating their data, and resolving ongoing queries.

1.9 Statistical Methods for IPD Meta-Analysis

As for any meta-analysis, an IPD meta-analysis aims to summarise the evidence from multiple
related studies regarding a particular clinical question, such as whether a factor is prognostic. It
seems sensible the statistical implementation of an IPD meta-analysis to preserve the clustering
of patients within studies, and not analyse the IPD as if all coming from a single study (although
this has not been explicitly shown, see chapter 4 and 5). This can be achieved using a 'one-step’
or a 'two-step' approath In the ‘two-step' approach, the IPD are first analysed separately in
each study using an appropriate statistical method for the type of data being analysed; for
example, for binary outcome a logistic regression model might be fitted, or for time-to-event
data a Cox regression might be applied. This produces aggregate data for each study, such as the

PF effect estimate and its standard error; these are then synthesized in the second step using &
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suitable model for meta-analysis of aggregate data, such as one weighting by the inverse of the

variance whilst assuming fixed or random PF effects across studies (see section 1.7).

In the 'one-step’ approach, the IPD from all studies are modeled simultaneously whilst
accounting for the clustering of participants within studies; this again requires a model specific
to the type of data being synthesized, alongside appropriate specification of the meta-analysis
assumptions (e.g. fixed or random-effects across studies). Detailed statistical articles regarding
the implementation and merits of 'one-step’ and 'two-step' IPD meta-analysis methods are
available; for example, see Turner et &l. Higgins et af’ and Whitehead et &.. The
approaches have been shown to give very similar results, particularly when interest lies in a
single treatment effect estim&tethough this has not been considered in much details for PFs

(see chapter 4 and 5).

One-step IPD meta-analyses more conveniently require only a single model to be specified, but
this may increase complexity for non-statisticians and requires careful separation of within-study
and between-study variabilfyy Two-step IPD meta-analyses are clearly more laborious, but in

the second-step they allow traditional, well-known meta-analysis techniques such as those used
by the Cochrane Collaboration (e.g. inverse-variance fixed-effect or random-effects approach;
Mantel-Haenszel method). Importantly both ‘one-step’ and ‘'two-step’ IPD meta-analysis
approaches produce results to inform evidence-based practice, such as the pooled PF effect
across studies and how the PF effect is modified by study-level characteristics (e.g. treatment,
study location) and patient-level characteristics (e.g. age, stage of disease). IPD meta-analysis

models (‘one-step’ and ‘two-step’) will be considered in details in chapters (4), (5) and (6).
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1.10 Aims and Outlines of the Thesis

An IPD meta-analysis is clearly a desired approach to evidence synthesis of PF studies and
considered the best way to facilitate evidence-based use of PFs in health care. As mentioned, in
this thesis | have two large IPD meta-analysis datasets available, which | will use to explore
these advantages further. However, IPD does not necessarily overcome all the problems of PF
meta-analysis such as poorly designed studies, missing patient data, and different methods of
measurements. There has also been little methodological or empirical research of how to conduct

an IPD meta-analysis of PFs, and this thesis aims to address this.

My research in this thesis begins in chapter (2) with a systematic review to collate existing IMPF
articles and examine a sample of these in detail to identify the current advantages and problems
of the IPD approach. This allows me to form an appropriate research agenda to motivate the
subsequent research in this thesis to overcome the problems identified. In chapter (3) I then show
some real examples of why the IPD approach is preferred to an aggregated data approach from
the statistical prospective, using the provided IPD in breast cancer. At the same time, this allows
me to illustrate some of the problems identified in chapter (2) that need to be addressed by
further research. In chapter (4) | develop possible IPD meta-analysis models according to
whether a one-step or two-step meta-analysis approach is used; whether the model accounts for
the clustering of patients within studies; and whether the model accounts for the residual
variation for the same values of a PF in each study. In Chapter (5) | then use a simulation study
to investigate further three models of IPD meta-analysis that have been developed in chapter (4),
to investigate and examine whether we should ignore the clustering of patients within-studies
and which is the best approach (one-step or two-step). In Chapter (6) | investigate what we
should do when the continuous PF does not exhibit a linear prognostic effects; in particular | use

a fractional polynomial approach to overcome this problem and fit possible fractional

[45]



polynomial IPD meta-analysis logistic regression models by using one-step and two-step
approaches. In chapter (7) | consider the potential problem of small-study effects and availability
bias that may arises in IMPF; in particular, | review IMPF articles and extract forest plot

statistics to allows small-study effects to be examined using funnel plots, cumulative meta-
analysis, statistical tests and adjustment methods. Finally, in chapter 8 | conclude with a

summary and discussion of the key findings of this thesis with suggestions for further research.
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CHAPTER 2

A REVIEW OF EXISTING META-ANALYSIS OF
PROGNOSTIC FACTOR STUDIES USING IPD

2.1 Introduction

As discussed at the end of chapter 1, an IMPF has many potential advantages over the aggregate
daa approach, but it will have its own challenges and potential pitfalls, and may not solve all the
problems of conducting meta-analysis of PFs. In this chapter | will undertake a systematic
review to identify IMPF articles in the published medical literature. The aim of this review is to
identify how common the IPD approach is; to assess the trend in it application over time; and to
critically examine a random sample of IMPF studies; in particular, to examine how an IMPF is
conducted (e.g. how IPD are obtained, how statistical analyses are performed etc.) and to
evaluate how IMPF projects are reported. The latter is particulary important to establish the
current state of the field and to identify common challenges and problems to motivate the
remainder of the thesis. The methods and results of the systematic review are described in the

next two sections followed by some discussion and the rationale for remaining chapters.

2.2 Methods of the Review

2.2.1 Identification of General IPD Meta-analysis Articles

It was deemed very difficult to identify IMPF articles dire@lydue to the huge variety of
disease fields, inconsistent nomenclature (e.g. 'predictive’, 'prognostic’), and numerous types of
PFs (e.g. genes, tumor markers, chromosomes, biomarkers, clinical characteristics etc). So, to
identify IMPF studies, a wider search was initially undertakeramgrtype of IPD meta-analysis

articles (i.e. IPD meta-analysis articles in PF and non-PF settings).
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An existing database of IPD meta-analysis articles were available from Riley etttk
contained 199 articles identified from January 1992 to the week 24 of 2005, and these were

included in my database. To update this database, | also searched Medline, Embase and the

Cochrane Library from th&” Jan 2005 to March 2009 using the same search strategy as Riley et
al>* see Table (2.1). | also searched Google crudely using ‘Individual Patient Data Meta-

analysis', to check for any omissions (Figure 2.2).

Articles must have reported an IPD meta-analysis to be included in my database, that synthesized
IPD across multiple studies or collaborative groups. Note that these articles did not need to be
part of a systematic review, as often IPD meta-analysis is done on a 'convenient' set of IPD
available from collaborators. There was also no restriction on included articles according to type
of studies being synthesized (e.g. randomized trials, observational studies,...etc). However,
methodological articles that reported an IPD meta-analysis to demonstrate their methods were
excluded, as were articles reporting single multi-centre trials. The abstracts of all articles
identified by the search were read by me and then classified as either 'yes', 'unsure’, or 'no'.
Richard Riley double checked for all articles which | classified as 'yes' or 'unsure', and checked
10% of the ‘no’ articles. Any discrepancies were resolved by discussion. A final decision on the

'no abstract’ articles was made after obtaining the full paper.
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Table 2. 1: The search strategy used to identify articles in Medline, Embase, and the Cochrane

Library
1.(individual patient $ adj6 data.ti.ab.)
2.(individual patient $ adj6 report$.ti.ab.)
3.(individual patient $ adj6 outcomes$.ti.ab.)
4.(individual patient $ adj6 levels$.ti.ab.)
5.(individual patient data.ti.ab.)
6.(ipd.ti.ab.)
7.(individual subject$ adj6 data.ti.ab.)
8.(individual subject $ adj6 report$.ti.ab.)
9.(individual subject $ adj6 outcomes$.ti.ab.)
10.(individual subject $ adj6 levels$.ti.ab.)
11.(raw patient $ adj6 data.ti.ab.)
12.(raw patient $ adj6 report$.ti.ab.)
13.(raw patient $ adj6 outcomes$.ti.ab.)
14.(raw patient $ adj6 levels$.ti.ab.)
15.(raw subject$ adj6 data.ti.ab.)
16.(raw subject $ adj6 report$.ti.ab.)
17.(raw subject $ adj6 outcomes$.ti.ab.)
18.(raw subject $ adj6 levels$.ti.ab.)
19.idiopathic.ti.ab.
20.(immediate pigment darkening).ti.ab.
21.(intermittent peritoneal dialysis).ti.ab.
22.(invasive pneumococcal disease).ti.ab.
23.(indirect photometric detection).ti.ab.
24 (interaural phase disparity).ti.ab.
25.01/1-1¢
26. 0r/19-24
27.25 not 26

2.2.2 Identification of IPD Meta-analysis of Prognostic Factors (IMPF)
Articles

Using the database of all IPD meta-analysis articles, | then read each one to classify articles as
IMPF, not IMPF or 'unsure'. Double checking of all classification was again done by Richard

Riley, and any discrepancy resolved via discussion.

Recall that - as outlined in chapter 1 - in this thesis | define a PF study to be an assessment of
whether one or more factors measured at some point from diagnosis of disease (or onset of some
health condition) are associated with some future outcome. Thus, to be relevant in this review,
the IPD meta-analysis article must relate to a synthesis of such studies. | call such articles IMPF
articles, other IPD articles that were not mainly focused on evaluating PFs were not deemed
relevant. For example, studies with a primary objective to assess a treatment effect were
excluded, even if they adjusted for PFs. Similarly, so-called predictive factor studies, which

mainly focus on identifying factors that predict response of treatment, were also excluded.
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Studies that sought only to develop a prognostic model (and not to evaluate PFs themselves but
rather the performance of the model) were also excluded. If studies sought to establish the
prognostic effect of one or more factors, and also later developed a prognostic model, they were
included. Note that PF studies relate to outcomes in patients with an existing disease, or health
condition, (see Hemingway et Zl.whereas aetiological studies start with patients without
disease and look to identify risk factors for onset of disease. IPD meta-analysis of such

aetiological studies were excluded, though a record kept of how many such articles existed.

2.2.3 In-depth Evaluation of Recent IMPF

Following the identification of IMPF articles, | performed an in-depth evaluation of those IMPF
articles published from 2006 to 2009 inclusive. A data extraction form was developed, which
included 58 questions covering five aspects of the rationale, conduct, analysis, design and
reporting on the IMPF. Figure (2.1) gives a brief summary of these questions, for the full list of

the questions, see Appendix A.

| also catalogued all the issues noted within each article that hindered the IMPF to generate

priority research ideas for the rest of this thesis.
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Figure 2.1: Summary of the data extraction from involving 58 questions, which was used
to extract information about the 20 IMPF articles examined in details

Aims and initiation: This section investigates the aims for the IMPF articles, the
location for the first author and whether there was mention of a project protocol and
ethics approval.

Process of obtaining IPDThis section examines how researchers identified relevant
primary studies (e.g. systematic review, coalition of research groups); how they
decided which studies to seek IPD from; the process of obtaining IPD; and problems
encountered.

Details of IPD obtained:this section points out to the proportion of studies providing

IPD; the total number of patients in the IPD; whether the number of patients and
events were reported for each IPD study; whether there was any missing data
problems; and whether there was variability in how prognostic factors were measured.

Type and quality of IPD studiesthis section highlights the information about the
design (e.g. cohort, randomised trials) of studies providing IPD; whether they were
published or unpublished; and whether they were assessed for their quality and, if so,
how.

Statistical methods usedhis section examines whether a statistical methods section
was provided; the statistical models used in the meta-analysis (e.g. Cox regression,
logistic regression); and how some specific statistical issues were addressed (such as
clustering of patients within studies; between-study heterogeneity in PF effects; and
the analysis of continuous PFs).

Assessment of publication bias and availability biakis section highlights if and
how researchers examined the potential impact of publication bias (studies
unpublished due to non-significant prognostic results) or availability bias (studies
providing IPD are a biased portion of the studies from which IPD was desired) in their
meta-analysis.

Adherence to reporting guidelinesAs a crude measure of adherence to reporting
guidelines for meta-analysis, we recorded how many of the articles referenced the
reporting guidelines of either MOOSHr QUORUM™.

Limitations and challenges of an IMPF:We catalogued all the problems that
hindered the IMPF approach as reported by the researchers
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2.3 Results

This section documents the findings of the review in three stages: the first stage summarizes the
classification ofany type of IPD meta-analysis and looks at their trend over time; the second
stage summarizes the classification of IMPF articles and assesses their trend over time; and the
third stage describes the findings from the in-depth examination of IMPF articles from 2006 to

2009.

2.3.1 IPD Meta-analysis Articles

After duplicates were removed, the literature search identified 1420 potential IPD meta-analysis

found from 1 Jan 2005 to March 2009. | read the abstract of these articles. These were
classified and double checked, see Figure (2.2), resulting in 203 deemed an IPD meta-analysis.
There were added to those 199 from Riley et®alwith 20 further duplicates then removed;
followed by adding another 2 articles after checking references. Finally a further one article was
identified from the Google search, giving a final total of 385 IPD meta-analysis articles

published between 1991 and March 20009.

Figure 2.3 shows the number of applied IPD meta-analysis articles published per year. It can be
seen from the graph that it covers the years from 1991 to 2008 and the number of applied IPD
meta-analysis articles per year is generally increasing over time. There are just a few articles per
year in the early 1990’s, but about 50 per year by 2009. This show the IPD approach is

achievable and increasingly common.
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Figure 2.2: Details of the search and classification of IPD articles
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Figure 2.3: Graph showing the number of district, applied IPD meta-analysis articles
published over time (6 articles were also identified in 2009, up foMarch when the
review was conducted), as identified by my systematic review.

2.3.2 IPD Meta-analysis of Prognostic Factor Studies

The 385 IPD meta-analysis articles were classified and double checked in regards whether they
focused on evaluating a PF (Figure 2.4). Ninety articles were identified that assessed an

association between one or more factors and an outcome. | then distinguished between PF
articles (where at baseline patients have disease or some health condition and aetiological articles

(where at baseline patients are healthy).

Forty-eight of ninety articles were classified as IMPF. Figure 2.5 shows the trend of these studies
over time. It can be seen from the graph that there are no studies available in 1991, 1992, 1995
and from 1997 to 1999 (also none published in 2009 up to March where the review included) .

There are fluctuations of the number of PF studies over time, however, it is noticeable that these

studies tend to rise from 2000 to 2008, and it appears to be an increasingly active research area.
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Figure 2.4: Description and results of the search and classification of IPD meta-analysis of PF
articles
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Figure 2.5: Number of published IMPF articles over time (NB no articles were identified in
2009 up to the start of March, when my review was conducted); the spike in 2007 is due to
eight articles from the IMPACT collaboration being published simulaneously within the
Journal of Neurotrauma

2.4 In-depth Evaluation of the 20 Most Recent IMPF Articles
In-depth evaluation was performed on a sample of 20 IMPF articles published from 2006 to
2008%°% Twenty was chosen to give a manageable number of articles to review in the time
available. These include:
« Six studies from IMPACT collaboratiéfi’® entitled 'International Mission for Prognosis
and Analysis of Clinical Trials in traumatic brain injury’. 'IMPACT" articles utilize a
database of 11 studies ( 8 randomised trials and 3 observational studies) provided by
'IMPACT' collaborators; however | considered each IMPACT article independently and
so did not, for example, assume consistent methodology in all IMPACT papers, or
assume the information presented in one IMPACT paper was transferable to another
IMPACT paper containing missing details.
* Nine 'literature review' articles; 'Literature review' articles sought IPD by first identifying
relevant studies using a literature review (e.g. using Medline, Embase ) and then

contacting authors of all identified articles to ask for their IPD.
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» Five articles classified under the name of 'Others' articles; the ‘Others’ articles are non-
IMPACT articles that obtained IPD via existing personal articles without a literature
review.

I now summarise the key findings in relation to the eight questionnaire categories defined in

Figure 2.1.

2.4.1 Aims and Initiations

Table 2.2 summarises basic information about the 20 IMPF atrticles; including the location for
the first author, the PF, the outcome of interest and whether it is a protocol driven. A common
aim for the IMPF projects was to increase statistical power compared to individual studies alone,
and to resolve disagreements in the field; for example, the aim for Lanternd ewvas that
‘emerging evidence suggests that the APOE4 allele may increase the risk of a negative outcome
in patients with aneurysmal subarachnoid hemorrhage, but the results are conflidmager
common objective was to identify whether a PF was still an independent PF after adjusting by
some other confounding factors. For example, Trivella éf absess whether microvessel-
density has prognostic value in non-small-cell lung carcinoma when adjusting for other variables

including age and stage of disease.

The location of the first author for the most often the Netherlands (7) due to their leading
involvement in the 'IMPACT' initiative followed by United kingdom (4). Age and gender were
the most common PFs of interest in the 20's IMPF articles, and there were evaluated alongside
with disease specific factors (e.g. Micro vessel-density counts in lung cancer, Palliative
performance scale in heart failure). All of the 'IMPACT' studies focus on the traumatic brain

injury as a disease and usually 6 month outcome in terms of Glasgow outcome scale.
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Table 2. 2: Summary of the general information of the review of the random sample of IMPF studies

No. First Author Type of  Year of Publication Location of Disease or Main PFs of interest Outcomes of interest Was it stated Was a Was mention Was a
study first author condition at that the IPD  protocol that ethics prognostic
baseline project was  explicitly approval was model ('risk
funded? mentioned for given for the score') also
the IPD IPD project? developed in
project? the article?
1 Butcher IMPACT 2007 United TBI* Systolic and mean arterial ~ Analysis for various Yes No No No
Kingdom blood pressure Glasgow Outcome Scale
categories.
2 McHugh IMPACT 2007 United TBI Hypoxia, hypotension, and  Glasgow Outcome Scale Yes No No No
Kingdom hypothermia
3 Murray IMPACT 2007 United TBI Age, Glasgow Coma Scale, Glasgow Outcome Scale Yes No No No
Kingdom motor score, pupil response, at 6 months after injury

computerized tomography
(CT) characteristics,
hypotension, hypoxia, etc.

4 Maas IMPACT 2007 Netherlands TBI CT classification and CT 6-month outcome, Yes No No No
characteristics, and also assessed by the Glasgow
other PFs as secondary Outcome Scale (GOS)
analysis too

5 Mushkudiani IMPACT 2007 Netherlands TBI Age, gender, race, and 6 - month outcome, Yes No No No
education assessed by the Glasgow

Outcome Scale after

6 Beek IMPACT 2007 Netherlands TBI Laboratory parameters (e.g. 6 months Glasgow Yes No No No
glucose, sodium, Outcome Scale
haemoglobin etc)
7 Koopman Literature 2008 Netherlands Acute otitis Age, sex, season, pain, Middle ear effusionat1 Yes No No Yes
review media fever, smoking, recurrent, month
etc
8 Thakkinstian Literature 2008 Thailand Renal Cytokinin gene Chronic allograft No No No No
review transplantation polymorphism nephropathy, graft
rejection, graft failure
*Traumatic Brain Injury Continued on next pa
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Continue from previous page

No. First Author Type of study  Year of Location of Disease or condition at  Main PFs of interest Outcomes of  Was it stated Was a Was It Was a
Publication first author baseline interest that the IPD  protocol mentioned  prognostic
project was  explicitly that ethics model ('risk
funded? mentioned for approval was score') also
the IPD given for the developed in
project? IPD project? the article?
9 MeRGE1 Literature 2008 New Acute Myocardial Restrictive filling Mortality No Yes No No
review Zealand Infraction pattern(RFP) was the key
interest; they also want to
adjust for the other factors
of LV systolic function, LV
volumes, and Killip class
(though they also adjust for
age, gender and a few other
variables in the full model)
10 Noordzij Ir-g[\?ilé%ure 2008 Boston Monitoring for Preoperative PTH Development of No No No Yes
hypocalcemia hypocalcemia
after thyroidectomy
11  Downing Literature 2007 Canada AT baseline, all patients  Palliative Performance Scale length of Yes Yes Yes No
review were having palliative survival
care (i.e. care to reduce
suffering and improve
quality of life); it is not
disease specific but they
all have severe disease of
some sort
12 Rovers Literature 2007 Netherlands Acute otities media AOM Age, gender, smoking, Pain and/or fever Yes No No Yes
review recurrent AOM etc at3to7days
13 Trivella Literature 2007 United Non-metastatic surgically Micro vessel-density counts Overall survival Yes No No No
review Kingdom treated non-small-cell
lung carcinoma
14 MeRGE2 Literature 2008 New Heart failure Left ventricular ejection Mortality Yes Yes No No
review Zealand. fraction, age, gender, NYHA

class and the presence of a

RFP
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Continue from previous page

First

No. Type of Year of Location Disease or condition at Main PFs of interest Outcomes of interest Was it Was a Was it Was a
Author study Publicati of first baseline stated protocol mentioned prognostic
on author thatthe explicitly that ethics model ('risk
IPD mentioned approval was score') also
project for the IPD given for the developed in
was project? IPD project? the article?
funded?
15 Lanterna Literature 2007 Italia Aneurysmal APOE4 allele The risk of a negative outcome in  No No No No
review subarachnoid patients with aneurysmal
haemorrhage subarachnoid hemorrhage and
delayed ischemia, a major
complication of SAH
16 Yap Others 2007 Malaysia Myocardial infraction Demographic information, medical history, Death Yes No No Yes
smoke, Concomitant medication
17  Schaich Others 2007 Germany Acute myeloid Trisomy 8 (+8), either on its own or with one Overall survival, relapse-free Yes No No Yes
leukaemia (AML) additional aberration in addition other PFs  survival, complete remission
also of interest from clinical, cytogenetic and
laboratory data
18 Sylaja Others 2007 Canada Acute ischemic stroke  Aged >7( years, severe stroke Two outcomes of interest: SICH No No No No
(NIHSS >20), diabetics, history of CHF, and (symptomatic intracerebral
Hispanic ethnicity haemorrhage) a favourable
outcome (defined by a favourable
function recovery score of
mRS<=1)
19 Warkentin Others 2006 Canada Any medical or surgical Gender, type of heparin Heparin-induced Yes No No No
patients being treated  (UFH vs. LMWH) and type of patient (Surgical thrombocytopenia (HIT)
with heparin (either vs. medical) and the interaction between
unfractionated heparin  them.
(UFH) and low
molecular- weight
heparin
20 Goetz Others 2008 Chicago  Parkinson's Disease Patient-based factors (e.g. gender, 50% improvement in total Unified Yes No No No

age...etc),Study-dependent factors included
medical vs. surgical interventions, likelihood
of placebo assignment 50% vs. 50%, and

disease severity inclusion criteria

Parkinson's Disease Rating Scale
motor score or a decrease by 2
points on at least two UPDRSm
items compared to baseline
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Note that each 'IMPACT' article focused on a different PF. In the 'literature review' articles and
'‘Others' articles, acute otitis media and cardiovascular disease were the most common disease;

whilst survival is the most common outcome

Fifteen of the 20 articles mentioned that the project was funded. Only 3 &ftiéléddirectly
stated there was a protocol for the project, and only one mentioned they had ethics &pproval

see Table 2.2.

2.4.2 Process of obtaining IPD

Details about the process of obtaining IPD are summarized in Table 2.3. Nine of the 20 IMPF
articles used a literature review to identify primary studies for which IPD was desired. Six
utilised those studies already providing IPD within the IMPACT database diféétlin the
‘others’ articles, one utilised a set of known German ¥fiatsie contacted colleagues in the
field who had directed relevant trials with placebo &fnmme identified studies from a recent
systematic review and ‘from our fileS% and two did not state how they identified relevant

studies®® *, see Table 2.3.

In the nine articles that used 'literature reviews', just six reported the keywords used in
searching, and the most common database used for searching were PubMed, Embase, the
Cochrane databases, Medline and Google Scholar. Only four of the nine articles explicity stated
how authors were approached for their studies (three by E-mail and one by letter); four simply
said authors ‘were asked’, and one article did not mention anything in this regard. Only one of
the nine articles reported a flowchart detailing the process of searching, classifying, and

retreiving IPD studié¥.

Two of the twenty articles revealed some resource related issues for obtaining and managing

the IPD. Thakkinstian et dI* state that ‘dat cleaning and checking were performed separately
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for each study’ whilst more strikingly Trivella et gl state that ¢checking, validation and
standardisation of all datasets took nearly two years’. None of the 20 IMPF articles reported

that any of the studies providing IPD held back some of their IPD.

2.4.3. Details of IPD Obtained

For the nine IMPF articles using a literature review to identify relevant IPD studies; none of
these obtained IPD from all studies desired, see Figure (2.6). Six of these articles explained why
the IPD was not always available: reasons included non-response to e-mail, IPD no longer
available, lack of resources to participate; For example Trivella’étsgte thatnine centers

had no data, one had no resources to participate and 10 did not resiij& Rovers et dfi’state

that ‘inadequate randomization or lack of availability of information on the outcomssé

Table 2.3

Figure 2.6: The number of IPD studies that was requested and obtained, in each
of the nine IMPF articles, using a literature review to identify relevant studies
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Table 2.3:Details about the process of obtaining IPD

No. First Author Howwere Ifa If a literature review, How were What How How What Was it Was it stated Was a Was it
relevant literature  what sources were  authors of resource- many many were the stated that thatthe IPD flowchart stated
IPD studies review, was searched? relevant related issues studies  studies reasons for any of the provided given showing that
identified alist studies for obtaining were provided studies not studies were the process of unpublish
presented approached IPD were asked for their providing providing differentto searching, ed studies
of for obtaining mentioned?  their IPD? IPD? IPD? IPD held that used by classifying, or
keywords their IPD? back some the same retrieving and published
used for of their study in a including IPD data were
searching? IPD? previous studies? included
publication? in the IPD
provided?
1 Butcher IMPACT Not Not relevant Not relevant None Not 9 Not No No No No
database relevant mentioned relevant relevant
2 McHugh IMPACT Not Not relevant Not relevant None Not 11 Not No No No No
database relevant mentioned relevant relevant
3 Murray IMPACT Not Not relevant Not relevant None Not 11 Not No No No No
database relevant mentioned relevant relevant
4 Maas IMPACT Not Not relevant Not relevant None Not 11 Not No No No No
database relevant mentioned relevant relevant
5  Mushkudiani IMPACT Not Not relevant Not relevant None Not 11 Not No No No No
database relevant mentioned relevant relevant
6 Beek IMPACT Not Not relevant Not relevant None Not 7 Not No No No No
database relevant mentioned relevant relevant
7 Koopman Literature  No PubMed,EMBASE, Unclear-they None 6 5 Data were No No No No
review Cochrane databases, were asked mentioned not
and the proceedings available
of international
symposia on recent
advances in otitis
media
8 Thakkinstian Literature Yes Medline E-mail Data cleaning 13 5 No reasons No No Yes No
review and checking given

were
performed
separately for
each centre

[63]

Continued on next page



Continue from the previous page

No First How were If a If a literature review, How were What resource- How How What were the Was it Was it stated Was a Was it
Author relevant IPD literature  what sources were authors of relatedissues many many reasons for stated thatthe IPD flowchart  stated
studies review, was searched? relevant for obtaining  studies studies studies not thatany provided given that
identified a list studies IPD were were provide providing IPD? of the were showing the unpublish
presented approached mentioned? asked d their studies differentto  process of ed studies
of for for their IPD? providing that used by searching, or
keywords obtaining IPD? IPD held the same classifying, published
used for their IPD? back study in a Retrieving  data were
searching? some of previous and included

their IPD? publication? including in the IPD
IPD studies? provided?

9 MeRGE2 Literature Yes Biological Abstracts, Unclear- None 17 12 Some of them No No No No
review Clinical Evidence, Current they were mentioned inaccessible
Contents, Embase, asked

Medline, Medline In-
progress and PubMed.

10 Yap Others No Not stated Not stated Not mentioned 4 4 Not relevant No No No No
11  Rovers Literature no PubMed, Embase,the Unclear- None 19 6 Inadequate No No No No
review proceedings of they were  mentioned randomization
International Symposia  asked or lack of
on Recent Advances in availability of
Otitis Media, and the information on
Cochrane the outcomes
12 Trivella Literature Yes Medline Letter High costand 38 18 Nine centres No No No Yes
review time consuming had no relevant
(checking, data;1 stated
validation, and they had no
standardization resources to
of all datasets participate; 10
took nearly 2 did not reply
years)
13 MeRGE1 Literature Yes Biological Abstracts, Not Not mentioned 32 18 Not-accessible No No No Yes
review Clinical Evidence, Current mentioned

Contents,Embase,
Medline,Medline In-
progress and PubMed,

14 Noordzij Literature Yes Pubmed E-mail None 15 9 No reason No No No No
review mentioned given

Continued on next page
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Continued from previous page

NO. First How were relevant If a If a literature How were What How How What were the  Wasiit Was it stated Was a flowchartWas it
Author  IPD studies literature review, what authors of resource- many many reasons for studies stated that that the IPD given showing stated that
identified review, was sources were relevant related studies studies not providing IPD? any of the provided were the process of unpublishe
a list searched? studies issues for were provided studies different to that searching, d studies
presented of approached obtaining asked their IPD? providing  used by the same classifying, or
keywords for IPD were for their IPD held study ina Retrieving and published
used for obtaining mentionedIPD? back some previous including IPD  data were
searching? their IPD? ? of their IPD? publication? studies? included in
the IPD
15 Lanterna Literature review Yes M EDLINE, Unclear- None 8 7 No reason given  No No No No
EMBASE,the 'they were mentioned
Cochrane asked'
Library,CINHAL,
and LILACS
16 Downing Literature review No Medline database, E-mail Not 6 3* Yes-2 'did not No No No No
Web of science mentioned reply' and 1 did not
and Google have access to the
scholar original data
anymore
17 Warkentin 'Others'-Studies Not relevant Not relevant Unclear None 8 7 They omitted one No No No No
already identified mentioned study because it
from recent has not gender
systematic reviews information which
and from our files considered the
main factor in this
study
18 Sylaja Others - - Not None Unclear 4 None mentioned No No No No
mentioned mentioned
19 Schaich  'Others'- Known Not relevant Not relevant Not None 8 8 Not relevant No No No No
German trials mentioned mentioned

involving acute
myeloid leukaemia
patients between
April 1993 and

December 2002

20 Goetz 'Others'-contacting Not relevant Not relevant Unclear, Not Unclear 11 Not mentioned No No No No
colleagues who had they were  mentioned
directed relevant 'contacted'

clinical trials with
placebo arms

« Four researchers response to provide their IPD, but only three provide the IPD studies End of Table 2.3
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The percentage of studies providing IPD ranged from 32% to 88%, and five of the nine
articles obtained IPD from 60% or less of the requested studies. The shortfall appeared larger

in those IMPF articles requesting IPD from 10 or more studies see Figure 2.6.

In the ‘others’ five IMPF articles, one article obtained IPD from all studies d&igedi only

oneof these five articles reported the reason for not providing all IPD stldies

Table 2.3 gives details about included IPD studies for the 20 IMPF articles. All of the 20 articles
provided the number of patients included in their available IPD (Figure 2.7); this ranged from
131 to 8721, indeed, IMPACT studies have the highest number of patients included in their
availability IPD, this range between 5672 and 8721. Sixteen articles also reported the number
of patients separately for each included IPD study, but only 4 articles reported the number of

outcome events separately for each IPD study.

Figure 2.7: The number of patients included in IPD studies for the 20 IMPF articles
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Table 2. 4:Details about included IPD studies for the 20 IPFM articles

Study ID  First Author Type of the How What types of studies were they (how Across all the IPD Was the Was the What problems of Was a quality
study many many of each)? studies, How number of number of missing data were assessment done for
studies many patients patients events there in the IPD each included study
provided were included in  reported reported for  database? providing IPD (e.g. to
their IPD? the IPD provided? for each each IPD check the quality of
IPD study  study the study design, the
separately separately? process used to
? follow-up and collate
data, etc)
1 Butcher IMPACT 9 8 RCTs, 1 observational Study 6801 Yes No Missing data and No
missing outcomes
2 McHugh IMPACT 11 8 RCTs and 3 observational studies 8721 Yes No Missing data and No
missing outcomes
3 Murray IMPACT 11 There are 3 observational studies and 8 8686 No No Missing values No
RCTs
4 Maas IMPACT 11 11- but it doesn't state in this paper 8721 Yes No Missing data and No
whether they are RCTs or what (in a related missing variables
paper no.14 it tell us they are 8 RCTs and 3
observational studies, but it never
mentioned that here)
5 IMPACT 11 Eight therapeutic Phase Il randomized 8721 Yes No Missing variables No
Mushkudiani clinical trials and three surveys in moderate and missing
or severe TBI outcomes
6 Beek IMPACT 7 6 Randomized trials and 1 observed 5672 Yes No Missing values, No
missing variables and
missing outcomes.
7 Koopman Literature 5 All randomized trials 1328 Yes No Missing variables, No
review missing values and
missing outcomes
8 Thakkinstian Literature 5 'Human population-based association 1087 Yes No Missing variables The Hardy-Weinberg
review studies' and missing equilibrium (HWE) was
outcomes assessed in each study
providing IPD, only
studies that observed
HWE were included in
the analysis
9 MeRGE 2 Literature 12 12 prospective studies including 5 clinical 3396 No No Missing values No

review

trials
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Continue from previous page

Study ID First Type of How What types of studies were they Across all the Was the Was the What problems Was a quality
Author the study many (how many of each)? IPD studies, number of  number of of missing data assessment done for
studies How many patients events were there inthe each included study
provided patients were reported reported for IPD database? providing IPD (e.g. to
their included inthe  for each each IPD check the quality of the
IPD? IPD provided? IPD study study study design, the
separately? separately? process used to follow-
up and collate data, etc)
10 Yap Others 4 All of the Randomized trials 2707 Yes Yes Missing data and No
missing variables
11 Rovers Literature 6 All of the randomized trials 824 No No Missing data, No
review missing values
and missing
variables
12 Trivella Literature 18 Not relevant - data provided by 3200 Yes No Missing variables  No
review collaborating centres rather than
specific studies
13 MeRGE1 Literature 18 Of these 18 studies, it is not clear 3540 No No Missing data No
review what type there were, other than
that they were 'prospective’
14 Noordzij Literature 9 Observational studies 457 Yes No Missing variables  No
review
15 Lanterna Literature 7 Not clear some prospective and 796 Yes Yes Missing data and No
review some retrospective studies. missing outcomes
16 Downing Literature 4 Cohort studies 1808 Yes No Missing variables,  Yes, using quality
review but they did focus assessment criteria
on the available proposed by McKibbon in
variables. 1998, and Altman in
2001
17 Sylaja Others 4 All cohort studies 1966 Yes No Missing outcome  No
18 Schaich Others 8 All are randomized trials 131 Yes No Missing values No
19 Warkentin Others 7 7 ; 2 randomized trials and 5 5810 Yes Yes Missing data and No
prospective cohort studies missing variables
20 Goetz Others 11 All of the randomized trials 858 Yes Yes Missing data No
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Missing data was a major problem within the IPD obtained both at the patient-level and at
the study-level. All of the 20 IMPF articles reported at least one of missing data problem [
Table 2.4]; in particular, missing values of PFs and adjustment factors for some patients
within a study (e.g. Murray et &f); missing outcome data for some patients within a study
(e.g. Sylaja et a) ; and some PFs or outcome missing completely in some studies
(e.g.Trivella et al? Lanterna et &° ); only 9 of the 20 IMPF articles reported use of one of

the statistical models (e.g. imputation analysis) to limit the missing data problem.

2.4.4 Type and quality of IPD studies

Over all of the 20 IMPF articles, 3 articles did not report directly what type of IPD studies
was included (e.g. randomised trials, observational studies etc.). For example, Lanterna et
al® stated that ‘Mere were some prospective studies and retrospective $tbdieshe

author did not go into specific details. Seventeen articles reported the type of IPD studies
included; six of them were IMPACT atrticles that utilised IPD from 8 randomised trials and

3 observational studies. Five articles utilised IPD from randomised trial only (for example
Yap et af® utilised IPD from just the placebo arm of randomised trials); two articles utilised
IPD from randomised and prospective studies; two articles utilised IPD from cohort studies;
one article utilised IPD from observational stulffeand one article utilised IPD from
human population- based association stutliesee Table 2.4.

Only two of the twenty articles mentioned that some of their IPD studies were unpublished
7274 " and only two studies reported a quality assessment for each included study providing
IPD; for example, Thakkinstian et &t. assessed the Handy-Weinberg Equilibrium (HWE)

in each study providing IPD, and only the studies that observed HWE were ultimately

included in the project. Downing et %l.used quality assessment criteria proposed by

Mckibborf® in 1998 and Altmaff in 2001.
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2.4.5 Statistical Methods Used
All of the 20 articles provided a statistical analysis description in their methods section, see

Table 2.5.

Statistical Models for the Patient-level Data

Logistic regression and Cox proportional hazard model were the most common statistical
models used to analyze the patient level data; in particular 6 of them used Cox proportional
hazard model, 10 articles used either logistic or proportion odds regression and one article
used both Cox regression and logistic regre&3isee Table 2.5. Two of the twenty articles

did not use any model, for example in sylaja et @he authors did direct calculations of
proportions in each group defined by the PF. Only three of the 20 articles reported checking
model assumptions, all in regard the proportional hazards assumption in Cox regression. In
two of these three articl&s™ it was explicitly stated that model assumptions were checked

separately in each study included in the meta-analysis.

Meta-analysis Framework

For meta-analysis, seven articles used a two-step approach where the IPD was firstly
analysed in each study separately, and then in the second step the summary data obtained
(e.g. hazard ratios, odds ratios) were synthesised using a traditional model for meta-analysis
of aggregate data (see chapter 1.7). Ten articles used a one-step approach, where the IPD
across all studies were analysed together simultaneously; one article considered both one-
step and two step methddsin the two remaining articles the choice of one-step or two-step
method was not clear.

In the one-step method, there are two approaches for estimating the effect size of the PF; the

first approach accounts for the clustering of patients within studies by either including a
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dummy variable for the study or by using multilevel modeffii} the second approach

does not account for the clustering across studies by assuming all of the IPD studies came
from one study. In contrast, the two-step method accounts naturally for clustering of patients
within studies (see chapter 4). In five of the ten articles that used a one-step method, the
authors explicitly reported that they accounted for the clustering of patients within studies
(Table 2.5). The other 5 may have analysed the IPD as it came from one study, although this

was not stated explicitly.

Assessing and Accounting for Heterogeneity

Details of methods for assessing and accounting for heterogenity in PF effect are
summarized in Table 2.5. Between-study heterogeneity in prognostic effects (e.g. hazard
ratios, odds ratios) was examined in 14 of the 20 articles, typically usingdtagistic®® or

the Q-statistic (chi-square test for heterogen®ityDf the 20 articles, 8 accounted for
heterogeneity by including random-effects; seven did not account for heterogeneity and
justified why, for example as it was negligible (e.g. Koopman & rmdted small values of

12 < 25%) or the chi-square test was non-significant (e.g. Thakkinstiafi'atatkd the test

gave p > 0.1), see Table 2.5; five articles did not account for heterogeneity in their meta-
analysis and did not explain why; and in the remaining article heterogeneity was examined
but it was unclear whether it was accounted for in the meta-analysis . Three &fitfs
examined potential causes of between-study heterogeneity; for example, Trivell¥ et al.
perform subgroup analyses according to the method of measuring microvessel density;
Lanterna et af® used random-effects meta-regression; and Warkentin *€tl@bked at
excluding a ‘before and after’ prospective cohort study that they believe is causing the

heterogeneity.
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Table 2. 5: Details about the summary of the statistical methods over the 20 IMPF articles

Study First Author Wasa Did they What general What statistical What model Was between-study Was between-study Were causes of Did the meta-

ID statistical state that structure was models were used assumptions heterogeneity in the heterogeneity in the between-study analysis consider
analysis their meta- used for the at the patient-level were checked in PF effect assessed? If prognostic effect accounted heterogeneity the quality of
description analysis meta-analysis in the meta- relation to these yes, how? for in the meta-analysis? If examined, and if so, available IPD
provided in method (i.e. 'one-step' analysis? models? [Note if yes - how? If no, why not? how? studies (e.g.
the accounted for ignoring they were done sensitivity analysis
Methods  clustering of clustering; 'one- in each study excluding low
section? patients step' separately. Or at quality studies)?

within accounting for the synthesis
studies? clustering; 'two- level]?
step')?
1 Butcher Yes Yes '"Two -step' Proportional odds None checked No assessment of 'No because they state No Not relevant
and logistic heterogeneity prognostic effects
regression models ‘demonstrated considerable
consistency from study to
study’
2 McHugh Yes Yes 'Two-step' Binary and None checked Yes but they did not Yes random effect pooled No-presumably as  Not relevant
proportional odds say how consistent effect
regression models across studies
3 Murray Yes Yes '"Two-step' Multiple logistic None checked  No assessment of Yes, using a random-effects Not relevant as Not relevant as no
regression models, heterogeneity model there is no quality criteria
heterogeneity applied

4 Maas Yes Yes 'Two-step' Binary logisticand None checked Yes, by unnamed test Yes, using a random-effects No Not relevant as

proportional odds of heterogeneity model not quality criteria
regression model applied

5 Mushkudiani  Yes Yes 'Not clear Logistic regression None checked  No assessment of Yes, using a random-effects No Not relevant as no

and proportional heterogeneity model quality criteria
odds regression applied

6 Beek Yes No 'Not clear Logistic and None checked  Yes,they present a p- ‘Not clear’ No Not relevant as no

proportion odds value from an quality criteria
regression unnamed test for applied
heterogeneity

7 Koopman Yes No 'One-step’ Logistic regression None checked  Yes, by using 12 No, because |2 <25% Not relevant, as No

heterogeneity was
considered small

8 Thakkinstian  Yes Yes 'One-step’ Logistic regression None checked Yes, by using a chi- No, because p-value from Not relevant, as Yes-studies failing

square test chi-square test 5.1 heterogeneity was the Hardy-
considered small Weinberg
equilibrium were
excluded
9 MeRGE 2 Yes Yes 'One-step’ Cox PH model None checked  Yes, by using | 2 No, because |2=0.04 and p- Not relevant as Not relevant as

and chi-square test

value from chi-square test is
0.06, which they deem to
indicate little heterogeneity*

heterogeneity
considered small’

studies were not
classed as low or
high quality
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Study First Author Was a Did they What general What statistical What model Was between-study Was between-study Were causes of  Did the meta-
ID statistical state that structure was used models were  assumptions were  heterogeneity in the heterogeneity in the between-study  analysis consider
analysis their meta- for the meta- used at the checked in relation to PF effect assessed? If prognostic effect heterogeneity the quality of
description  analysis analysis (i.e. 'one- patient-level in these models? [Note yes, how? accounted for in the examined, and if available IPD
providedin method step' ignoring the meta- if they were done in meta-analysis? If yes-  so, how? studies (e.g.
the Methods accounted clustering; 'one-  analysis? each study how? If no, why not? sensitivity
section? for step' accounting for separately. Or at the analysis
clustering of clustering; 'two- synthesis level]? excluding low
patients step')? quality studies)?
within
studies
10 Yap Yes Yes 'One-step’ Multiple Cox PH Proportional hazards Yes, by looking at the Yes they looked at Not relevant, as  Not relevant as
model assumptions checked; interaction between interaction between heterogeneity was studies were not
not clear if this was  the prognostic effect effect and studies, but it considered small classed as low or
done for each study and study in the was usually not important high quality
though model
11 Rovers Yes No 'One-step’ Logistic None checked Yes, by using |2 No, as they identify low  Not relevant as Not relevant as
regression heterogeneity low heterogeneity no quality
criteria applied
12 Trivella Yes Yes 'Two-step' Cox regression None checked Yes, by using |2 Yes, random-effects They split the Not relevant as
inverse-variance meta analysis by the twono quality
analysis. different methods criteria applied
to measure the
main variable
13 MeRGE1 Yes No 'One-step' Cox PH model  The assumption of  Yes by using chi- 5  No, because 1° =0 Not relevant as Not relevant as
proportionality of square test and there is no no quality
hazards for RFP was heterogeneity criteria applied
assessed using
Schoenfeld residuals
and considered
acceptable
14 Noordzij Yes No 'One-step’ Linear None checked No assessment of No Not relevant as Not relevant as
regression heterogeneity there is no no quality
(analysis of heterogeneity criteria applied
variance)
15 Lanterna Yes Yes '"Two-step' No models Not relevant Yes, by Q statistic Random-effect Not relevant as

used; just direct
calculation of
tests

Yes ﬁwherﬁ >50% or
p-value for Q statistic
<0.7), using random-

effects model

and | ? tests

meta-regression

no quality
criteria applied
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study ID  First Was a Did they What general What statistical What model Was between-  Was between-  Were causes of Did the meta-
Author statistical state that structure was models were assumptions study study between-study analysis
analysis their meta- used for the used at the were checked heterogeneity heterogeneity heterogeneity consider the
description analysis meta-analysis patient-level in in relation to in the PF effect in the examined, and if quality of
provided method (i.e. 'one-step’  the meta- these models?  assessed? If prognostic so, how? available IPD
in the accounted ignoring analysis? [Note if they yes, how? effect studies (e.g.
Methods for clustering; were done in accounted for sensitivity
section? clustering of  'one-step' each study in the meta- analysis
patients accounting for separately. Or analysis? If yes excluding low
within clustering; at the - how? If no, quality
studies? 'two-step')? synthesis why not? studies)?
level]?

15 Lanterna Yes Yes ‘Two-step' No models used; Not relevant Yes, by Q Yes Random-effect Not relevant as
just direct statistic and | 2 (Wherﬂ >50% meta-regression no quality
calculation of tests or p-value for Q criteria applied
tests statistic <0.7),

using random-
effects model

16 Downing Yes Yes 'One-step' Cox PH model Yes, by using Yes, they No, because Not relevant Not relevant as

martingale, visually assess no evidence of no quality
schoenfeld, whether heterogeneity criteria applied
and deviance between-study

statistic within heterogeneity

each study exists

17 Sylaja Yes No 'One-step' No models used;  Not relevant No assessment ~ No Not relevant Not relevant as
just direct of because no quality
calculations of heterogeneity heterogeneity was  criteria applied
proportions in not assessed
each group
defined by the
prognostic factor

18 Schaich Yes Yes 'One-step' Cox regression None checked No assessment  No Not relevant as Not relevant as
and logistic of heterogeneity not  no quality
regression heterogeneity assessed’ criteria applied

19 Warkentin Yes Yes ‘Two-step' Random-effects None checked Breslow- day Yes, using They look at Not relevant as
logistic model statistic random-effects  excluding a no quality

model if p< 'before-and-after' criteria applied
0.05 for the prospective cohort
test of study that they
heterogeneity believe is causing
it
20 Goetz Yes Yes 'One-step' in Generalized None checked No assessment No Not relevant as Not relevant, as
some analysis, estimating of heterogeneity no quality
'two-step' in equations (GEE) heterogeneity does not assessed  assessment
other analysis for binary done
repeated
measures
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Analysis of Continuous Factors

Details about the examination of continuous PFs for the 20 IMPF articles are summarized in
Table 2.6. Nineteen of the 20 articles investigated one or more factors measured on a
continuous scale. Of these, eight categorized the continuous factors for the analysis; five
analysed the continuous factors on a continuous scale; and six used a continuous scale in
some analyses (or for some factors) and used categorise in other analyses (or for other

factors).

Of the eleven articles that used continuous scales, seven of them transformed the scale for the
PF before analysis, because of different methods of measurements across studies which limit
using the data for analysis, and skewness in the PF which hinder the linearity assumptions.
For example Beek et &.stated that 8r continuous PFs with a linear relation to outcome,

the odds ratios were scaled so that they correspond to changing from the 25 th percentile of
that PF to the 75 th percentile. This was done to allow a direct comparison of different PFs,
which are recorded in different units or on different scalesid Yap et ai° stated that
‘variables with skewed distribution were log-transformed’e Table 2.6. Six of these eleven
articles considered non-linear trend in their analysis; the most common non-linear model was
spline model used in four articles, one article used a polynomial term and one article used a

quadratic term (Table 2.6).
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Table 2. 6: Details about treatment the continuous variables over the 20 IMPF articles

Study First Author

Were

If yes, were

If on a continuous scale, was a

Ifona

If on a categorized

Was the

If yes multivariable

In Was the

ID continuou they examined transformed scale used and if so why? continuous scale, were independent value analysis were used, multivariable interaction
s PFs on a continuous scale, were categories (i.e. cut- of PFs assessed; i.e.were set criteria used analysis, werebetween
assessed? scaleorona non linear points) justified? If were multivariable to determine whether full results  two or

categorised trends yes, give details on analyses done that a PF remained shown for themore PF
scale (e.g. considered the justification? examine the PF of important even after PFs of interesiconsidered
dichotomized)? and, if so, interest adjusting adjusting for other regardless of asa
how? for other know variables? If yes, what their statistic: prognostic
prognostic factors? were they? significance? variable?
1 Butcher yes Categorized and No Yes, using Yes, as indicated by Yes No criteria used; all Yes No
continuous spline the spline function significant and non-
scales both used functions significant factors
remained in the model
2 McHugh yes Categorized Not relevant Not relevant  Unclear, but Yes No criteria mentioned Not relevant, Yes
scale authors mention as all variables
they were restricted are significant
by the definitions
used in the original
studies

3 Murray Yes Categorized Yes; for continuous PFs with alinear  No, as they Yes, to allow a Yes No; p< 0.0] used for Yes No
scale for some, relation to outcome, the odds ratios  note direct comparison of significance, but all
continuous scale were scaled so that they correspond  relationship  different PFs, which variables remained in
for others to changing from the 25 " percentile  was linear are recorded in the model

of that PF to the 75 ™" percentile. This different units or on
was done to allow a direct comparison different scales.

of different PFs, which are recorded in

different units or on different scales.

4 Maas Yes Categorized No Yes, using No Yes No criteria used; all Not relevant, No
scale and spline significant and non- as all variables
continuous scale functions significant factors are significant

remained in the model

5 Mushkudiani  Yes Continuous No Yes, using Not relevant Yes No criteria used; all Yes Yes

scale spline significant and non-
functions significant factors
remained in the model

6 Beek Yes Continuous Yes; for continuous PFs with a linear  Yes, using Not relevant Yes No criteria used; all Yes No

scale relation to outcome, the odds ratios  spline significant and non-
were scaled so that they correspond  functions significant factors

to changing from the 25 th percentile
of that PF to the 75 th percentile. This
was done to allow a direct comparison
of different PFs, which are recorded in
different units or on different scales.

remained in the model

Continue on next page
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Continue from the previous page

Study First Author Were If yes, were they If on a continuous Ifona If on a categorized scale, Was the independent If yes multivariable  In multivariabl Was the
ID continuo examined on a scale, was a continuous  were categories (i.e. cut- value of PFs assessed; analysis were used, analysis, were interaction
us PFs continuous scale or  transformed scale us¢scale, were  points) justified? If yes, give i.e. were multivariable were set criteria used full results between twi
assessed on a categorised and if so why? non linear details on the justification analysis done that to determine whether shown for the or more PF
? scale (e.g. trends examine the PF of a PF remained PFs of interest considered
dichotomized) considered interest adjusting for  important even after regardless of a prognostic
and, if so, other know prognostic adjusting for other their statistical variable?
how? factors variables? If yes, what significance?
were they?
7 Koopman Yes Categorized scale Not relevant Not relevant No Yes P-value <= 0.0% No No
meant the PF was kept
in the model
8 Thakkinstian Yes Categorized scale Not relevant Not relevant No Yes P-value <= 0.0 mean Yes No
the PF was kept in the
model
9 MeRGE 2 Yes Categorized scale for Age treated per 10 No Yes, cut-points chosen to Yes P-value <0.1meant No Yes
one continuous years increase make results 'clinically that the PF was
variable, and applicable’ included
continuous scale for
another continuous
variable (age)
10 Yap Yes Continuous scale Yes, variables with  Yes, by Not relevant Yes P-value < 0.05 meant No No
skewed distributions adding the PF was kept in the
were log- polynomial model
transformed. terms
11 Rovers Yes Categorized scale Not relevant Not relevant Yes, based on previous Yes P-value <= 0.05 meant Yes for some Yes
clinical information - note the prognostic factor but not all
that that the categorised scale was kept in the model
was imposed on them as some
studies only provided
prognostic factors dichotomised
and not on their original scale
12 Trivella Yes Categorised scale and Sometimes the Yes, using Yes, by noting that this was Yes Not criteria used Yes No
continuous scale prognostic factor quadratic to enable a comparison with
effect was expressed terms the analysis leaving the
per 10 unit increase factor in the continuous
scale and noting the choice
of -point is different across
previous studies
13 MeRGE1 Yes Categorized scale Not relevant Not relevant Yes, so that 'relevant’ Yes No criteria used; all Yes Yes

hazard ratios can be
calculated

significant and non-
significant factors
remained in the model
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Study  First Were If yes, were If on a continuous scale, wasa Ifona If on a categorized Was the If yes multivariable In Was the
ID Author continuous they examined transformed scale used and if sccontinuous scale, were independent value analysis were used, were multivariable interaction
PFs on a continuous why? scale, were  categories (i.e. cut- of PFs assessed; i.e. set criteria used to analysis, were between
assessed? scaleorona non linear points) justified? If were multivariable determine whether a PF  full results two or
categorised trends yes, give details on analyses done that remained important even shown for the more PF
scale (e.g. considered the justification? examine the PF of after adjusting for other  PFs of interest considered
dichotomized)? and, if so, interest adjusting  variables? If yes, what regardlessof asa
how? for other know were they? their statistical prognostic
prognostic factors? significance?  variable?
14 Noordzij Yes Continuous Yes, they changed to a No Not relevant No Not relevant Not relevant Not
scale percentage scale when relevant as
modelling the percentage only one
change from baseline, to factor
overcome different methods of considered
measurement across studies
15 Lanterna  Yes Categorized Not relevant Not relevant  No No Not relevant as no Not relevant No
scale multivariable model used
16 Downing  Yes Categorized Not relevant Not relevant  Yes, categories Yes No criteria used; all Yes Yes
scale chosen based on significant and non-
those determined in significant factors
a previous report remained in the model
17 Sylaja Yes Categorized Not relevant Not relevant  Yes, but No Not relevant, as no multi- Not relevant No
scale contradictory variable model used
argument: they
used a cut-off of 70
years due to other
studies showing
advancing age
increases risk in a
continuous fashion
18 Schaich Yes Categorized No No Yes, as the cut- Yes Non-significant' variables No No
scale and points gave a were excluded
continuous significant result in
scale the analysis
hierarchical cluster
analysis
19 Warkentin  No Not relevant Not relevant Not relevant  Not relevant Yes No criteria used; all Yes Yes
significant and non-
significant factors
remained in the model
20 Goetz Yes Continuous Yes, e.g. age treated per 10 No Not relevant No Not relevant as no multi-  Not relevant No
scale years increase; some other variable model fit

variables also transformed
similarly
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Of the 14 articles that used categorised scales, nine articles used justification for their cut-off
points; justifications were (i) to make results clinically appliciblgi) to allow a direct
comparison of different PFs, which are recorded in different units or on different’4célds

based on previous clinical informati®h®. For example, Rovers et Hl.stated that ‘sme
predictor and outcome variables (e.g. fever and pain) might have been more informative if
analyzed on a continuous scale. Some trials did measure these items on a continuous scale but,
because others did not, we needed to recode these items as dichotomous variables’. In contrast,

four of these 14 articles did not justify their choice of categories, and one article was not clear.

Assessment of Independent Prognostic Value

Sixteen of the 20 articles reported a multivariable analysis to examine the independent
prognostic value of one or more factors after adjusting for others (Table 2.6). Seven out of these
16 articles defined the criteria that used to judge whether the primary PF was still an
independent PF even after adjusting by other confounding factors. In particular the P- value was
used to decide whether the PF and the confounding factors are significant or not; for example in
Koopman et af? a criteria ofp < 0.05 was used for statistical significance in the muliiatale

model and thus evidence of independent prognostic value. Whilst 9 of the 16 articles did not
define the criteria to decide whether the PF still independent or significant even after adding
other confounding factors; for instance, in Mass éf all significant and non-significant factors
remained in the model. Nine of the sixteen articles reported the results in full (whether the PF is
still significant factor after adjusting by other confounding factors, i.e. by using P-value); in two
articles of these 16 articles, all of the factors are significant (Table 2.6.); and five articles did not
report the results in full (i.e. adjusted effect estimate with uncertainty or p-value) for those

factors deemed not to have independent prognostic value.
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Assessment of Interactions between Prognostic Factors

Of the sixteen articles that reported a multivariable analysis to examine the independent
prognostic value of one or more factors after adjusting for others; seven of these articles
considered a possible interaction between two or more factors in their multivariable model
(Table 2.6). For example, McHugh et &l.consider whether the interaction between hypoxia

and hypotension is prognostic for 6-month outcome in patients with traumatic brain injury.

2.4.6 Assessment of Publication and Availability Biases
Details about if and how IMPF articles asses publication and availability bias, and whether
including non-IPD studies in the meta-analysis significantly changed conclusion about a PF, are

shown in Table 2.7.

Two of the twenty articles formal assessed whether publication bias or small-study effects (i.e.
the tendency for small studies in the meta-analysis to give more favourable prognostic effects
than the larger studies) may be affecting their meta-analysis. For example; Lanterfia et al.
used funnel plot for asymmetry alongside a regression asymmetry test, the funnel plot showed
no asymmetry, whilst in MeRGE1 collaboratibnthe authors used a funnel plot and the
authors statethat 'The present result may be subject to publication bias. However, inspection
of the funnel plot of the individual hazard ratios for each included study failed to identify

important heterogeneity? = 0.042, P = 0.06)’

Availability bias
Ignoring the six 'IMPACT' studies (which utilised an existing IPD database), 10 of the
remaining 14 articles did not obtain IPD from all desired studies (Table 2.7), although two

articles did not mention whether all desired IPD studies were obtaineddtnot
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Of the 10 articles that stated they did not obtain all the IPD desired, four studies gave the
number of patients in the non-IPD studies, and only one article provided the number of events in
the non-IPD studiég three articles reported some consideration about the robustness of meta-
analysis results after including or excluding non-IPD studies (e.g. whether the estimate effect of
the PF is changed after including non-IPD stufjeRovers et ai’ stated that i out of ten
studies were included in the meta-analysis, and the four excluded trials would have not changed
the results of meta-anlayse®©nly one study combined IPD and non-IPD studies to see the
effect on the PF; for instance Thakkinstin et'atated that PD was partially reconstructed

using summary data in three non-IPD studies, and pooled with IPD studies using logistic

regression’.

2.4.7 Limitations and Challenges of an IMPF

Whilst reading the 20 IMPF articles, | recorded any pitfalls or challenges reported by the

authors about the process of conducting IMPF projects (Figure 2.8); the three most common
problems reported were: (i) unavailability of IPD for some studies (this may lead to the

problem of publication and availability bias (see section 2.4.6 and chapter 7), (ii) different

methods of measurement of the PF across studies and (iii) missing data.
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Table 2. 7: Details about considering non-IPD studies and selection bias

Study First Author  Was there a formal If yes, what How many How many Was IPD If no (or Were the Were details Was a method
ID assessment of methods were studies studies obtained unclear): was  number of given as to the used to
whether the used and what  were asked  provided from all the number events in robustness of combine IPD
included/selected was concluded? for their their IPD? studies of patients in the non-IPD  meta-analysis and non-IPD
IPD studies were a IPD? desired? the non-IPD studies results to the studies? If so,
potential biased set studies given given (or % inclusion/exclusi  what was it?
of all available (or % missing)? on of non-IPD
studies (akin to missing)? studies? If yes,
publication bias)? briefly state
what was said?
1 Butcher No Not relevant Not 9 Not relevant Not relevant Not Not relevant Not relevant
relevant relevant
2 McHugh No Not relevant Not 11 Not relevant Not relevant Not Not relevant Not relevant
relevant relevant
3 Murray No Not relevant Not 11 Not relevant Not relevant Not Not relevant Not relevant
relevant relevant
4 Maas No Not relevant Not 11 Not relevant Not relevant Not Not relevant Not relevant
relevant relevant
5 No Not relevant Not 11 Not relevant Not relevant Not Not relevant Not relevant
Mushkudiani relevant relevant
6 Van Beek No Not relevant Not 7 Not relevant Not relevant Not Not relevant Not relevant
relevant relevant
7 Koopman No Not relevant 6 5 No No No No No
8 Thakkinstian No Not relevant 13 5 No No No Yes, but despite Yes, IPD was
there were still partially
no statistically reconstructed
significant effects  using summary
data in 3 non-
IPD studies, and
pooled with IPD
studies using
logistic
regression
9 MeRGE2 Yes Inspecting 17 12 No Yes No No No
funnel plot, and
calculating the
| % statistic and
a test for
heterogeneity
10 Yap No Not relevant 4 4 Yes Not relevant Not Not relevant Not relevant
relevant

Continue on the next pag
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Continue from previous page

Study  First Was there a formal If yes, what How many How many Was IPD If no (or Were the Were details Was a method
ID Author assessment of methods were  studies studies obtained unclear): was number of given as to the used to
whether the used and what were asked provided from all the number events in robustness of combine IPD
included/selected was for their their IPD? studies of patients in ~ the non- meta-analysis and non-IPD
IPD studies were a concluded? IPD? desired? the non-IPD IPD studies results to the studies? If so,
potential biased set studies given given (or % inclusion/exclusi what was it
of all available (or % missing)? on of non-IPD
studies (akin to missing)? studies? If yes,
publication bias) briefly state
what was said?
11 Rovers No Not relevant 19 6 No No No Yes, 6 outof 10 No
studies included
in the meta
analysis, and the
4 excluded trials
would have not
changed the
results of the
meta-analysis.
12 Trivella No Not relevant 38 18 No No No No No
13 MeRGE1 No Not relevant 32 18 No Yes No No No
14 Noordzij No Not relevant 15 9 No No No No No
15 Lanterna Yes Funnel plot for 8 7 No Yes Yes No No
asymmetry and
regression
asymmetry test
16 Downing No Not relevant 6 4 No Yes No Yes, they No
compare the
meta-analysis
result from the 4
IPD studies with
the published
results from the 6
studies
17 Sylaja No Not relevant Unclear 4 Unclear Not relevant Not Not relevant Not relevant
relevant
18 Schaich No Not relevant 8 8 Yes No No No No
19 Warkentin No Not relevant 8 7 No No No No No
20 Goetz No Not relevant Unclear 11 Unclear Non-IPD Non-IPD Non-IPD studies Non-IPD
studies not studies not  not mentioned studies not
mentioned mentioned mentioned
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Figure 2.8: Summary of the challenges facing researchers conducting an IMPF

Identifying all relevant studies

« Unavailability of IPD in some studies
» Time-consuming and costly nature of obtaining, cleaning and analysing the IPD.

Issues within individual studies

« Dealing with skewed continuous variables and possible outliers.

« Inability of IPD to overcome deficiencies of original studies, such as being retrospective rather

than prospective, being too small for a multivariable analysis, missing important confounder
missing participant data or being of low methodological quality, etc.

* How to assess the quality of studies identified

« Dealing with the continuous variable if the linearity assumption is not achieved.

Heterogeneity between studies

« Different definitions of disease or outcome.

Different participant inclusion and exclusion criteria.

Different methods of measuring for the same prognostic factor.

« For survival data different lengths of follow-up

« Factors measured at different points in time or at different stages of disease across studies
Different (or out-dated) treatments strategies, especially when a mixture of older and newer
is combined.

Insufficient information about treatment for some of the studies.

Statistical issues for meta-analysis

* Missing data, including: missing factor values and outcome data for some participants withi
study, and unavailable factors in some studies.

« Inability to adjust prognostic effects for a consistent set of adjustment factors in each study

« Imposed choice of cut-off levels when individual studies categorise their continuous variablé
and/or categorise their continuous outcomes in their provided IPD

« Difficulty in using a continuous scale for continuous factors in meta-analysis when some stu
give IPD give values on a continuous scale and others do not (e.g. see RovEJs et al.

» Considering whether it is sensible and/or possible to investigate differential prognostic effeg
subgroups

» Potential for study-level confounding when assessing whether study covariates (e.g. year o
publication) modify the prognostic effect.

« Difficulty of interpreting summary meta-analysis results in the presence of heterogeneity ac
studies.

* When and how to account for clustering (‘one-step’, ‘two-step’ or just treat as all one study)

* How to combine IPD and non-IPD studies.

Assessment of potential biases

» Potential for publication bias and availability bias
* How to assess the robustness of IPD meta-analysis results to the inclusion/exclusion of stu

studies

2S

dies

ts in

f

[OSS

dies

only providing summary data; and how to combine IPD studies with summary data studies
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Different Methods of Measurement

If the PF has different units of measurement across studies, there is difficulty in combining
the IPD studies for the PF. Of the 20 IMPF articles, seven articles reported the problem of
different methods of measurem@nt’ 2 8 & 8 Sthree of these seven articles explained the
causes of different methods of measurement of the PF across their IPD studies and explained
how they limit and cope with this probléf’® # For example, Trivella et &f.state that

‘there are two main methods for measurement’ - so they do separate analyses for each one.

Even when the same method was used to count microvessel density (i.e., Chalkley vs. all
vessels), individual laboratories used very different procedures for measurement of
microvessel density. Four of the seven articles that reported the problem of different
methods of measurement did not attempt to limit or cope with this probfémt® For
instance, Thakkinstian et #lstated thatSince the IPD meta-analysis is a retrospective
collaboration, it is difficult to get clinical variables that have been assessed and measured
using similar methods across all studies”. So it seems they are aware of it, but haven't been

able to address it.

Missing Data

Missing data occurs when no data are available in PF or outcomes; in particular there are
three types of missing data in IMPF articles; first, the missing variables occur when there is
no data provided for a certain PF or confounding factors in some studies of the IPD studies
provided. For example, in Look et‘alfor the 15 IPD dataset, the PAi variable was not
available in some of these IPD studies. Second, missing values occurs when some values are
missing in a certain PF or confounding factors. For example, in Look*etatoss the 15

IPD dataset, there are 68 missing patients values for uPA across studies. Third, missing

outcomes occure when there is some missing values of the outcome for some patients in the
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study. All of the twenty articles reported at least one of these missing data problems. Nine
of these twenty articles reported statistical methods to limit the problem of missing data;
three of these nine articles directly mentioned to an ‘Imputation Analysis’, and gave a brief
information about the methods of doin§*if’  Three of nine articles report how they
overcome missing data. One of them reported ‘missing value analysis function” whereby
they imputed the missing data per trial using a linear regression method (e.g. Koopman et
al®?) : and in the remaining two articles the authors did not directly report to the statistical

methods, they just reported that they imputed the data (e.g. missing outcomes, missing

patient level) without any further informatiGi® °

2.5 Discussion

Meta-analysis of IPD is well-known to be the "gold-standard” approach to combining
evidence across multiple studies. This review has shown that the number of IPD meta-
analysis articles have increased dramatically over time. Further, IMPF are also achievable
and | identified 48 currently published. An in-depth evaluation of the 20 most recent IMPF
revealed their methods and reporting are often sub-optimal, and there are numerous

challenges for the IMPF approach, despite their numerous advantages over aggregated data.

2.5.1 Review Limitations

Though | used a systematic review that involved a wide search strategy to identify general
IPD meta-analysis articles and IMPF articles, there is still possibility of missing some IPD

articles and IMPF articles. Searching for and classifying IMPF articles was also not trivial,

in particular, due to different types of prognosis studies, and the lack of taxonomy that

exists in the field.

Another limitation is that the information extracted from the 20 recent IMPF articles is

dependent on reporting standards therein, and so apparent deficiencies within an IMPF
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project may be confounded by poor reporting. For example, only 3 IMPF articles referred
to a protocol for their project, but this does not necessarily mean a protocol did not exist in
the other 17 articles. Thus apparent gaps in study conduct may simply relate to gaps in
study reporting. This is particularly important given | only elicited information directly
available in the published IMPF article, and did not utilise other reports (e.g. protocols,
statistical analysis plan) or contact authors for information directly. However, it is unlikely
that the aforementioned issues would alter the main findings about the trend in IPD articles
over time; the often sub-optimal methods and reporting in IMPF and the main challenges

facing those conducting IMPF.

It is clear that IMPF articles still have many challenges. In this thesis, | tackle some of these
challenges; at the end of the thesis (chapter 8), | provide recommendations for how IMPF

projects can be improved.

2.5.2 Motivation for Further Research in this Thesis

There are many challenges facing statisticians, working within an IMPF, as identified
during the review in this chapter (Figure 2.8), and these motivate the rest of my thesis.
Missing data (e.g. missing variables, missing values and missing outcomes) is one of the
most common problems in IMPF articles. From the 20 IMPF articles, some authors deal
with this problem by omitting the missing values and excluded the variables that are missed
in some IPD studies; other authors limit this problem by using the imputation analysis to
estimate the missing data. But a clear strategy for dealing with missing data in IPD meta-
analysis is not yet established. Another issue is that some of the IMPF articles did not
account for clustering of patients within studies which might impact upon the accuracy of
their results and this needs to be examined. Also is the choice between one-step and two-

step meta-analysis approaches important?
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Handling different methods of measurement of PFs across studies is another substancial
problem not currently solved, and the strategy for modeling continuous variables and
dealing with non-linearity in meta-analysis is not established. Thus, there is an array of
statistical problems that needs to be tackled to ensure IMPF produces reliable, evidence-
based results for PFs.

In subsquent chapters | tackle some of these issues further; in particular chapter 4 and 5
compares one-step versus two-step approaches, chapter 6 considers analysis of continuous
PFs, and chapter 7 considers publication bias and availability bias. Before that | illustrate

the issues using a real dataset in chapter 3.
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CHAPTER 3

[PD VERSUS AGGREGATED DATA: AN EXAMPLE
OF THE ADVANTAGES AND PROBLEMS

3.1 Introduction

This chapter aims to show through simple analyses and empirical evidence why a meta-
analysis of aggregated data is limited severely for PF studies, and why an IPD meta-analysis
is preferred. | will focus on the assessment of uPA as a PF in patients with breast cancer, see
chapter 1, section 1.3, Table 1.2. First, | will highlight the problem of an aggregated data
review as conducted by Look et®dl.using IPD from 15 studies. | will demonstrate how

IPD allows more reliable and clinically meaningful answers. Finally, | will demonstrate that
IPD does not solve all the problems of a meta-analysis of PFs by highlighting some of the

issues for IMPF articles identified in chapter 2.

3.2 Aggregate Data of Meta-analysis of uPA in Breast Cancer

The aggregate data approach to meta-analysis of PFs was introduced and exemplified in
chapter 1, section 1.6, where the disadvantages of the approach were also noted. Some of
the issues are apparent in an aggregate data meta-analysis of urokinase-types plasminogen
activator system (uUPA) in breast cancer by Look &tfdle uPA system comprises at least

four proteins, urokinase-type plasminogen activator (uPA), its membrane-bound receptor
(UPAR) and two plasminogen activator inhibitors (PAI-1 and PAI-2). These proteins have
been suggested to be PFs in breast cancer. The balance between the expression levels of the
various component of the uPA-system could determine whether active proteolysis and
invasion takes place and whether cell migration will be affected by non-proteolytic or

proteolytic mechanisms or by both. Look et‘aleviewed the literature for the uPA system
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and relapse-free survival in breast cancer patients, and clinical important subgroup therein.
The authors identified 41 relevant studies from which aggregated data were extracted
regarding the study results; in particular, the univariate and multivariate hazard ratio results
regarding the prognostic effect of the uPA system. For simplicity, in this section the focus

is on a relation between uPA as a PF and relapse-free survival in breast cancer patients. The

other factors such as uPAR, PAI-1 and PAI-2 are excluded.

Table 3.1 shows the aggregate data that could be extracted for uPA in those 7 studies
reporting the relation between relapse-free survival and uPA for all patients. This table is
taken from Look et af® It can be seen from Table 3.1 that there are missing data for some
studies such as the number of relapses during follow up, the univariate hazard ratio (i.e. the
hazard ratio from a survival model just including uPA as a covariate) and the multivariable
hazard ratio (i.e. the hazard ratio from a survival model including uPA and also other PFs).
In addition, the variables included in the multivariable model differ from study to study,
which is likely to cause heterogeneity in the adjusted uPA results across studies.
Furthermore, there is a large difference in the choice of cut-off level among studies; for
example, in one study the cut-off level for uPA is 0.62 and in another it is 4.45, which
suggests no consistent strategy for determining the cut-off level and potentially different

methods of measurements from study to study.

Another limitation of an aggregate data approach is to examine the ability to look at uPA as a
PF in subgroups of patients. For example, one may wish to look at the prognostic effect of
uPA in those group defined by a negative and positive hormone receptors status. Only 3

studies out of 41 considered this (Table 3.2), and only one of these provided the unadjusted
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Table 3. 1:uPA and their relation with relapse-free survival in all patiénts

Study Number of  Cut-point Fraction of Number of Follow up Unadjusted Unadjusted Adjusted Adjusted hazard Other PFs’

reference  patients tumors with Relapses in months  P-value hazard ratio  P-value ratio( aHR(95%

number included levels above the¢ during follow (uHR) Cl))

cut-point up

uPA

20 229 3.0 39 48 30 <0.0001 3.22 0.0002 3.0(1.7-5.5) LN,PgR,PAI-1

17 184 0.81 23 ? 83 0.0008 ? 0.003 2.3(1.3-4.0) LN,ER

42 688 0.62 33 173 42 0.0002 ? 0.004 1.8(1.2-2.8) LN,TAM,S-phase,PgR

46 429 4.45 50 201 61 0.0023 ? 0.17 ? meno, LN, T, grade, PAI-1,
HRS

26 314 0.52 32 91 84 0.06 ? ? ? Na

45 226 0.3 50 50 60 0.014 2.04 0.044 1.89(1.01-3.50) age,LN,ER,adjCT

29 629 1.15 32 253 48 <0.0001 ? 0.01 1.46(1.1-1.95) age/meno,LN,T,PAI-

1,ER,PgR,PS2,CD

1

treatment, adjCT:adjuvant chemotherapy,CD:cathepsin D, ? Not shown, Na: not available.
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Table 3.2: WPA and its relation with relapse-free survival in hormone receptor or ER -negative and positive’patients

Study reference number Number of cut-point Fraction of Number of Follow uf Unadjusted Unadjusted Adjusted aHR(95% CI)  Other PFs
patients tumors with Relapses in P-value hazard ratio P-value
included levels above during months (uHR)

the cut-point follow up

Negative Hormone-receptor

20 59 3.0 ? 21 30 <0.21 1.79 ? ? na

13 70 10 63 ? 64 ns ? ? ? na

28 238 1.15 36 113 48 ? ? 0.11 1.38(0.98-2.05) age/meno,L
N, T

Positive Hormone-receptor

20 170 3.0 ? 28 30 0.0002 3.72 ? ? na

13 96 10 41 >14 64 <0.001 ? ? ? na

28 406 1.15 29 138 48 ? ? <0.0001 2.76(1.96-3.87) age/meno,L
N, T

z age/menopausal status: age and menopausal status, LN:Lymph-node status, T:tumor size, HRS:hormone-receptor status, TAM:adjuvant tamoxifen treatment,
adjCT:adjuvant chemotherapy,CD:cathepsin D, ? Not shown, Na: not applicable.
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hazard ratio (UHR) and adjusted hazard ratio (aHR) for each group defined by hormone receptor.

All these issues make a meta-analysis of aggregate data hard to justify here. There is much missin
data, and interpretation is severely limited by heterogeneity. Thus, meta-analysis is unlikely to be
reliable or clinically meaningful. One could try to utlise the methods of Parmatf,dbaibtain the
estimates where currently missing, but Riley ef’and Kyzas et 4| show this is problematic for
PF studies due to poor and selective reporting, and it would not solve most problems such as

inconsistent cut-off and variable selection of adjustment factors.

3.3 IPD Meta-analysis of uPA in Breast Cancer
Look et al** seek to overcome the aggregate data problems described in section 3.2 by obtaining
IPD from 18 collaborating centers in the field and they have kindly provided me with the IPD from
15 of these centers. | will now use this to demonstrate the advantages of having the IPD over the
aggregated data approath °*° An IPD meta-analysis of PFs can be tackled using a ‘one-step'
or 'two-step' approaéh® 1% 1% pyt here | use the 'two-step' approach as this most closely reflects
what the aggregate data approach is trying to acliieva the 'two-step' approach, the IPD are

first analysed separately in each study using an appropriate statistical method for the type of dat:
being analysed. For example, for time until the events occur, the Cox proportional hazard model
might be fitted. This produces aggregated data for each study, such as the PF effect estimate and |

standard error; then a fixed-effect or random-effects meta-analysis method is used to pool the dat:

across studies to estimate the summary hazard ratio (see section 1.7).

3.3.1 Advantages of using the IPD Approach for uPA
(1). Increased number of studies and events
The number of the studies in my IPD breast cancer data was 15, comprising 7435 patients and

2645events. Though the total number of the studies in aggregate data review was 41 in Look et

al%® there were only 7 studies with 2699 patients and 816 events that provided aggregated data
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PF results for uPA for the all breast cancer patients, and within these 7 studies there are missing
estimates. This indicates that the number of studies, patients and events is larger in IPD

compared to aggregated data approach. Also, if the data are classified according to confounding
factor of hormone receptor, in the aggregated data approach for LooR enbl.3 studies with

869 patients and 314 events (134 and 180 events for negative and positive hormone receptor
respectively) were available. However, in the IPD approach, the whole 15 studies was available

comprised 7435 patients with 2645 events (622 and 2023 events for negative and positive

hormone receptor respectively).

(2). Perform meta-analysis with uPA on original scale

In the IPD, uPA was available on its original scale in each &d¥yso | chose to maintain this

scale and not dichotomize, to maximise statistical power. This is not possible using the aggregate
data approach, as aggregated data results are presented with uPA analysed on dichotomized scal
with inconsistent cut-off points across studies. | thus applied a two-step IPD meta-analysis with
uPA on its original scale. In the first step | fitted a Cox model to each study sepaiately (

1 to 15), which can be illustrated mathematically as fokow

A ) =4, ¢)exp[ 4 WPA (3.1)

where uPA is a continuous PF. In the second stage, | fitted a random-effects meta-analysis model

to estimate the effect size of the Fﬁ’f as follows:

B~ N(B, var(f3)) (3.2)

B~ N(B.,T*)

where B is the average log hazard ratio across studies, @nds the between study
heterogeneity in log hazard ratio. Figure 3.1 shows a forest plot of this IPD meta-analysis. It can

be seen that there is large heterogeneityl as 87.4 % ; this means 87.4% of the total
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variability among effect sizes is caused by between study heterogeneity. The pooled hazard ratio
is 1.22 which means that the mean effect ( average of hazard rate) increases by 22% for every
one unit increase in UPA; with 95% confidence interval for the average hazard ratio lies between
1.15 and 1.31. Thus it does not include one, and indicates a statistical significant relationship
between uPA and RFS on average. Thus, even despite the heterogeneity, there is still strong
evidence that uPA has prognostic value in an individual study setting. The estimated between-
study variance of the true hazard ratfo, is 0.0085.

Figure 3.1: A forest plot for uPA and RFS from the 15 IPD studies for the
breast cancer patients.

The forest plot for uPA and RFS
Random effect

%

trial n ES (95% CI) Weight
2710 0: 1.11(1.08, 1.14) 12.90
688 }—0— 1.72 (1.33,2.24) 4.23
12 653 re— 1.16 (0.98,1.36) 7.18
6 554 i —— 1.68 (1.34, 2.10) 5.20
10 499 }* 1.43(1.26,1.63) 8.71
14 440 = i 1.03 (0.94, 1.12) 10.81
15 322 . 1.03(1.01,1.05) 13.02
7 318 *:- 1.17 (1.01,1.35) 7.96
4 268 +‘— 1.61 (1.07,2.42) 2.15
13 226 ——— 1.59 (0.93,2.70) 1.35
11 199 —+— 1.23(1.02, 1.47) 6.47
2 184 }—*— 1.56 (1.32,1.85) 7.00
9 149 —— 1.74 (1.14,2.67) 2.01
8 88 -o-i 1.05 (0.96, 1.14) 10.76
5 69 1.49 (0.42,5.32) 0.26
Overall (I-squared = 87.4%, p = 0.000) —é— 1.22 (1.15,1.31) 100.00
with estimated predictive interval i (0.99, 1.51)
NOTE: Weights are from random effects analy: is:
T T T T T

1 .3 A5 1 2 3
Hazard ratio

(3). Examine prognostic factors in subgroup of patients

Another advantage of IPD is to look at the prognostic effect in specific subgroup of p&tients
For example, one may wish to look at the effect of uPA in subgroup defined by hormone
receptor status (e.g. negative or positive hormone receptor). This may lead to more specific

recommendations about the role of uPA in individual patient, and help reduce between study
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heterogeneity. As discussed in section 3.2 this was very difficult using aggregate data, due to

the poor reporting of subgroup results, see Table 3.2.

In each study, | fitted Cox proportional hazard model for each hormone receptor group

separately, the negative hormone receptor group model is as follows:

A, ©) = A, (t)[exp[ B, [UPA] (3.3)

where S, refers to the negative hormone receptor group. The positive hormone receptor model

in each study is:
As, ) =Ag, ©)lexp[S; [UPA (3.4)

where S; here refers to the positive hormone receptor, for each study group separately. | then

peformed a random-effects meta-analysis of fgeor ,E’JJ. estimates , as in equation 3.2.

Figure 3.2 shows the subgroup meta-analysis results obtained. In positive hormone receptor
1> = 78.1 %, which means that 78.1% of the total variability amaifgcts sizes is due to
between study heterogeneity. The estimated variance of the true effect size of the positive
hormone receptor groug is 0.0101. The estimated average hazard ratio for a 1-unit increase
in uPA in the patients who had a positive hormone receptor is 1.21; this means that the hazard
increases by 21% for every 1-unit increase in UPA for the patients with a positive hormone
receptor. The 95% confidence interval is between 1.13 and 1.30; it does not include one
indicating a statistically significant association between uPA and RFS for patients who have

positive hormone receptor.
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Figure 3.2: A forest plot for uPA and RFS from the 15 IPD studies for breast cancer patients
after grouped by hormone receptor.

The forest plot for uPA and RFS after stratified
by hormone receptor (random effect)

%

studyid N ES (95% ClI) Weight
Positive HR ||
1 2242 . 1.11(1.08,1.14) 9.67
2 107 | —— 2.22(1.44,343) 1.19
3 488 —— 1.65(1.11,2.44) 1.40
4 205 | —— 2.70 (1.42,5.12) 0.59
5 27 : - 2.90 (0.09, 93.10) 0.02
6 450 |- 1.77 (1.37,2.28) 2.83
7 243 - 1.15(0.94,1.40) 3.96
8 66 * 1.04 (0.94,1.15) 7.20
9 122 ILO— 1.73(1.12,2.67) 1.19
10 400 * 1.46 (1.23,1.75) 4.44
11 155 [ 1.23(0.99,1.52) 3.59
12 598 - 1.15(0.96,1.38) 4.35
13 177 || ——— 4.32(1.32,14.15) 0.18
14 329 4 1.01(0.92,1.11) 7.34
15 252 L g 1.06 (1.02,1.10) 9.43
Subtotal (I-squared = 78.1%, p = 0.000) -?- 1.21(1.13,1.30) 57.38
with estimated predictive interval | (0.97, 1.50)
Negative HR :
1 468 * 1.09 (1.00,1.20) 7.52
2 77 |+ 1.37(1.13,1.66) 4.06
3 200 T 1.47(1.02,2.12) 161
4 63 . 1.25(0.59,2.64) 0.44
5 42 ——e 1.42(0.39,5.22) 0.15
6 104 —-|5— 1.25(0.75,2.07) 0.91
7 75 - 1.12(0.92,1.37) 3.90
8 22 - 1.08(0.88,1.34) 3.63
9 27 —_—r— 1.44 (0.28,7.35) 0.10
10 99 b 1.32(1.09,1.60) 4.02
11 44 -+— 1.22(0.85,1.75) 1.66
12 55 —r 1.03(0.68,1.57) 1.27
13 49 —— 0.96 (0.42,2.21) 0.36
14 111 - 1.14 (0.91,1.43) 3.37
15 70 . 1.00(0.98,1.03) 9.66
Subtotal (I-squared = 48.3%, p = 0.019) % 1.14 (1.06,1.24) 42.62
with estimated predictive interval : (0.94, 1.40)
Overall (I-squared = 73.3%, p = 0.000) 0— 1.17 (1.12,1.23) 100.00
with estimated predictive interval | (0.98, 1.40)

I

NOTE: Weights are from random effects analvsi_F
| |

.01 dl 1 10 100

Hazard Ratio

In negative hormone receptof, =48.3%, which indicates that there is still heterogeneity
across studies, but the proportion of heterogeneity for negative hormone receptor patients is
much less than for positive hormone receptor. The estimated variance of the true effect size for

negative hormone receptor group is 0.0072. The estimated average hazard ratio is 1.14
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slightly less than the average hazard ratio estimate for positive hormone receptor, and the 95%

confidence interval, for negative hormone receptor is between 1.06 and 1.24.

The 95% confidence interval for the average hazard ratio is again entirely above 1. So, these
analysis have shown that uPA is, at least on average, prognostic for RFS in both subgroup
defined by hormone receptor status. A test of a subgroup effect (i.e. a difference in hazard ratio
between hormone receptor groups), using a meta-analysis model was not significant. This can be
seen by the largely overlapping confidence intervals for the average of the meta-analysis

results.

(4). Adjust analyses for a consistent set of other PFs

Another advantage of IPD is to look at PFs whilst adjusting consistently for other variables. To
demonstrate this, | will look at the effect of uPA in all patients after adjusted by age. First, in
each study separately | fitted a Cox proportional hazard model for uPA in all patients after

adjusting by age. The model is written below:
A €) =4, O)exp[S; WPA+ B, [agd (3.5)

Wherep;; andp,; refer to the In(HR) for a 1-unit increase in uPA and age respectively. Then |

fitted a random-effects meta-analysis of ]zﬁ}eestimates obtained.

Figure 3.3 shows the forest plot for this meta-analysis. The estimated between study variance of
the r? is 0.0088. The results again show that the uPA is an independent PF even after adjusting

for age. Such a finding was not available without IPD.
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Figure 3.3: A forest plot for uPA and RFS from the 15 IPD studies for

breast cancer patients after adjusted by age

The forest plot for uPA and RFS adjusted by age
Random effects
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(5). Assess the interaction between two PFs as an additional PF

Another advantage of the IPD approach is to measure the effect of the interaction between two

PFs. For example, | now assess whether the interaction between uPA and age is an independent F

itself, over uPA and age themselves. | fitted the cox proportional hazard model as follows in each

study:

A1i(t) = Api(t).exp [ B1i - uPA + Byi.age + Bs;. (UPA * age) (3.6)

Then | fitted a random-effects meta-analysis tofheestimates.
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Figure 3.4: A forest plot for the interaction between uPA and age after
adjusted by uPA and age from 15 IPD studies for breast cancer patients

The forest plot for the interaction between uPA and age
after adjusted by uPA and age

study %
ID n ES (95% CI) Weight
|

1 2710 . 1.00 (1.00, 1.01) 21.16
2 184 4 1.02 (1.00, 1.04) 2.87
3 688 0.99 (0.97,1.02) 1.98
4 268 - 0.96 (0.91, 1.01) 0.53
5 69 -+ 1.01(0.90, 1.14) 0.11
6 554 1.00 (0.98, 1.02) 3.55
7 318 1.01 (0.99, 1.02) 5.35
8 88 1.00 (0.99, 1.01) 13.10
9 149 > 1.04 (0.99, 1.09) 0.65
10 499 0.99 (0.98, 1.00) 8.50
11 199 . 0.99 (0.98, 1.00) 6.16
12 653 1.00 (0.98, 1.01) 5.09
13 226 —— 0.77 (0.64, 0.93) 0.04
14 440 1.00 (0.99, 1.01) 9.51
15 322 . 1.00 (1.00, 1.00) 21.39
Overall (I-squared = 65.8%, p = 0.000) 1.00 (1.00, 1.00) 100.00
with estimated predictive interval . (0.99, 1.01)

T T T T T

a1 2 B 1 2 5

Hazard Ratio

It can be seen from Figure 3.4 that the hazard ratio is one which indicates that there is no
significant effect for the interaction between uPA and age on risk of mortality (P-value > 0.05);

and there is heterogenity across studies (65.8 %). Note that without the IPD, you are reliant on the
studies themselves reporting the interaction estimates and their standard errors, but this rarel

happens in practice and was not available in aggregated data approach here.

The five illustrated advantages show some of the key advantages of the IPD approach over the
aggregate data approach, using more patients and events to consider PFs in subgroups and havi
adjusted for other factors. Other advantage exists, such as modeling non-linear trends (see chapt
6). But, as identified in chapter 2, there are still numerous challenges for conducting the IPD

approach. I now illustrate some of these:
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(1). IPD not available for all studies

Though the number of the IPD studies for Look éf alas 18 studies, only 15 IPD studies were

provided to me. The other three studies were not provided to me as the original authors refused,
as they also wanted to use their data for methodological research. This reflects sensitive issues
around data sharing, and was seen in my review in Chapter 2, where many IMPF projects could

not obtain all the IPD required.

(2). Missing data

There are missing data in the Look et“alPD dataset. There are missing variables in some
studies. For example, some PFs are entirely missed in some IPD studies (i.e. PAI-1), and some
PFs have missing values for some patients in some studies (e.g. in total there are 68 missing

patients values for uPA across studies).

(3). Different methods of measurements

Look et al** report that the uPA was measured using either an Enzyme-linked immunosorbent
assay (ELISA) kit, a Luminometric Immuno Assay (LIA) kit, or a protein assay kit. Of the
ELISA kits, there were 3 different varieties used across studies; of the LIA kits, there were at
least 2 different varieties; and of the protein assay kits, there were 3 varieties. Lobknettel.

that this causes heterogeneity in UPA values across studies, causing the median and range of
uPA values to vary from study to study. This will undoubtedly be contributing to the
unexplained heterogeneity in my illustrated meta-analyses. Look'&trglto overcome the
problem by transforming uPA values in each study onto a rank score, but | do not consider this
here as their approach has not been validated in a methodological paper yet, and the

transformation does not aid clinical interpretability.
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(4). Model assumptions

Another advantage of having IPD is the ability to check model assumptions. But the issue arises
about what to do if model assumptions fail in some studies? | checked the assumption of
proportional hazards for each of the 15 IPD studies separately, and found that in 14 out of 15
studies the assumption holds for RFS and OS, with a P-value for uPA from schoenfeld residuals

test > 0.10. This generally confirms that Cox proportional hazard assumption is a suitable

model. One could do a sensitivity analysis including and excluding the ‘fail’ study, and this does
not change conclusions here. | also checked the Cox proportional hazrd assumption for uPA
transformed in a rank score, whick look et*alused to overcome different methods of
measurement, | found that the proportional hazard assumption does not hold in 3 and 4 studies
for RFS and OS respectively, which indicates that the Cox proportional hazard model is not
suitable in this case, and so further reasons are to why the rank trandformation appears

inappropriate.

(5). Availability bias and publication bias

Another concern for the IPD approach is that the set of available IPD studies may be influenced
by publication bias or availability bias, where the studies providing IPD are a biased set of all
studied® %2 One way to assess such bias is by funnel plot which is a graphical tool for displaying
the relationship between study effect size and its pre¢®iotf there is no bias, the assumption

is that the graph display a funnel shape with more variability around the average value across
studies with low precision than across studies with high precision; asymmetry in the plot may
indicate availability or publication bias, though it is known that given heterogeneity asymmetry

may also occur naturaf$.

Figure 3.4 shows the funnel plot for the In(HR) estimates for the univariate uPA in the 15 IPD

studies. It can be seen from the graph that there does appear to be asymmetry with more studies

[102]



to the right of centre, than the left. Availability and publication bias may be causing this Egger's
test of asymmetry to be highly significant (P=0.002), see Eggel®®t®&ius, if availability or
publication bias is causing the asymmetry, then the PF result is likely to be biased in favour of
uPA being prognostic here. This issues is investigated again in chapter 7. Of course, the
asymmetry may also be due to other reasons, such as the heterogenity covered by different

methods of measurement

Figure 3.4: Funnel plot for assessment of availability bias in the 15 IPD
studies in breast cancer, in relation to the meta-analysis of uPA for RFS
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3.4 Discussion

In this chapter | have produced some very simple examples to demonstrate the problem of the
aggregate data approach to meta-analysis of PFs and the advantages and the challenges of the
IPD approach, in the context of whether uPA is a PF in breast cancer. The works builds on the
review in chapter 2, that showed IMPF articles are increasingly common but that there are many

challenges therein.

In Jones et a° the authors compared between IPD and aggregated data meta-analysis
approaches for repeated measurments models. The authors reported for two problems for meta-

analysis of aggregated data: (i) the lack of the information about the correlation coefficients; (ii)
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the effect of the missing data at the patent-level. This generally confirms my results here that
there is a lack for the information of the aggregated data across studies. In Lymafthet al.
authors investigate the strengths and limitations on aggregated data. The authors concluded that
IPD approach has many advantages over aggregated data. However IPD approach still have
some limitations such as the cost and the time required to collect these data. This is again
compatible with my conclusionAlso, in Stewart et al’’ the authors investigated whether there

is a difference between aggregated data and IPD data results, by applying on randomised trials of
cisplatin-based therapy in ovarian cancer; the authors stated kimatésults of a meta-analysis

of the literature alone may be misleading. Whenever possible, a meta-analysis of updated
individual patient data should be done because this provides the least biased and most reliable
means of addressing questions that have not been satisfactorily resolved by individual clinical
trials’.

In Berlin et al®® the authors compared between IPD and aggregated data approach by applying
on 5 randomized trials; in particular, they investigate the benefits of anti-lymphocyte antibody
induction therapy among renal transplant patients; they also considered the subgroup analysis to
see whether the treatment might be more effective with a certain group of patients. The authors
stated that ‘Although patient-level analyses are not always feasible, for reasons of time and cost,
we suggest that such analyses be used whenever subgroup analyses are deemed important.’
Further in Smith et af the authors concluded that when IPD are available, it improve the
potential to investigate and explain heterogeneity across studies, and also the clustering across
studies can be undertaken by using hierarchical modélese two articles are consistent with

my findings that the IPD data is better than aggregated data if subgroup analyses are required.

In Williamson et af'® the authors stated thavlethods of estimating log(HR) and its variance

and constructing graphical displays using aggregate data extracted from published survival
curves can only be approximate and will often be constrained by the quality of such Figures. The

limitations of using survival curves to estimate the log (HR) include survival curve inter-reader
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variability and the need to make some assumption about censdimtythe authors also stated

that ‘A significant discrepancy would indicate that the aggregate data meta-analysis is
unreliable and individual patient data are needethis again indicates that the results from
aggregated data are often unreliable, and IPD meta-analysis approach is in favour over

aggregated meta-analysis approach.

In conclusion, IPD approach have many advantages over the aggregated data approach, however
it still have some challenges and pitfalls (e.g. missing data, publication bias, nonlinear trend).
Solving some of these problems forms the motivation for the remainder of this Ph.D thesis. In
particular, in the next two chapters | develop one-step and two-step methods of meta-analysis
and undertake a simulation study to investigate and generalize which model is the best. In
addition, in chapter 6 I will examine the effect of nonlinear trends by using fractional polynomial
models within one-step and two-step approaches. Then, in chapter 7 | will examine the extent of

publication bias in IMPF articles.
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CHAPTER 4

STATISTICAL MODELS FOR FIXED-EFFECT IPD
META-ANALYSIS OF A SINGLE PROGNOSTIC
FACTOR WITH A BINARY OUTCOME

4.1 Introduction

Chapter 2 identifiednany issues for an IMPF; one such issue is how best to perform meta-
analysis, and which statistical method is best to use. In particular should the meta-analysis
account for the clustering of patients within studies, and is a one-step or two-step method more
appropriate? Recall that through my reviewing of the 20 IMPF articles in chapter 2, 14 of the
20 articles mentioned they accounted for the clustering of patients within studies in their
analysis. Five used a 'one-step' meffidt® # “with study as a covariate, seven used a 'two-
step' methof ™ 7 77 79 83 9gne ysed both 'one-step' and ‘two-step' approdctesl one
accounted for clustering but it was not clear whether a ‘one-step' or 'two-step’ wés lased
addition, five other articles used a 'one-step' method but did not account for clustering of patients
within studies, essentially treating the IPD as if it is from one study. Indeed, it is clear that the
statistical differences between one-step and two-step method is still unclear, as there is not a

common used approach, and even accounting for clustering is not always considered important.

In this chapter, | develop a range of possible IPD meta-analysis models for examining a single
PF for a binary outcome. These include one-step and two-step approaches, and those that do or
do not account for clustering. Other studies have shown that non-linear models that do not
account for important covariates produce estimates that are attenuated toward$ the'ritile

4 IPD studies of the TBI dataset that investigate whether there is an association between age as a
PF and probability of death by 6 months (see Table 1-2) is used to illustrate the methods. Note

that in this chapter | do not consider methods that account for heterogeneity in PF effect across
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studies as there is no heterogeneity for the TBI dataset (see section 1.7.3). However, extension

of the model to include random-effects is briefly considered.

4.2 Overview of Possible Fixed-effect IPD Meta-analysis Models for a
single PF and Binary Outcome

Assume that there aie=1 to n independent IPD studies that each assesses the binary outcome

of interest for N, patients. Lety, be the binary outcome (1=dead, O=alive) of patienin
study i and let X, be a PF, which could be continuous or binkry Each IPD study thus

provides Y, and X, forthen, patients in the study.

A range of different models are potentially available to meta-analysis such IPD (see Table 4.1).
The difference in the model structure arises from using a one-step or two-step approach;
accounting for unexplained residual variation due to the included factor; whether clustering of
patients within studies are accounting for, and whether the correlation béywerd  was

utilised in meta-analysis. | will explain these models in details in the following sections. The
models adapt those proposed by Riley ét’dor modelling baseline risk; here the focus is not on

the baseline risk itself but on the PF effect.

4.3 Possible Two- step Models

In the 'two-step' approach, the IPD are first analysed separately in each study using an
appropriate statistical method for the type of data being andR/$Ed! for example, for a

binary outcome a logistic regression model might be fitted. This produces aggregate data for
each study, such as the PF effect estimate and its standard error; these are then synthesized in th
second step using a suitable model for meta-analysis of aggregate ®Jaguch as one
weighting by the inverse of the variance whilst assuming fixed or random PF effects across

studies, see chapter 1. The two-step approach naturally accounts for clustering of patients within
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studies by analysing each study seperately. For our situation the possible two-step models are

given below, assuming a fixed-effect across studies.

4.3.1 Model 1: Fully Two-step Model (not applicable)

Model (1) is written as follows:

First step: logit(P;y) = <+ BiXix+ ik
e ~N(0,07)
Second step: Bi =B +e (4.1)

el-~N(O, Var (ﬁi))

«; is the log-odds of event in studyfor patients withg, = 0; B; represents the change in log-
oddsof the event for one unit increasexp . Also, x;;, is the PF for the patierk in studyi. In

the second step the pooled PF effect gizacross IPD studies is estimated by assuming a fixed-
effect method as discussed previously. Note whais the relative weight for each studySee

section 1.6].

In the first step the PF effect size, fi.e. log-odds ratio) is estimated by using a logistic
regression model ieach study separatelypgit (P;,) specifies a separate log-odds for each
paient in each IPD study, Note tha} has variance >, where g’ represents the variance

in logit(P;,); & is the residual error around logit;(} for patientk in studyi; this is akin to
alinear regression, where you have residuals for each patient around the fitted line. Rgwever

is impossible to estimate here becaggeneasures the within-study variance for each patent

in each study, and the event for each patient just occurs once, so it is impossible to estimate the

residual variance for each patient (.as you do not know!dgit (P;;,) value) and sar is not
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identifiable; model 1 is thus not estimable. Note that model 1 is estimable if the outcome is

continuous, and | did not consider that in my thesis, as the focus here is on binary outcome.

4.3.2. Model 2: Standard Two-step Model
Model 2 below is similar to model 1, except that in this model | assume that there is no residual

variation, and thus remove thg as follows:

First step: logit(Py,) = o;+ Bixix

Second step: Bi =B +e
e;~ N (0,Var (8)) (4.2)
- XK wiB
ﬁ - Zzl_'czlwi

The parameters in model 2 are as defined as in model 1. This is now estimable.

4.3.3 Model 3: Advanced Two-step Model
However, it is possible for an intermediate model between model 1 Ahdr2model 3, |

specify a distinct error termy; (it for each set of patients with the same value;pf in each

IPD study. This allows for unexplained variation due to the covarjatdéo be accounted for.
Residual variation due to other unmeasured covariates is not considered; for the reasons outlined

in section 4.3.1. Model 3 is written as follows:

First step: logit(Pyc) = o+ BiXuct €y,

2
Si(xik)~N(O' O—i(xl-k) )

~

Second step: pi=p+e; (4.3)

ei~N(O, Var (,[?i)),

K A
Yi=1 Wi bi
k

/Bz
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The parameters here have the same interpretation as in m@déel)lrelates specifically to the
Xik
remaining unexplained within-study variation in studgaused by the PF; in other words, it is

the variance due tog, in studyi that is not explained by the specification Bf X, in the
modef*? For example, ik, should be included as a quadratic term in truth, but ghly, is
included then there will be residual variation. However, the approach only works Xyhes a

continuous covariate, with multiple patients with exactly the s§malue as in the TBI example

(it may also be possible for the categorical variable when the number of categorize need to be
large); otherwise the residual variation is impossible to estimate as discussed in section 4.3.1.

Note thatel-(xik) denotes the within-study error in studyor patients with the same PF value as

patientk.

4.3.4 Model 4: Bivariate Fixed-effect Two-step Model

Models 1 to 3 did not account for the correlation betwéeandz in the second step model, so
the question is raiseds it necessary to account for the correlation betweerand 3 in the
two-step meta-analysis? other wordsdoes the correlation betwees and ,é effect on the

estimated pooled value @ in the two-step meta-analysis? Bivariate fixed-effect meta-analysis

model (BFMA) is used to consider within-study correlatt8i?? but before | explain the BFMA

model | applied logistic regression model to one primary study of TBI dataset to see whether
there is correlation betweed and 4 within a single study. | found that there was a large
negative correlation (-0.938) betweeh and # (when the estimated value of the PF increase,

the intercept decrease). Thus this correlation can be accounted for by performing a BFMA

model.
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BFMA is a statistical model that synthesis andp; together accounting for their correlation;

model 4 can be written mathematically as follows:

First step: logit(Py,) = <+ Bixix

Second step: (;l) ~N (CZ , 6i), (4.4)

B (var(&i) cov(&;, ) )
£\ cov(&y, Bi) var(B;) |
o¢; ~ N(e,77)
Where J, is the within-study covariance matrid and g are estimated by using restricted
maximum likelihood methdd" ' Now cov(&;, ;) = —var(a@;) if X, is binary (see Appendix

B1 for the proof of this). In this situationif = 0 then 8 andvar(B) from the bivariate meta-
andysis of model 4 are equivalent tpAndvar(B) from a standard univariate meta-analysis (as

in step 2 of model 2), see appendix B2 for proof. This is perhaps why traditional meta-analysis
methods do not worry about within-study correlation as where effect size relates to a binary
covariate (e.g. a treatment), it makes no difference if the baselinexfjstré simillar. However

if 72 # 0 thenf can differ if correlation is ignored (model 2) orcaanted (model 4). This will

be shown in section 4.5. Note that compared to previous models, model 4 makes an additional

assumption that thec; are normally distributed about a meanNote also that if X, is

continuous 8 andvar (B) can also differ between a BFMA utilising correlatimd a univariate

model.

4.3.5 Model 5:Bivariate Fixed-effect Advanced Two-step Model
Model 5 below is similar to model 4, except that in this model, we assume that there is also

remaining residual variation duext@. Model 5 is written as follows:
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First step: logit(Py) = o+ Bixjx+ €i i)

~N(0,0% )

e .
Hoxie) “(rik)

R .
Seond step: <ﬁl> ~N (Ofé , Si),

i

var(&;) cov(&;, By (4.5)
P= cov(&;, B;) var(B,) )

oc; ~ N(e,72)

The parameters in model 5 are as defined as in model 3 and 4.

4.4 One-step Models

In the 'one-step’ approach, the IPD from all studies are modeled simultaneously whilst potentially
accounting for the clustering of patients within studies; this again requires a model specific to the
type of data being synthesized, alongside appropriate specification of the meta-analysis

assumptiors 66 6994100124120 o fixed or random-effects across studies), see chapter (1). | now
consider possible one-step models for meta-analysis of the prognostic effect of a cgyariate

from IPD studies under a fixed- effects assumption.

4.4.1 Model 6: Ignoring the Clustering of Patients within-studies
Model (6) fits a logistic regression, by pooling all of the data together without considering the

clustering of patients within-studies (considering all patients as if they came from one study).
logit(Py,) =« +Lxx (4.6)

This model specifies a single value for the intercept term (log-odds of the event for a patient
withx;, = 0) for all of the patients in all studies, and thusaiges the clustering of patients

within-studies entirely (essentially assuming a constant baseline risk in each guthgicates

the change in log-odds of the event for one-unit increasg,iand again this is assumed the
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same (fixed) in each study. Note this model does not have a two step counterpart, as the two-step

method naturally assumes a differentin each study.

4.4.2 Model 7: Ignoring the Clustering of Patients within-studies and
Accounting for any Remaining within-study Error across Patients with
the Same PF Values

Model 7 is similar to model 6 in that it ignores clustering of patients within-studies, but it also
accounts for any remaining within-study error across patients with the Samalues, that is
not explained by the inclusion gfx, in the model; in this sense it is similar to the first step of

model 3
logit(Py) =X +Px; + &x,, (4.7)
2
exy~N(0, 0%, )

The parameters here have the same interpretation as in model (6), excepjdbabtes the
within-study error in all IPD studies for patients with the satpevalues; normally distributed

about a common mean of zero and variadgfslg. As for model 3a,§ik relates specifically to the

remaining within-study variation due #g, that is not explained by the specification 8, in

the model.

4.4.3 Model 8: Accounting for the Clustering of Patients Within-studies
by using Indicator Variables

While models 6 and 7 ignore the clustering of patients within studies, model (8) accounts for the
clustering of patients within studies by including study indicators, that allow a separate intercept
term for each stud$’. This model estimates the effect size of the PF across IPD studies as

follows:
logit(P;) =+ Bxix (4.8)
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Wherea; is the log-odds of event in studwhen X, =0 and g is the fixed PF effect size;

it indicates the change in log-odds for a one-unit increasg. in

4.4.4 Model 9: Accounting for the Clustering of Patients within-studies by
using Indicator Variables and Accounting for any Remaining within-
study Error across Patients with the Same PF Values

Model 9 is an amalgam of models 7 and 8. Model 9 is similar to model 8 in that it accounts for
the clustering of patients within studies by using study indicator variables, and similar to model

7 in that it accounts for any remaining within-study error across patients with thexgara@ies

for each IPD study

logit(Py) =+ By, + €itxi) (4.9)

~N(0,62 )

Ciag) Yxix)

The parameters here have the same interpretation as in model (8), with addit'gg;g}gllgiving

the within-study error in each studyfor patients with the sameg,xvalue.

4.4.5 Model 10: Accounting for the Clustering of Patients within-studies
by Placing a Random-effects on the Intercept term (Different Intercepts
in each Study)

Model 10 is similar to model 8 in that it accounts for the clustering of patients within studies, but
it achieves this differently. Whereas model 7 estimates a separate intercept for each study, model
10 places a random-effects on the intercept term to allow it to vary across studies according to a

normal distribution with mean, and variance?
logit(Py,) =+ Lxix (4.10)

Ocl' ~ N(OC, Tg_,)
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The parameters here have the same interpretation as in model 8. Howewssulyng
nomality of the intercept value across studies, it makes a stronger assumption than Model 8

which does not impose a normal distribution relationship foethe

4.4.6. Model 11: Accounting for the Clustering of Patients within Studies
by Placing a Random-effect on the Intercept Term and Accounting for
any Remaining Within-study Error across Patients with the Same PF
Values

The final model, Model (11), is an extension of Model (10) to allow for residual variation across

paients with the same value xf, similar to model 3, 5 and 9.

lOgit(Pik) =0(i+ ﬂxik + &; (411)

Yxiky

~ N0 )

& (xix)

K~ N(OC, Tg:)

The parameters here have the same interpretation as in model 9,-2( ar}chre the remaining

Xik
residual variation caused b, that is not accounted for by the inclusion8%, in the model.

For simplicity here, the covariance betwe@aik) and «; is assumed zero, but this can be

relaxed if necessary.

4.5 Summary of all of the possible IPD models by using two-step and
one-step approach

All of the possible models that explained in section 4.3 and 4.3 are summarized in Table 4.1.
Again, the difference in the model structure arises from using a one-step or two-step approach;
accounting for unexplained residual variation due to the included variable, whether the clustering
of patients across studies are accounting for, and whether be®&yeamd §; was utilized in

meta-analysis.
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Table 4.1: Summary of all of the possible IPD models by using two-step and one-step approach

Model One-step or Account for clustering of patients

Account for Accounting for

No. Two-step within studies (if yes, how) remaining correlation
method residual between&;and
variation due tc B; in the meta-
the included analysis?
PE?
1 Two-step  Yes -by using two-step method Yes ‘fully’ antllo
not applicab
2 Two-step  Yes -by using two-step method No No
3 Two-step  Yes -by using two-step method Yes ‘partial’ No
4 Two-step  Yes -by using two-step method No Yes
5 Two-step  Yes -by using two-step method Yes ‘partial’ Yes
6 One-step No No Yes
7 One-step No Yes ‘partial’ Yes
8 One-step  Yes-by using indicator variables of the No Yes
studies
9 One-step  Yes-by using indicator variables of the Yes ‘partial Yes
studies
10 One-step  Yes-by placing a random intercept ternNo Yes
(different intercept in each study)
11 One-step  Yes-by placing a random intercept tern¥es ‘partial’ Yes

(different intercept in each study)

4.5 Methods of Estimation

Note here that all one-step models naturally account for correlation betweserd g terms as

they are estimated together. Model 2 and 4 (in two-step approach) and model 6, 8 and 10 (in one

step approach) can be fitted classically by using maximum likelihood estimation. In contrast,

model 3, 5 (two-step) and model 7, 9, 11 (one-step) are mixed models contain both fixed and

random effects; the fixed effects are analogues to standard logistic regression coefficients and

they can estimated directly by using maximum likelihood estimation. The random effects are not

directly estimated but are summarized according to their estimated variances and covariances.

The distribution of the random effects is assumed to be Gaussian, and an adaptive quadrative

method is used to estimate the random effects for the model; this was undertaken by using the

xtmelogit procedure in STATA' 128
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4.6 Application to the TBI Data

4.6.1 Application for Continuous PF
| now apply models 2 to 11 to the TBI dataset to examine ifXpgés a continuous PF for risk

of six month mortality. Table 4.2 gives the results and | now discuss this.

Heterogeneity

Recall as in Chapter 1.7.3 there is no heterogeneity across studfes 8% in this dataset,

thus the fixed-effect approach is appropriate here. Though the aforementioned models can be
extended to allow for heterogeneity for in the PF effect, this can be considered as future work

(see chapter 8).

Two-step Models

Odds Ratio

As can be seen in Table 4.2, there is barely any difference in the pooled odds ratio estimate
between models 2 to 5; as the pooled odds ratio is from 1.38 for the 4 models. All of the two-step

models produce p-values <0.01, which indicate that there is a significant association between age

and mortality rate (i.e. age is a PF).

Standard Error and Confidence Interval for ,[?

There is barely any difference for the confidence interval and standard erpér loétween

models 2 to 5; however, the standard errors for models 3 and 5 are the highest stand&fd errors

as these models account for the residual variance for the same value(s) of the PF in each study.
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Table 4. 2: Meta- analysis results from possible IPD meta-analysis models to the TBI data when age is continuous.

Model Model Accounting Accounting for  Accounting Odds ratio 95% confidence Ln (odds ratio) 95% Within study P-value for
type number for residual for interval for Odds and s.e. confidence variance pooled
clustering variation due correlation ratio interval for Ln 2 effect-size,
to x;; Odds ratio gi ,é
" Model 2 Yes No No 1.38 1.29-1.45 0.32 (0.030) 0.26 -0.37 - <0.01
7]
O
]
€
o Model 3 Yes Yes No 1.38 1.29-1.46 0.32(0.031) 0.26-0.38 Studyl=6.30e-11 <0.01
% Study 2= 0.026
& Study3= 0.008
S Study4=0.003
= Model 4 Yes No Yes 1.38 1.29-1.46 0.32 (0.030) 0.26-0.38 <0.01
Model 5 Yes Yes Yes 1.38 1.29-1.46 0.32(0.031) 0.26-0.38 ---- <0.01
™ Model 6 No No Yes 1.41 1.33-1.49 0.34(0.029) 0.29-0.40 ---- <0.01
K] Model 7 No Yes Yes 1.42 1.33-1.51 0.35(0.032) 0.29-0 .41 0.013 <0.01
'8 Model 8 Yes No Yes 1.37 1.30-1.45 0.32(0.029) 0.26-0.37 - <0.01
€
% Model 9 Yes Yes Yes 1.38 1.29-1.46 0.32(0.031) 0.26-0.38 Studyl= 2.32 e-09 <0.01
- Study2=0.042
) Study3=8.44e-13
8 Study4= 0.001
Model 10 Yes No Yes 1.38 1.29-1.46 0.32(0.030) 0.26- .38 0.196 <0.01
Model 11 Yes Yes Yes 1.39 1.31-1.48 0.33(0.031) 0.27-0.39 Studyl= .003 <0.01
Study2=.049
Study3=.011

Study4= 3.56e-09

N.B. all of results in this Table have been estimated by using STATA software, and the stata modules to fit the two-step models are logit , xtmelogit and metan; for

one- step models, the models are logit and xtmelogit

Appendix C

128
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One-step Models

Odds Ratio

As can be seen in Table 4tBere is very little difference for the odds ratio between models 6 to
11. The pooled effect size is slightly higher in models 6 and 7 which ignoring clustering of
patients within studies, with odds ratio increasing from 1.37 to 1.41 and 1.42 respectively. All of
the one-step models produce p-vaue <0.01, which indicate that there is a significant association

between age and mortality rate, i.e. age is a PF.

Standard Error and Confidence Interval for ,[?

There is very little difference for the confidence interval and standard error between models 6 to
11; however the standard error for model 7, 9 and 11 are slightly higher, as this model account

for the residual variance for the same value(s) of the PF in each study.

Two-step versus One-step Models

Odds Ratio

There is very little difference for the odds ratio between models 2 to 11 and thus little difference
between two-step and one-step; however one-step models 6, and 7 increase the pooled log odds
ratio slightly from 0.32 to 0.34 and 0.35; which equates to an increase of the odds ratio from 1.38
to 1.41 and 1.42 respectively. This is due to model 6 and 7 ignoring the clustering of patients
within studies. Also, it is clear that age is a PF as all of the one-step and two-step models yielded
P-value < 0.01, and the confidence interval of the PF (e.g. age) for all models do not include one.
This indicates that all of the one-step and two-step models have the same conclusion whether the
meta-analysis models account for the correlation between parameters, taking into account the
clustering of the patients across studies or consider the residual variation for the same values of

the PF (e.g. age).
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Standard Error and Confidence Interval for ,[?

There is very little difference for the confidence interval, and standard error for the pooled log
oddsratio between models 2 to 11; the smallest standard errors seem to occur when clustering is
ignored (model 6), do not account for the residual variation and account for correlation between
@; andB; (model 8). Also, the standard error for models 3, 7, 9, and 11 are slightly higher as
these models account for the residual variance for the same value(s) of the PF in each study.

However, one-step and two-step are giving very similar and often identical answers.

To sum up, there are only minor differences between the results of one-step and two-step models
for this data, as all of the estimated values of pooled effect size and its standard error are
approximately the same. It is difficult to decide the best model at this stage. Clearly, this is just
one dataset, so a simulation study is needed to confirm these results (see chapter 5). Indeed,
given that ignoring clustering and ignoring residual variation leads to lower standard errors, it is

important that in other datasets this does not actually lead to overly-precise conclusions.

4.6.2 Application for Binary PF

For illustration, | now consider how models 2 to 11 perform when the factor of interest is binary.
Table 4.3 gives the results of the IPD meta-analysis models when;ages, made binary
(i.,e.age = 1if age = 40 and age = 0if age < 40). Note that the residual variation for the

sane values of the PF in each study can only be estimated when the PF is continuous, so these
models (model 3, 5, 7, 9 and 11) are excluded. Thus, the focus is only on whether the IPD meta-
analyses models account for the clustering of patients across studies and whether they account
for the correlation between paramet&rsind . Note that the dichotomisation of age is merely

for illustrative purpose.
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Two-step Models

Odds Ratio

There is no difference in the pooled odds ratio estimate between models 2 and 4 as the pooled odds ratio

is the same (2.45). Both models produce P-value <0.01, this again showed that age is still a PF.

Standard Error and Confidence Interval fof

There are barely any differences in the standard error and confidence interval between model 2

and 4.

One-step Models

Odds Ratio

Again, there is only slight difference for the odds ratio between models (Table 4.4). The odds
ratio is slightly higher in model 6; this may be because it ignores the clustering of patients across

studies.

Standard Error and Confidence Interval fof

There is very little difference in the confidence interval and standard error between models.
However the standard error for model 6 is slightly smaller potentially, due to the lack of

clustering.
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Table 4. 3: Meta-analysis results from two-step and one-step meta-analysis to the TBI data;
when age is binary (1 if age >= 40, 0O if age < 40).

Model Model Accounting  Accounting  Accounting  Odds 95% Ln 95% P-value
type number for for residual  for ratio confidence (odds confidence for
clustering variation correlation interval for ratio) interval for pooled
Odds ratio ands.e LnOddsratio effect-
size, ,3
Model 2 Yes No No 2.45 2.05t02.94 0.90 0.72 to 1.08 <0.01
(0.092)
& o
%48
g Y ® Model 4 Yes No Yes 2.45 2.05t02.94 0.90 0.72 t0 1.08 <0.01
ES & (0.091)
Model 6 No No Yes 2.59 2.18t03.10 0.95 0.78 to 1.13 <0.01
(0.090)
% “ Model 8 Yes No Yes 2.46 2.05t0 2.95 0.90 0.72 t0 1.08 <0.01
2 i (0.091)
@ g © Model 10  Yes No Yes 2.48 2.08 t0 2.95 0.91 0.73 to0 1.08 <0.01
S E S (0.091)

N.B. all of results in this Table have been estimated by using STATA software, and the stata modules to fit the

two-step models are logit, xtmelogit and metan; for one- step models, the models are logit and

xtmelogit 2

Two-step versus One-step Models

Odds Ratio

There is a little difference between the odds ratio estimate for the five models; however, it is

slightly higher in model 6 which ignores the clustering across studies.

Standard Error and Confidence Interval fo

There is barely difference of the standard error and confidence interval among the 5 models.
However, the standard error of model 6 is slightly smaller (0.090), this again potentially due to

the lack of clustering (Table 4.3).

To sum up, whether the PF is continuous or binary in this case, generally, there is barely
difference between the results for one-step and two-step models. So it is difficult to decide which
approach is the best (one-step or two-step); and whether ignoring clustering or residual model
variation really matters. | undertake a simulation study to investigate and examine some of these

models in the next chapter.
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Heterogeneity in <

Now, | assess the heterogeneity for alpha to examine whether there is a substantial variation of
paients across studies for the TBI dataset. | found that there is no heterogeneity across studies
for the baseline of the disease)(asl? = 0% (see Figure 4.1). This might be the reason that
there is no substantial difference between IPD meta-analysis models when they account for the
clustering of patients across studies and when they ignore it (as there is no substantial variation
across studies).

Figure 4.1: The forest plot for the baseline of the diseageif each IPD study
for the TBI dataset

The forest plot for the baseline (alpha)

%

trial n ES (95% ClI) Weight
1 825 —0-;— 0.11 (0.07, 0.18) 24.05
2 959 —é—o— 0.15 (0.10, 0.21) 38.37
3 466 —10— 0.14 (0.09, 0.23) 24.05
4 409 —0—%— 0.10 (0.05, 0.18) 13.53
Overall (I-squared = 0.0%, p = 0.61—1)0— 0.13 (0.10, 0.16) 100.00

with estimated predictive interval (0.08, 0.21)

T T T T
.02 1 3 1

Baseline log odds, alpha

4.7 Discussion and Limitation

In this chapter | have proposed statistical models for meta-analysis binary outcome data in the
presence of the one PF (age) for four IPD studies of TBI dataset. In particular, | show all
possible two-step and one-step fixed-effect models for IPD studies that ignore or account for the
clustering across studies and the residual variance for the patients who have the same value of

the PF. In addition, | showed theoretically (see Appendix B) that correlation between parameters
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(i.e. the intercept and the pooled effect size of PF ‘age’) does not effect on the pooled effect size
of the binary PF whem2 = 0. However, the correlation may effect on the poolffdce size of

the PF when2 # 0, whether the PF is binary or continuous (see erzhapter 5). Application

was made to 4 IPD studies of TBI examining the effect of age on six month mortality risk of
death. The results show it is difficult to decide which model is the best at this stage because the
results of pooled estimate of the PF, its standard error and confidence interval are all similar for
most of the IPD models; for that reason, in chapter (5) a simulation study is made to decide

which models are most accurate.

In Riley et al*'? the authors developed IPD meta-analysis models for a binary outcome; in
paticular, they focused on the event-risk across studies and they considered residual variation.
However, their focus was mainly on the event-risk across studies not on the effect size of the PF
as undertaken in this chapter. Goldstein et at?® the authors focused on the one-step meta-
analysis by using multilevel models to consider the clustering across studies. However, they did
not consider the two-step meta-analysis approach or even investigate whether there is difference

in the results by following this approach.

In Turner et af® the authors used multilevel model meta-analysis for a binary outcome, and they
considered fixed and random effects. The authors stated“weatexplore the potential of
multilevel models for meta-analysis of trials with binary outcomes for both summary data, such
as log-odds ratios, and individual patient data. Conventional fixed effects and random effects
models are put into a multilevel model framework, which provides maximum likelihood or
restricted maximum likelihood estimatianThey also stated thdtf random trial effects are

used the covariance between these and the random treatment effects should be included; the

resulting model is equivalent to a bivariate approach to meta-analydiswever, again the
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authors did not consider the two-step approach and whether there is a difference between one-
step approach by using multilevel models and two-step approach, and which one is the best.

In Mathew et al*°

the authors compared between one-step and two-step approaches. They found
that both models are coincide, if they assumed the model with fixed treatment and fixed trial

effects.

There are a few limitations in this chapter, one of these limitations is that the IPD meta-analysis
models are fitted and developed for one variable, and | used fixed-effect method to estimate the
pooled effect size of the PF (as there is no heterogeneity across studies in TBI dataset). However,
this work should be extended in other datasets later by considering random-effects for the pooled
effect size of the PF and multivariable analyses. Also, Cox proportional hazard model may be

considered if the outcome is time until the event occurs, rather than logistic regression.

To sum up, by applying the 10 IPD meta-analysis models for TBI dataset, it yielded that there is
no difference between one-step and two-step method. In particular, the IPD meta-analysis
models yielded the same results whether they account for the clustering of patients within studies
naturally in two-step models, or by including an indicator variable in one-step models. Also there
is no difference between the results for IPD meta-analysis models if they account for the
correlation between parameters naturally in one-step models, or by forcing the model to account
for by using BFMA model in two-step models, or even if by including the residual variation for
the same value of the PF that allows for unexplained variation due to the cowgriatép be
accounted for. The similar results that yielded from the 10 IPD meta-analysis models could be
because there is a little variation across studies, as there is no heterogeneity across TBI studies
forx. In other datasets with more variationetp, my findings may change. Thus, a simulation
study is undertaken in chapter 5 to examine whether there is generally a difference between one-

step and two-step approach, and | aim to find an approach to recommend.
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CHAPTER 5

A SIMULATION STUDY TO ASSESS WHETHER
THE CLUSTERING OF PATIENTS WITHIN
STUDIES CAN BE IGNORED IN IPD META-

ANALYSIS OF A SINGLE PROGNOSTIC FACTOR

5.1 Introduction

Clustered data arise frequently in medical research (e.g. clustering of patients within different
hogitals, or different general practices, or even individual doctors themselves). In an IMPF, the
IPD are synthesised from different studies with potentially different study design, study
populations and study locations. Thus, there is clustering of patients within studies, and this
hierarchical structure may represent an important source of variation. The question thus arises;
‘what is the impact of ignoring the clustering of patients within studi¢$6gan et al*' states

that ‘lgnoring important sources of variation in any analysis can lead to incorrect confidence
intervals and P values’. Howevar chapter 2 | found that 6 of the 20 IMPF studies did not state
whether they adjusted for clustering. Further in chapter 4 | analysed the TBI data and showed
that conclusions and estimates were barely affected by whether clustering was accounted for or
not. Although this was a single example shows that accounting for clustering may not always be
necessary- but should this be the general advice?

In this chapter | perform a simulation study to assess three of the IPD meta-analysis logistic
regression models that | introduced in chapter 4, in order to formally assess whether the
clustering within studies can be ignored. These models are the two-step approach model 2, that
accounts for the clustering of patients within studies by applying two-step; the one-step approach
that ignores the clustering of patients within studies (model 6); and the one-step approach that

accounts for the clustering of patients within studies by using indicator variable (model 8). |
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undertake my simulation for a single binary PF, and then a single continuous PF. The simulation
also allows a more formal comparison of the one-step versus two-step framework. Not that, for
simplicity and limited time | will not consider the models that account either for the residual

variations for the PF, or the correlation between parameters across studies.

5.2 Simulation for a Binary PF

In this section | describe in detail the simulation procedure used to generate IPD from multiple
studies to fit the meta-analysis models to the data, and to evaluate their performance. Initially,
just a binary PF is considered, and a binary outcome (e.g. death). | want to emphasise here that
all the simulations | perform in this thesis generate data at the patient-level. Further, the initiative
STATA code for these simulations was written by Boliang Guo according to my specifications

and design.

5.2.1 The Simulation Procedure

The procedure used in my simulation can be broken down in 7 steps as follows:

Step 1: The number of studies in the meta-analyses is chosen as 5 and 10 respectively. Note that

the number of studies was fixed in a simulation.

Step 2: randomly sample the number of patients in each study from a uniform
distributionn~ U(a,b); a = 30,b = 100 for small sample size and= 30 and b = 1000 for

large sample sizey and bwere fixed per simulation.

Step 3: For each patient in each trial, randomly sample a PF value using for a binary PF using a
Bernoulli distribution, wherex;, ~ Berrnoulli(prevelance). The prevalence was 0.5 or 0.2.

For a continuous PF a normal distribution is used to generate the data, xyherdy (1, a2)

wheeu = 4 and o = 1.5. Note that irefers to the number of studies, dndefers to the number

of patient.
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Step 4: Sample the binary outcori¢, where Y;;, = 1 for dead and Y;;, = 0 for alive) for

each patient according to a specified relationship between the outcome and the PFY)VWhere
~Bernoulli (Py,), log (:%ik) = o+ B xik, %; ~N(x,02), where g is the chosen PF effect
(log odds ratio) and «; could vary across thestudies according to a choséf(«,c?)
distribution.

Step 5: Fit each of the three different meta-analgsedels to the data generated as follows:

Model 2 (Two-step method) recall in chapter 4 - in the first sfgp,is estimated for each IPD
study separately and the pooled effect size is then estimated by using fixed-effect meta-analyses

of the Bobtained:

First step: logit(P;,) = i+ Bixix

PN

Second step: pi=p +e

e,~N (0, Var (,[?i))

. R
f =izt w; By

Wherew; = Siz refers to the relative weight for each study i.

Modd 6 (One-step method ignoring clustering) in this model the pooled valug fisr
edimated by pooling all of the IPD data together without considering the clustering of patients

within studies and the model is given as

logit(P;,) =« +Lxx
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Model 8 (One-step method accounting for clustering ) in this model the pooled valyigor
edimated in one step by accounting for the clustering of patients within studies by including

study indicators, that allow a separate intercept term for each study, and the model is given as
logit(Py) =+ By

Step 6: Repeat steps 1 to 5 a thousand times, keeping the chosen range of sample sizes, numbe
of studies and parameter values as before in each step. This resulted frvEDO8s and 1000

standard error of values for each model.

Step 7: Repeat step 1 to 6 for a different set of simulation criteria; that is choose again the
number of studies, sample size distributigpgdistribution and values, and the trgg B, and o3

values in steps one to four, then fit the models to the generated data, and repeat 1000 times.

For a binary PF, Table 5.1 shows the different permutations | chose according to different
a;, B, 04 and prevelance of;, = 1 vaues. Note that true here means the average log odds of
theevent (e.g. death) when the PF is zero, | chose this value according to the TBlatms

the true pooled effect size of the PF and again | chose the value of this parameter equals 0.90
according to the TBI data then consider other situations by assyhng or 0.10, relating to

no prognostic effect and small effect respectively. Also | chhose—1.27 again according the

TBI dataset and | allow different standard deviations (SDxddr.e. SD=0 such that baseline

risk is the same across studies; and ‘SD= 0.25 or 1.5’ which assumes a small and slightly larger

baseline risk respectively). Note that when SD=1.5 of the baselinexyi9%% range for the

baselinelog (1%) across studies is between (-H272x1.5), and the rearranging gives a 95%

range for the baseline probability from 0.014 and 0.849. So, there is a substantial variation for

the baseline riskc across studies. The standard deviatioreddrere indicates clinically that the
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variation in baseline riskg across studies might come from other factors sud¢heareatments

being used in study, its location, measurement techniques etc.

Table 5.1: The possible values considereddfarstandard deviation of , g and prevalence of
thebinary PF in the simulation scenarios.

Scenario no. True x 327/7:;;71 for True 8 Prevalence of
« the true PF
1 -1.27 0 0.90 0.5
2 -1.27 0 0.10 0.5
3 -1.27 0 0.00 0.5
4 -1.27 0.25 0.90 0.5
5 -1.27 0.25 0.10 0.5
6 -1.27 0.25 0.00 0.5
7 -1.27 0 0.90 0.2
8 -1.27 0 0.10 0.2
9 -1.27 0 0.00 0.2
10 -1.27 0.25 0.90 0.2
11 -1.27 0.25 0.10 0.2
12 -1.27 0.25 0.00 0.2
13 -1.27 15 0.90 0.2
14 -1.27 15 0.10 0.2
15 -1.27 15 0.00 0.2
16 -1.27 15 0.90 0.5
17 -1.27 15 0.10 0.5
18 -1.27 15 0.00 0.5

Each scenario was considered for 5 or 10 studies, and 30 to 100 (for small sample size) or 30 to

1000 (for large sample size) patients.

5.2.2 Evaluating the Performance of Statistical Models

For each simulated scenario, 1Q90and their standard error were available for eacheindie
assessment of the three models was examined in terms of different criteria such as bias, mean
square error (MSE), and coverage for all parameters estimates and their standard errors for all

scenarios.
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Assessment of Bias

Bias is the deviation of the average of the pooled effect size estimates from the truévﬂme (

thesmaller the bias, the better the estimation method and on unbiased method would have zero
bias3?'34 Percentage bias is another statistic to summarise bias; it is g(\%ﬁ)ﬂg 100.

Larger percentage bias indicates a worse estimation and if the percentage bias is greater than
10% , this indicates that the bias is meaninfjflilNote that with 95% confidence interval and
1000 smulations studies, it yielded a small difference between the true bias and the estimated

bias by using the following equation

(Zr () )
0=—%

Where B is the number of simulation studiég, «/,, is the 1 — */, quantile of the standard

nomal distribution, ¢ is the variance of the pooled effect size of the PFjaisithe specified
level of accuracy of the pooled effect size of the PF (i.e. the accepted difference between the true

values p).

Assessment of Accuracy
Mean square error (MSEY is used to assess the overall accuracy of the statistical model and it

IS given as

MSE = (8 — B)* + (SE(B))?

Where(ﬁ — B)? refers to bias of the difference between the average pooled estf_r,rmhel, ihe
true pooled effect sizg, for the 1000 estimates aiiE(f))? refers to the mean standard error

of B in one-step and two step meta-analyses. It is comsidaes a useful method for the

assessment of estimation accuracy as it includes both of the bias and the variability.
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Assessment of Coverage

Burton et af** state that ‘fie coverage of a confidence interval is the proportion of times that

the obtained confidence interval contains the true specified parameter .value’ nominal
coverage rate in this chapter is 95%, and a good estimation method will give an observed
coverage in the simulation the same as the nominal coverage rate. If the observed coverage rate
is above the nominal average rate, then the estimation method is too conservative, this means
that too few samples will find significant results when the true effect is non-zero (i.e. the factor is
prognostic); thus this leads to a loss of the statistical power. If the coverage rate is lower than
the nominal coverage rate; this leads to over-confidence and too many samples then will yield
significant results when the true effect is zero (i.e. the factor is not prognostic); this leads to
increased type | error and is anti-conservative. To check whether the coverage is suitable in the

1000 simulations in each scenario, | expected coverage percentage should lie bptween

1.96 s.e (p) wheres.e (p) = \/p(1 — p)/1000, andp = 0.95 assuming that the true coverage
is 95%. Thes.e(p) in my simulations equals 0.006892, so the obseres@rage should lie
between 0.936 and 0.964. If the estimated coverage lies outside this interval, this indicates a

problem.

5.3 Simulation Results for the Binary PF

In this section | describe the simulation results whgnis a binary PF in relation to the three IPD meta-
analysis models for all of the 18 scenarios ( Table 5.1) given studies with a small sample size (30 to 100)
or large sample size (30 to 1000) , for a meta-anlysis of 5 studies or 10 studies or the prevelance of the

PF is either 0.5 and 0.2.

5.3.1 Simulation Results for Small Sample Size (30 to 100) and n=5
Table 5.2 gives the simulation results for the three models when the prevalence=0.5 and standard

deviation of «x =0 and 0.25 respectively for the first 6 scenafibso 6). For all of these 6
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scenarios, all models give a bias almost zero, and the percentage bias is almost 6%. MSE and the
mean of the standard error for the three models is approximately the same, and their coverage is

always close to 95%.

| changed the prevalence of;, to be 0.2 and repeated the above simulations; the results are
shown in Table 5.3 (scenarios 7 to 12). In the first three scenarios (7, 8, and 9), the bias and
percentage bias was again small for all models, and the MSE was approximately the same;
however, the two-step models gave the highest percentage bias and in scenario 9 its coverage
was slightly too large (and does not fall between 0.936 and 0.964), whilst the other models had
coverage closer to 95%. In the other three scenarios (10, 11 and 12) with standard deviation
of x= 0.25; the bias is still small for both one-step moddlsO8 or less), although their
percentage bias is slightly above 10 % in scenario 11 where the true pooled value is 0.1. More
concerning, the bias and percentage biases are large for two-step method. For example, in

scenario 11 there is an upward bias of 0.11 and a percentage bias of 109%.

Finally, I changed the standard deviationooto be 1.5 and repeated the simulation when the
prevalence is 0.2 and 0.5 respectively. The results shows that in scenario 13 fwhére) ,

modd 6 (ignoring clustering) has a large downward bias of —0.21 with a percentage bias of -
23.5% and a low coverage of 87.6% (which does not fall between 0.936 and 0.964), reflecting a
small mean standard error. Its percentage bias is similar in scenario 14. Clearly, when the
standard error ok is large, the one-step ignoring clustering (and #sstiming a fixeck across

studies) is inappropriate. The two-step method (in scenarios 13 to 15) continues to have a
coverage somewhat greater than 95%, and in scenario 14 its upward bias is upward large again.
In contrast the one-step accounting for clustering is approximately unbiased, and has suitable
coverage. Also, when the prevalence is 0.5 (in scenarios 16 to 18), the two-step method yield no

bias however it is still has a coverage somewhat greater than 95% because the estimated
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confidence interval again falls between 0.936 and 0.964. The one-step method ignoring

clustering still yields inaccurate results (downward bias and low coverage), see Table 5.4.

Figure 5.1 shows the pooled effect size of the PF and its standard error for the 1000 observations
for the two-step model, one-step model accounting for the clustering and one-step model ignores
the clustering of patients across studies, when theo§B=(0.25 and 1.5, and the trugs = 0.1

and 0.9 respectively, for scenario 11 and 13 in Table 5.4. In particular, Figure 5.1a gives the
scatter plot for the pooled effect size of the two-step model versus one-step accounting for the
clustering for 1000 observations, when the &) £ 0.25, and the trugg = 0.1. The estimated

pooled effects size of the PF from two-step model generally lies above the line of equality, which
reflect that the pooled effect size of PF in the two-step model is somewhat overestimated (large
bias) compared to one-step model accounts for clustering. Also, Figure 5.1b shows the standard
errors for the same models, again the estimated values of the standard error in two-step model
are generally slight above the line of equality. This again indicates that the standard error is
slightly higher in two-step model compared to one-step model, if there is variation in the

baseline risk«).

Figure 5.1c gives the scatter plot for the pooled effect size of the one-step model ignores the
clustering versus one-step model accounts for the clustering for 1000 observations, when the SD
(x)=1.5, and the trugs = 0.9. The estimated pooled effects size of the PF fromstee

ignores clustering model lie below the line of equality, which reflect that the pooled effect size of
PF in one-step ignoring clustering model is somewhat underestimated (downward bias)
compared to one-step model accounts for clustering. Also, Figure 5.1d shows the standard errors
for the same models, again the estimated values of the standard errors in one-step ignores

clustering model are slightly under the line of equality. This again indicates that the standard
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error is slightly smaller in one-step ignores clustering model compared to one-step accounts for

clustering model, if the variation for the baseline risk «=.1.5

Figure 5.1: The scatter plots for the pooled effect size and its standard error for two-step models,
one-step model that accounts for clustering and the one-step model that ignore the clustering, in
scenario 11 and 13 in Table 5.4

Figure 5.1a: The scatter plot for the pooled effect-sigggure 5.1c: The scatter plot for the pooled effect-
of the two-step versus one-step model accounts fize of the one-step accounts for clustering versus
clustering, for scenario 11 with n=5, SDBx)(= one-step model ignore clustering, for scenario 13
0.25,8 = 0.1 and the sample size between 30 to 10@th n=5, SD &) = 1.5, = 0.9, and the sample

for 1000 simulation study. size between 30 to 100, for 1000 simulation study
The scatter plot for the pooled effect for the two-step and one-step model accounts for clustering for senario 11 The scatter plot for the pooled effect size for one-step accounts for clustering versus one-step ignore clustering
with n=5, S.D. of alpha is 0.25, beta=0.1 and the sample size between (30 to 100) ~ with n=5, alpha is 0.90 and S.D of alphs=0.25, and the sample size between (30 to 100)
. o
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The pooled effects size of one-step ignore clustering
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Figure 5.1b: The scatter plot for the standard error feigure 5.1d: The scatter plot for the standard error
the two-step versus one-step model accounts for the one-step accounts for clustering versus one-
clustering, for scenario 11 with n=5, SDx)(= step model ignore clustering, for scenario 13 with
0.25,8 = 0.1 and the sample size between 30 to 1065, SD¢) = 1.5, f = 0.9, and the sample size

for 1000 simulation study. between 30 to 100, for 1000 simulation study.
The scatter plot for the standard error of the pooled effect size of the two-step model and one-step accounts for clustering The standard erroe for the one-step accounts for clustering and one-step ignoring clustering
for n=5, 5.0.=0.25, beta=0.1, sample size between (30 to 100), binary PF with n=5, S.D. of alpha is 0.25, beta=0.90, and sample size between (30 to 100)
~
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s.e for the pooled effect size for one-step accounting for clustering
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Table 5. 2: Smulation results for the pooled effect sfzefor three models of IPD meta-analysis, two-step, one-step ignoring clustering and
one-step including indicator variable, with prevalence =0.5and the sample size with-in each study is between 30 to 100 observations, with the
number of studies n=5 and 1000 simulations, the true values of the pooled effgctisizeown in the table; the standard error fas & and

0.25.

Scenarios  No. of Model Meta-analysis [d prevalence B Mean Bias percentage  MSE of Percentage Mean
studies( model (SD of x) of B bias* B coverage s.e. of
n) B
1 5 Model 2 Two-step -1.27(0) 0.5 0.9 0.91 0.01 0.99 0.03 94.90 0.17
Model 6 Ignoring clustering -1.27(0) 0.5 0.9 0.91 0.01 1.25 0.03 94.90 0.16
Model 8 One-step including -1.27(0) 0.5 0.9 0.92 0.02 1.83 0.03 94.70 0.16
indicator variable.
2 5 Model 2 Two-step -1.27(0) 0.5 0.10 0.10 0.00 2.67 0.00 95.60 0.16
Model 6 Ignoring clustering -1.27(0) 0.5 0.10 0.10 0.00 2.37 0.00 95.60 0.16
Model 8 One-step including -1.27(0) 0.5 0.10 0.10 0.00 3.36 0.00 95.60 0.16
indicator variable.
3 5 Model 2 Two-step -1.27(0) 0.5 0 0.00 0.00 NA 0.02 95.00 0.16
Model 6 Ignoring clustering -1.27(0) 0.5 0 0.00 0.00 NA 0.02 94.90 0.16
Model 8 One-step including -1.27(0) 0.5 0 0.00 0.00 NA 0.02 94.90 0.16
indicator variable.
4 5 Model 2 Two-step -1.27(0.25) 0.5 0.9 0.90 0.00 0.35 0.03 95.80 0.17
Model 6 Ignoring clustering -1.27(0.25) 0.5 0.9 0.90 0.00 0.00 0.03 95.20 0.17
Model 8 One-step including -1.27(0.25) 0.5 0.9 0.91 0.01 1.58 0.03 95.30 0.18
indicator variable.
5 5 Model 2 Two-step -1.27(0.25) 0.5 0.10 0.09 -0.01 -5.61 0.04 95.10 0.19
Model 6 Ignoring clustering -1.27(0.25) 0.5 0.10 0.09 -0.01 -5.80 0.04 94.60 0.18
Model 8 One-step including -1.27(0.25) 0.5 0.10 0.10 0.00 -3.58 0.04 94.80 0.19

indicator variable.

6 5 Model 2 Two-step -1.27(0.25) 0.5 0 0.01 0.01 NA 0.04 95.50 0.19
Model 6 Ignoring clustering -1.27(0.25) 0.5 0 0.01 0.01 NA 0.04 94.70 0.19
Model 8 One-step including -1.27(0.25) 0.5 0 0.01 0.01 NA 0.04 94.50 0.19

indicator variable.
*Note that all the results are shown to two decimal places but the calculations such as bias, percentage bias, ... etc are based on full results (more

than two decimal places). Hint: in the first two rows are different even though the bias are identical for the decimal places/
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Table 5. 3: Smulation results for the pooled effect sife, for three models of IPD meta-analyses (two-step, one-step ignoring clustering and
one-step including indicator variable, with prevalence =0.2 and the sample size with-in each study is between 30 to 100 observations, with the
number of studies n=5 and 1000 simulations, the true values of the pooled effgctisizeown in the table; the standard error fas & and

0.25.

Scenarios No. of Model Meta-analysis 4 Prevalence  True Mean Bias percentage  MSE Percentage Mean
studies(n) model (SD of x) B of B bias* of B coverage s.e. of
B
7 5 Model 2 Two-step -1.27(0) 0.2 0.9 0.83 -0.07 -8.13 0.10 95.80 0.32
Model 6 Ignoring clustering -1.27(0) 0.2 0.9 0.90 0.00 0.02 0.10 94.90 0.31
Model 8 One-step including -1.27(0) 0.2 0.9 0.91 0.01 1.13 0.10 94.70 0.31
indicator variable.
8 5 Model 2 Two-step -1.27(0) 0.2 0.10 0.10 0.00 -4.25 0.08 96.40 0.29
Model 6 Ignoring clustering -1.27(0) 0.2 0.10 0.10 0.00 -1.71 0.08 95.30 0.28
Model 8 One-step including  -1.27(0) 0.2 0.10 0.10 0.00 0.40 0.09 95.40 0.29
indicator variable.
9 5 Model 2 Two-step -1.27(0) 0.2 0 0.01 0.01 NA 0.07 97.00 0.30
Model 6 Ignoring clustering -1.27(0) 0.2 0 0.01 0.01 NA 0.08 95.80 0.28
Model 8 One-step including  -1.27(0) 0.2 0 0.01 0.01 NA 0.08 95.80 0.29
indicator variable.
10 5 Model 2 Two-step -1.27(0.25) 0.2 0.9 0.94 0.04 4.50 0.09 96.60 0.32
Model 6 Ignoring clustering -1.27(0.25) 0.2 0.9 0.90 0.00 -0.43 0.09 95.10 0.30
Model 8 One-step including -1.27(0.25) 0.2 0.9 0.92 0.02 2.06 0.10 95.40 0.31
indicator variable.
11 5 Model 2 Two-step -1.27(0.25) 0.2 0.1 0.21 0.11 109.64 0.12 95.60 0.36
Model 6 Ignoring clustering -1.27(0.25) 0.2 0.1 0.08 -0.02 -16.18 0.12 95.50 0.34
Model 8 One-step including  -1.27(0.25) 0.2 0.1 0.09 -0.01 -14.91 0.12 94.90 0.35
indicator variable.
12 5 Model 2 Two-step -1.27(0.25) 0.2 0 0.11 0.11 NA 0.13 95.20 0.37
Model 6 Ignoring clustering -1.27(0.25) 0.2 0 -0.03 -0.03 NA 0.12 95.20 0.35
Model 8 One-step including  -1.27(0.25) 0.2 0 -0.03 -0.03 NA 0.13 95.10 0.35

indicator variable.
* Note that all the results are shown to two decimal places but the calculations such as bias, percentage bias, ... etc are based on full results (more

than two decimal places).

[137]



Table 5.4: Smulation results for the pooled effect sige, for three models of IPD meta-analyses (two-step, one-step ignoring clustering and
one-step including indicator variable), with prevalence =0.2 and 0.5 and the sample size with-in each study is between 30 to 100 observations,
with the number of studies n=5 and 1000 simulations, the standard erroisfarsx

Scenarios No. of Model Meta-analysis 4 Prevalence  True Mean Bias percentage  MSE of  Percentage Mean
studies model (SD of ) B of B bias* B coverage s.e. of
(n) B
13 5 Model 2 Two-step -1.27(1.5) 0.2 0.9 0.91 0.01 0.87 0.13 96.20 0.38
Model 6 Ignoring clustering  -1.27(1.5) 0.2 0.9 0.69 -0.21 -23.50 0.15 87.60 0.31
Model 8 One-step including -1.27(1.5) 0.2 0.9 0.92 0.02 2.05 0.14 94.80 0.36
indicator variable.
14 5 Model 2 Two-step -1.27(1.5) 0.2 0.1 0.20 0.10 98.37 0.16 95.80 0.41
Model 6 Ignoring clustering  -1.27(1.5) 0.2 0.1 0.07 -0.03 -27.36 0.12 95.70 0.33
Model 8 One-step including  -1.27(1.5) 0.2 0.1 0.10 0.00 -3.99 0.17 94.20 0.38
indicator variable.
15 5 Model 2 Two-step -1.27(1.5) 0.2 0 0.09 0.09 NA 0.28 96.89 0.41
Model 6 Ignoring clustering  -1.27(1.5) 0.2 0 -0.02 -0.02 NA 0.22 94.00 0.33
Model 8 One-step including  -1.27(1.5) 0.2 0 0.00 0.00 NA 0.26 94.00 0.38
indicator variable.
16 5 Model 2 Two-step -1.27(1.5) 0.5 0.9 0.89 0.01 -1.11 0.01 95.40 0.11
Model 6 Ignoring clustering  -1.27(1.5) 0.5 0.9 0.70 -0.20 -22.22 0.04 46.20 0.09
Model 8 One-step including  -1.27(1.5) 0.5 0.9 0.90 0.00 0.00 0.05 94.90 0.11
indicator variable.
17 5 Model 2 Two-step -1.27(1.5) 0.5 0.1 0.10 0.00 0.00 0.01 95.00 0.11
Model 6 Ignoring clustering  -1.27(1.5) 0.5 0.1 0.08 -0.02 -20.00 0.04 93.90 0.09
Model 8 One-step including  -1.27(1.5) 0.5 0.1 0.10 0.00 0.00 0.05 94.80 0.11
indicator variable.
18 5 Model 2 Two-step -1.27(1.5) 0.5 0 0.00 0.00 NA 0.01 95.10 0.11
Model 6 Ignoring clustering  -1.27(1.5) 0.5 0 0.00 0.00 NA 0.04 94.90 0.09
Model 8 One-step including -1.27(1.5) 0.5 0 0.00 0.00 NA 0.05 94.70 0..11

indicator variable.

* Note that all the results are shown to two decimal pla ces but the calculations such as bias, percentage bias, ... etc are based on full results (more than two
decimal places).
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5.3.2 Simulation Results for Large Sample Size (30 to 1000) and n=5

Table 5.6 to 5.8 gives simulation results when the sample size is from 30 to 1000, for
scenarios 1 to 18. The results are similar to the simulation results for small sample size (30 to
100) as just discussed. In particular, model 8 (one-step accounting for clustering) performs
consistently well with little bias and adequate coverage as it nearly always falls between 0.936
and 0.964. However, in Table 5.7 model 6 (one-step ignoring clustering) again has a low
coverage wher is large (55.8%), which does not fall between 6.88d 0.964, and a
significant downward bias of -0.2 (scenario 13). Further, the two-step model performs better
here than when the sample size was 30 to 100. Indeed, there is very little bias anymore and the
coverage is adequate except in scenario 8 for two-step and one-step methods as the estimated
confidence interval does not fall between 0.936 and 0.964. Thus, the two-step and one-step

accounting for clustering methods appear very similar here.
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Table 5. 5Simulation results for the pooled effect sigefor the three modelsof IPD meta-analysis,( two-step, one-step ignoring clustering and
one-step including indicator varable), with prevelance= 0.50 and the sample size with-in each study is between 30 to 1000 observations, with the
number of studies n=5 and 1000 simulation, the true values of the pooled effect 8z&hfwn on the table, the standard errordos O and

0.25

Scenarios  No. of Model Meta-analysis 4 prevalence B Mean Bias percentage MSE of Percentage  Mean
studies(n) model (SD of ) of B bias* B coverage s.e. of
B
1 5 Model 2 Two-step -1.27(0) 0.5 0.9 0.90 0.00 -0.36 0.01 95.10 0.09
Model 6 Ignoring clustering -1.27(0) 0.5 0.9 0.90 0.00 -0.32 0.01 95.20 0.09
Model 8 One-step including -1.27(0) 0.5 0.9 0.90 0.00 -0.14 0.01 95.40 0.09
indicator variable.
2 5 Model 2 Two-step -1.27(0) 0.5 0.10 0.1 -0.01 -6.87 0.01 94.00 0.08
Model 6 Ignoring clustering -1.27(0) 0.5 0.10 0.1 -0.01 -6.74 0.01 94.00 0.08
Model 8 One-step including -1.27(0) 0.5 0.10 0.1 -0.01 -6.69 0.01 94.00 0.08
indicator variable.
3 5 Model 2 Two-step -1.27(0) 0.5 0 0 0.00 NA 0.01 94.90 0.08
Model 6 Ignoring clustering -1.27(0) 0.5 0 0 0.00 NA 0.01 94.90 0.08
Model 8 One-step including -1.27(0) 0.5 0 0 0.00 NA 0.01 94.90 0.08
indicator variable.
4 5 Model 2 Two-step -1.27(0.25) 0.5 0.9 0.90 0.00 0.05 0.01 95.20 0.09
Model 6 Ignoring clustering -1.27(0.25) 0.5 0.9 0.89 -0.01 -0.67 0.01 94.50 0.09
Model 8 One-step including -1.27(0.25) 0.5 0.9 0.90 0.00 0.38 0.01 95.00 0.09
indicator variable.
5 5 Model 2 Two-step -1.27(0.25) 0.5 0.10 0.1 0.00 -1.84 0.01 95.10 0.10
Model 6 Ignoring clustering -1.27(0.25) 0.5 0.10 0.1 0.00 -1.86 0.01 95.00 0.10
Model 8 One-step including -1.27(0.25) 0.5 0.10 0.1 0.00 -1.38 0.01 95.00 0.10
indicator variable.
6 5 Model 2 Two-step -1.27(0.25) 0.5 0 -0.01 -0.01 NA 0.01 95.60 0.10
Model 6 Ignoring clustering -1.27(0.25) 0.5 0 -0.01 -0.01 NA 0.01 96.00 0.10
Model 8 One-step including -1.27(0.25) 0.5 0 -0.01 -0.01 NA 0.01 95.60 0.10

indicator variable.
* Note that all the results are shown to two decimal places but the calculations such as bias, percentage bias, ... etc are based on full results (more than two

decimal places).

[140]



Table 5. 6Simulation results for the pooled effect sizef@r three models of IPD meta-analyses (two-step, one-step ignoring clustering and
one-step including indicator variable), with prevalence=0.2 and the sample size with-in each study is between 30 to 1000 observations, with the
number of studies n=5 and 1000 simulations, the true values of the pooled effectisigbgivn in the table; the standard errorofas 0 and

0.25.

Scenarios No. of Model Meta-analysis 4 Prevalence True Mean Bias percentage MSE Percentage @ Mean
studies(n) model (SD of ) B of B bias* of B coverage s.e. of
B
7 5 Model 2 Two-step -1.27(0) 0.2 0.9 0.90 0.00 -0.46 0.01 95.80 0.11
Model 6 Ignoring clustering -1.27(0) 0.2 0.9 0.90 0.00 0.21 0.01 95.70 0.11
Model 8 One-step including -1.27(0) 0.2 0.9 0.90 0.00 0.39 0.01 95.90 0.11
indicator variable.
8 5 Model 2 Two-step -1.27(0) 0.2 0.1 0.10 0.00 2.14 0.01 96.80 0.10
Model 6 Ignoring clustering -1.27(0) 0.2 0.1 0.10 0.00 2.71 0.01 96.60 0.10
Model 8 One-step including -1.27(0) 0.2 0.1 0.10 0.00 2.84 0.01 96.70 0.10
indicator variable.
9 5 Model 2 Two-step -1.27(0) 0.2 0 0.00 0.00 NA 0.01 94.80 0.10
Model 6 Ignoring clustering -1.27(0) 0.2 0 0.00 0.00 NA 0.01 94.60 0.10
Model 8 One-step including -1.27(0) 0.2 0 0.00 0.00 NA 0.01 94.60 0.10

indicator variable.

10 5 Model 2 Two-step -1.27(0.25) 0.2 0.9 0.90 0.00 0.35 0.01 96.00 0.11
Model 6 Ignoring clustering -1.27(0.25) 0.2 0.9 0.89 0.01 -0.91 0.01 95.60 0.11
Model 8 One-step including -1.27(0.25) 0.2 0.9 0.90 0.00 0.16 0.01 95.80 0.11

indicator variable.
11 5 Model 2 Two-step -1.27(0.25) 0.2 0.1 0.11 0.01 5.65 0.02 94.40 0.12
Model 6 Ignoring clustering -1.27(0.25) 0.2 0.1 0.10 0.00 -5.13 0.02 94.80 0.12
Model 8 One-step including -1.27(0.25) 0.2 0.1 0.10 0.00 -4.32 0.02 94.50 0.12

indicator variable.
10 5 Model 2 Two-step -1.27(0.25) 0.2 0 0.01 0.01 NA 0.02 94.80 0.12
Model 6 Ignoring clustering -1.27(0.25) 0.2 0 0.00 0.00 NA 0.02 95.40 0.12
Model 8 One-step including -1.27(0.25) 0.2 0 0.00 0.00 NA 0.02 94.80 0.12

indicator variable.
* Note that all the results are shown to two decimal places but the calculations such as bias, percentage bias, ... etc are based on full results (more than two
decimal places).
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Table 5. 7: Simulation results for the pooled effect size, §, for three models of IPD meta-analyses (two-step, one-step ignoring clustering and
one-step including indicator variable), with prevalence =0.2 and the sample size with-in each study is between 30 to 1000 observations, with
the number of studies n=5 and 1000 simulations, the standard error for o is 1.5.

Scenarios No. of Model Meta-analysis « Prevalence  True Mean Bias percentage MSE of Percentage Mean
studies(n) model (SD of x) B of B bias* B coverage s.e. of
B
13 5 Model 2 Two-step -1.27(1.5) 0.2 0.9 0.90 0.00 -0.43 0.02 95.50 0.13
Model 6 Ignoring clustering  -1.27(1.5) 0.2 0.9 0.70 -0.20 -22.19 0.07 55.80 0.11
Model 8 One-step including  -1.27(1.5) 0.2 0.9 0.90 0.00 -0.38 0.02 95.30 0.13
indicator variable.
14 5 Model 2 Two-step -1.27(1.5) 0.2 0.1 0.10 0.00 2.98 0.02 95.20 0.14
Model 6 Ignoring clustering  -1.27(1.5) 0.2 0.1 0.07 -0.03 -28.96 0.02 94.30 0.12
Model 8 One-step including -1.27(1.5) 0.2 0.1 0.10 -0.01 -8.08 0.02 94.90 0.14
indicator variable.
15 5 Model 2 Two-step -1.27(1.5) 0.2 0 0.01 0.01 NA 0.02 95.70 0.14
Model 6 Ignoring clustering  -1.27(1.5) 0.2 0 0.00 0.00 NA 0.02 95.20 0.12
Model 8 One-step including -1.27(1.5) 0.2 0 0.00 0.00 NA 0.02 95.80 0.14
indicator variable.
16 5 Model 2 Two-step -1.27(1.5) 0.5 0.9 0.86 -0.04 -4.44 0.09 96.00 0.31
Model 6 Ignoring clustering  -1.27(1.5) 0.5 0.9 0.67 -0.23 -25.56 0.13 82.80 0.25
Model 8 One-step including -1.27(1.5) 0.5 0.9 0.91 0.01 1.11 0.10 95.00 0.30
indicator variable.
17 5 Model 2 Two-step -1.27(1.5) 0.5 0.1 0.10 0.00 0.00 0.09 96.40 0.31
Model 6 Ignoring clustering  -1.27(1.5) 0.5 0.1 0.07 -0.03 -30.00 0.07 94.80 0.26
Model 8 One-step including -1.27(1.5) 0.5 0.1 0.10 0.00 0.00 0.10 94.70 0.30
indicator variable.
18 5 Model 2 Two-step -1.27(1.5) 0.5 0 -0.01 -0.01 NA 0.09 96.5 0.22
Model 6 Ignoring clustering  -1.27(1.5) 0.5 0 0.00 0.00 NA 0.07 95.7 0.18
Model 8 One-step including  -1.27(1.5) 0.5 0 -0.01 -0.01 NA 0.10 95.2 0.21

indicator variable.

* Note that all the results are shown to two decimal places but the calculations such as bias, percentage bias,
... etc are based on full results (more than two decimal places).
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5.3.3 Simulation Results for n=10 Studies

| repeated scenarios 1 to 18 for n=10 studies, and considered 30 to 100 and 30 to 1000 sample size . Th
results are shown in Appendix D. Conclusions are generally the same as before. The one-step accounting
for clustering performs consistently well, with little bias and coverage close to 95%. The two-step is
comparable to this method, and the upward bias previously seen in the n=5 simulations for scenario 11,
and for 30 to 100 patients is almost gone. However, the one-step ignoring clustering continues to perform
poorly when standard deviation &f is large, with downward bias in the PF effect and too low coverage

and too small standard error whén= 0.9.

5.4 Simulation Results for a Continuous PF

| repeated step 1 to 7 of the simulation procedure described in section 5.2.1, but now for a
continuous PF sampled for each patient from a normal distribitiotu, o2 ). | assumed

tha u = 4, and standard error =1.5, this is similar to thai@althat | found in TBI data when
looking at the distribution of age per 10 years.

Six different scenarios were considered as shown in Tablg 5w relates to the effect of a

oneunit increase on the log-odds of death, and is specifying a true linear trend befween

Pik

and log (

T ) The scenario used= —2.10, andf = 0.3, which is again similar to the
—Lik

edimated values from the TBI data, and also a small valyg s@y of 0.1 and no effect of 0.
The standard error ok was either small (0.2) or large (1.5). The scenanes considered
for 5 and 10 studies, and 30 to 100 or 30 to 1000 patients.

Table 5. 8 The possible scenarioscofindf for the continuous PF

Scenario no. True < SD for x True 8
1 -2.10 0.2 0.3
2 -2.10 0.2 0.1
3 -2.10 0.2 0
4 -2.10 15 0.3
5 -2.10 15 0.1
6 -2.10 15 0
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5.4.1 Simulation Results for the Number of Studies n=5.
Simulation Results for Small Sample Size (30 to 100)

Table 5.9 gives the simulation results for scenario 1 to 6 for each of model 2, 6 and 8, for n=5
studies and 30 to 100 patients per study. For the first three scenarios, when the standard error
of «« = 0.20, there is a little difference among the three madalgarticular, all models give

little bias and a percentage bias less than 10 %. MSE is approximately the same in all models
and the coverage is approximately the same, generally slightly over 95%. For scenarios 4 and
5 when standard deviation @& 1.5, there is a downward bias for model 6 (ignoring
clustering) and the percentage bias is greater than 10%. The coverage is much lower than 95%
in model 6 wherp is large (scenario 5). In scenarios 5 and 6 theregeeis too large for the
two-step model (greater than 97%), whilst the one-step accounting for clustering (model 8)
performs best with little bias and suitable coverage.

Simulation Results for Large Sample Size (30 to 1000)

Table 5.10 gives the simulation results for scenarios 1 to 6, for n=5 studies and now a sample
size of 30 to 1000. The findings are as above, but the two-step now performs adequately in all
scenarios; i.e. the coverage is much closer to 95% (as it falls between 0.936 and 0.964), even
in scenario 4 to 6. The one-step accounting for clustering is consistently good again, but the
one-step ignoring clustering still performs poorly in scenarios 4 and 5 (i.e. when the standard

deviation of « is large and there is a true PF effects > 0).

5.4.2 Simulation Results for the Number of Studies n=10

The simulation results for n=10 studies are shown in Appendix D. The results are the same as
discussed for n=5, whether the sample size for each IPD study lies between 30 to 100 or 30 to
1000. In particular, the one-step accounting for clustering is consistently a good model, whilst

In some situations the two-step and one-step ignoring clustering perform poorly.
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Table 5. 9:Simulation results for the pooled effect sizef® three models of IPD meta-analysis, (two-step, one-step ignoring clustering and
one-step including indicator variable), mean age is 4 with standard deviation 1.5 and the sample size with-in each study is between 30 to 100
observations, with the number of studies n=5 and 1000 simulations, the true values of the pooled effe®® stmmy# in the table; the

standard error fox is 0.2 and 1.5.

Scenarios No. of Model Meta-analysis model < B Mean of Bias percentage MSE of 8 Percentage Mean
studies(n) (s. e. of x) B bias* coverage s.e. of
B
1 5 Model 2 Two-step -2.1(0.2) 0.30 0.30 0.00 -0.44 0.01 96.85 0.09
Model 6 Ignoring clustering -2.1(0.2) 0.30 0.30 0.00 141 0.01 96.29 0.09
Model 8 One-step including -2.1(0.2) 0.30 0.31 0.01 3.57 0.01 96.36 0.09
indicator variable.
2 5 Model 2 Two-step -2.1(0.2) 0.10 0.09 -0.01 -8.24 0.01 97.57 0.11
Model 6 Ignoring clustering -2.1(0.2) 0.10 0.09 -0.01 -5.95 0.01 96.58 0.11
Model 8 One-step including -2.1(0.2) 0.10 0.10 0.00 -3.67 0.01 96.58 0.11
indicator variable.
3 5 Model 2 Two-step -2.1(0.2) 0 0 0 NA 0.01 96.10 0.13
Model 6 Ignoring clustering -2.1(0.2) 0 0 0 NA 0.02 95.10 0.12
Model 8 One-step including -2.1(0.2) 0 0 0 NA 0.02 94.90 0.12
indicator variable.
4 5 Model 2 Two-step -2.1(1.5) 0.30 0.30 0.00 -0.95 0.01 95.40 0.10
Model 6 Ignoring clustering -2.1(1.5) 0.30 0.23 -0.07 -22.13 0.01 84.10 0.09
Model 8 One-step including -2.1(1.5) 0.30 0.31 0.01 3.53 0.01 94.80 0.10
indicator variable.
5 5 Model 2 Two-step -2.1(1.5) 0.10 0.10 0.00 0.35 0.01 97.70 0.11
Model 6 Ignoring clustering -2.1(1.5) 0.10 0.08 -0.02 -15.53 0.01 95.30 0.10
Model 8 One-step including -2.1(1.5) 0.10 0.10 0.01 5.45 0.01 96.10 0.11
indicator variable.
6 5 Model 2 Two-step -2.1(1.5) 0 0.00 0.00 NA 0.01 97.00 0.12
Model 6 Ignoring clustering -2.1(1.5) 0 0.00 0.00 NA 0.01 95.40 0.11
Model 8 One-step including -2.1(1.5) 0 0.00 0.00 NA 0.02 95.60 0.12

indicator variable.
* Note that all the results are shown to two decimal places but the calculations such as bias, percentage bias, ... etc are based on full results (more than two

decimal places).
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Table 5. 10:Simulation results for the pooled effect sizef@ three models of IPD meta-analysis, (two-step, one-step ignoring clustering and
one-step including indicator variable), mean age is 4 with standard deviation 1.5 and the sample size with-in each study is between 30 to 1000
observations, with the number of studies n=5 and 1000 simulations, the true values of the pooled effe®® stmmy® in the table; the

standard error fox is 0.2 and 1.5.

Scenarios No. of Model Meta-analysis model < B Mean of Bias percentage MSE of 8 Percentage Mean
studies(n) (s. e. of x) B bias* coverage s.e. of
B
1 5 Model 2 Two-step -2.1(0.2) 0.30 0.30 0.00 -0.08 0.00 96.57 0.03
Model 6 Ignoring clustering -2.1(0.2) 0.30 0.30 0.00 -0.39 0.00 96.36 0.03
Model 8 One-step including -2.1(0.2) 0.30 0.30 0.00 0.41 0.00 96.36 0.03
indicator variable.
2 5 Model 2 Two-step -2.1(0.2) 0.10 0.10 0.00 1.68 0.00 95.59 0.04
Model 6 Ignoring clustering -2.1(0.2) 0.10 0.10 0.00 1.72 0.00 95.68 0.04
Model 8 One-step including -2.1(0.2) 0.10 0.10 0.00 2.26 0.00 95.41 0.04
indicator variable.
3 5 Model 2 Two-step -2.1(0.2) 0.00 0.04 0.04 NA 0.04 94.90 0.04
Model 6 Ignoring clustering -2.1(0.2) 0.00 0.04 0.04 NA 0.04 95.30 0.04
Model 8 One-step including -2.1(0.2) 0.00 0.04 0.04 NA 0.04 94.80 0.04
indicator variable.
4 5 Model 2 Two-step -2.1(1.5) 0.30 0.30 0.00 0.22 0.00 95.40 0.04
Model 6 Ignoring clustering -2.1(1.5) 0.30 0.24 -0.06 -21.64 0.01 48.00 0.03
Model 8 One-step including -2.1(1.5) 0.30 0.30 0.00 0.74 0.00 95.30 0.04
indicator variable.
5 5 Model 2 Two-step -2.1(1.5) 0.10 0.10 0.00 -1.09 0.00 95.70 0.04
Model 6 Ignoring clustering -2.1(1.5) 0.10 0.08 -0.02 -19.03 0.00 88.90 0.04
Model 8 One-step including -2.1(1.5) 0.10 0.10 0.00 -0.60 0.00 95.50 0.04
indicator variable.
6 5 Model 2 Two-step -2.1(1.5) 0.00 0.00 0.00 NA 0.00 95.80 0.04
Model 6 Ignoring clustering -2.1(1.5) 0.00 0.00 0.00 NA 0.00 94.90 0.04
Model 8 One-step including -2.1(1.5) 0.00 0.00 0.00 NA 0.00 95.60 0.04

indicator variable.
* Note that all the results are shown to two decimal places but the calculations such as bias, percentage bias, ... etc are based on full results (more than two
decimal places).
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5.5 The Impact of the Prevelance across Studies

In this simulation study, | did not examine the impact of the prevalence; that is the simulation
design assumed the same prevalence of the PF in each study, and so relaxing this assumption
may also effect on the models performance.

Altman et al**® states if there is variation in the prevalence across studies, then ignoring the
clustering of patients across studies (and assuming the data as it came from one study) give
an incorrect answer. They also stated tlcatipared to standard meta-analysis, the treat-as-
one-trial method gives greater weight to large trials and will tend to give narrower
confidence interval”

To briefly look at how changes in prevalence in the PF across studies are creating differences
in the models, | now present three datasets from my simulations where there are reasonable
differences in the three model results. For dataset 3 (Table 5.11), the one-step ignoring
clustering gets a smaller standard error and smaller effect size, as seen in the simulations.
However the prevalence in each study is very similar, thus this shows that there can be

differences in the model results even when the prevalence is the same in each study, the

reason being thatx; can still vary considerably which causes differences in model results.
Similarly in dataset 2, the prevalence is similar but the standard erfbisahuch smaller in

the one-step ignoring clustering.

In future work | will consider the additional impact of varying the prevalence on the IPD
meta-analysis models. This may even increase the bias in the one-step model that ignores the
clustering of patients across studies. In dataset 1, the prevalence are more different across
studies, but thex; are also different, so it is difficult to tell if the prevalence is having an

effect or not.
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Table 5.11: Testing the impact of the prevalence on the pooled effect size of the PF.

Meta-analysis models B (s.e) Study  Event/total Prevalence x;
IPD Two-step 0.56 (0.21) 1 52/254 0.20 -1.25
Dataset 1 One-step accounting for clustering  0.54(0.20) 2 57/354 0.16 -1.16
One-step ignoring clustering 0.49(0.19) 3 19/113 0.17 -4.53
4 56/306 0.18 -2.68
5 12/44 0.27 -2.71
IPD Two-step 0.02(0.15) 1 102/575 0.18 2.93
Dataset 2 One-step accounting for clustering  -0.02(0.15) 2 141/755 0.19 -1.74
One-step ignoring clustering -0.12(0.10) 3 122/598 0.20 -1.94
4 100/477 0.21 -2.16
5 206/999 0.21 -3.51
IPD Two-step 0.13(0.17) 1 91/433 0.21 -.564
Dataset 3 One-step accounting for clustering  0.16(0.16) 2 26/122 0.21 -1.54
One-step ignoring clustering 0.03(0.09) 3 89/426 0.21 2.94
4 168/883 0.19 2.61
5 184/925 0.20 -2.98

5.6 The Impact of the Correlation between « and  Across Studies

Recall in chapter 4, | assessed whether the correlation betwaedf in IPD meta-analysis
modds will effect on the pooled effect size of the PF, by using the BFMA models. | showed
mathematically and by empirical example that the correlation betwel 8 has no impact

onthe pooled effect size of the PF, under a certain conditions: (i) the outcome and the PF are
binary data; (ii) cov(&i,[?i) = —var(&;); (iii) and there is no heterogeneity across
studiegt2 = 0). But, this arise a question; if there is heteroggreeross studi€s?2 + 0),

does the correlation betweerx and g effect on the pooled effect size of the PF? To lyrief

look at this, | select one dataset from my simulation (dataset3, Table 5.11) to investigate. This
dataset has a substantial variationcfos, with I2 = 99.5%. | found the results from the
BFMA model are exactly the same as two-step model (Table 5.11), that ignores the
correlation. This indicates that there is still no impact for the correlation betweswl 5,

even when there is heterogeneity across studies. But this is just one example. In the future
work, | will undertake a simulation study to examine the impact of the correlation between

andpg on the IPD meta-analysis model results more fully.
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5.7 Limitation of My Work

This simulation study has limitations; firstly 1 only considered one variable (binary or
continuous), i.e. a univariate model and | did not consider if there is a variation of the
prevalence across studies, as discussed. Also, | specified a linearity assumption for the
continuous variable. | focused on two-step approach (model 2) and one-step approach (model
6 and 8). Other models are available such as those described in Chapter 4, such as a bivariate
model in the second stage of the two-stage method, and the models accounting for residual
variation. Also, | specified no heterogeneity on the PF effect across studies, as in TBI data.
But often heterogeneity will exist. Further simulations are required to see if my findings hold

in situations with heterogeneity, and to evaluate the performance of the other models in
Chapter 4, and to examine the impact of any variation of the prevalence across studies. Also,
as in any simulation study, other parameter values could have been chosen. | based mine on
the TBI dataset, but other values for the number of studjgs,prevalence, sample size etc

are possible and may (or may not) reveal further findings. Also | have considered a binary
outcome and fitted logistic regression models, the findings may (or may not) change if

survival model were considered.

5.8 Discussion

In this chapter | have undertaken a simulation study to investigate the impact of ignoring the
clustering of patients within studies and to compare one-step versus two-step models in IPD
meta-analysis of PFs. | have undertaken the simulation study for small (30 to 100) and large
(30 to 1000) sample size respectively, and for 5 or 10 studies in the meta-analysis of either a
binary or a continuous PF with a binary outcome.

For many of the scenarios | assessed, the two-step approach, the one-step approach

accounting for clustering, and even the one-step ignoring clustering give unbiased pooled
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effect size estimates of the PF, and suitable coverage around 95%. However, the one-step
ignoring clustering generates downward biased pooled effect size estimates of the PF when
the standard deviation of is large (1.5), with a poor coverage less that 95%taolstandard

errors that are too small. When the number of studies in the meta-analysis was small (5), and
the number of patients was small, the simulation results also show the two-step approach

gives upward bias in some scenarios for the binary PF analysis, and gave coverage too large
(>95%), due to large standard errors. However, the one-step model that accounts for

clustering performed well in all scenarios considered.

Also, | selected three datasets from my simulation for the binary PF with reasonable

difference in the three model results; to examine the impact of the prevalence and the
correlation between parameters across studies. | found that when prevalence was similar,
large differences can still exist due to the variabilitsc.ivariability in the prevalence may

increase model differences, but this is for further work.

Based on my results, | conclude that ignoring the clustering of patients within studies is not to
be generally recommended, as it can cause too low a coverage and too small standard error
(i.e. it is anti-conservative). My findings are echoed in non-meta-analysis settings too, and so
this is my recommended model choice for IMPF projects. Peters ‘&t whdertook a
comparison of methods for analysing cluster randomized trials, the authors concludes that
ignoring the clustering for standard logistic regression model was highly anti-conservative.
Bland"*® concludes thatThe effects of clustering can be large, inflating Type | erravich

is exactly the same as my findings here. Cl&tkthe author stated th&tandard errors are

biased downwards when using single-level models even when there are as few as two
observations per group on average'. Hogan €tastated thatignoring important sources

of variation in any analysis can lead to incorrect confidence intervals and P vahlss)
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Hetdker et al}*® stated that faditional regression models can lead to biased estimates of

uncertainty and different conclusidnghen clustering is ignored.

The results of one-step accounting for clustering and two-step approach are often very
similar, only in a few situations with a binary PF did the two-step methods perform worst.
This may be because the two-step model did not account for the correlation between
parameterse; andg;) in the second step. Jones etatated thatignoring correlation can

lead to different pooled estimates of the treatment difference and their standard errors’.

30 stated thatWe therefore re-iterate that our result is a theoretical result

Mathew et al
giving a complete description of the linear models under which the one-step and two-step

IPD meta-analysis estimators coincide, assuming that the covariance matrices are known’

which suggest further that one-step and two-step meta-analysis approach may be coincide if
we account for the correlation between parameters in the two-step, as then the whole
covariance matrix of estimates is used (future work). Another key problem could be that the

p; estimates are assumed normally distributed in the second step, which may not be
appropriate in situations where the sample size is small and the odds ratio is large. Other
methods for dealing with pooling odds ratios may also overcome this issue as the one-step
does* 14

Given this and that in more complex scenarios multiple PFs may be of interest in the same
model, it seems sensible that the one-step method is the general choice for an IMPF. In

chapter 6, | now consider application to the TBI data again and investigate non-linear trend in

a PF effect.
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CHAPTER 6

POSSIBLEIPD META-ANALYSIS MODELSOF
CONTINUOUSPROGNOSTIGFACTORSBY
USING FRACTIONAL POLYNOMIAL

6.1 Introduction

There are many issues for the analysis of continuous PFs, and a key one arises when the
assumption of linearity is found to be untenable. Through my reviewing for the 20 IMPF
articles ( see chapter 2), only 6 articles considered a non-linear trend of the continuous PF; in

particular, 4 of them used spline functiGhs "¢ "8

and the other 2 used polynomial teffif§
Though polynomial models are easy to fit, they may fit the data badly and give misleading
inference® 4 Fractional polynomials (FP) are a more flexible set of parametric models

that can overcome the problems of polynomial mddfets’

In this chapter, | develop meta-analysis models when the research interest is an estimate of
the pooled effect of a continuous PF across studies, with potential non-linearity. In particular,

the focus is on considering the possible two-step and one-step models for synthesising IPD
studies that account for the clustering of patients across studies, whilst using first and second
order FP terms within a logistic regression model. The TBI dataset again is used as an

illustration to compare between one-step and two-step meta-analysis.

6.2 Fractional Polynomial Modelling on a Single Study

Regression models based on FP functions of a continuous covariate are described by Royston
and Altmart*®. A FP function can be applied in various regression models such as simple
and multivariable linear regression, logistic regression, and Cox proportional hazard models.

In this chapter the focus is on using FP function within the context of IPD meta-analysis of a
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PF, using logistic regression. Let us first consider how to apply FP in a single study using

logistic regression.

The general m-degree FP function of a logistic regression model for a continuous variable,
(e.g. age), is given by

logit(P) = Bo + By x@V + B, x®2) 4 oo [ 4B, x®m) (6.1)
Wherep, p; ... pm, denote fractional powers; refers to the degree of the FP model, (the
focus here is onm < 2 only)x > 0, and the round bracket notation denotes the Box-

Tidwell transformation as follows:

_(xP ifp*+0
L WA

At first glance, it seems that FP model is similar to the family of conventional polynomial
models; however it is more flexible as the powgrscan be a non-integer values and the best
fitted powers are to be determined. The powersye chosen from a restricted set, S.
Royston et al*® suggested = {—2,—1,—0.5,0, 0.5,1, 2, 3}, wherex? denotesog (x);

the set includes many possible transformations such as squarepreo.%), reciprocal

(p = —1), logarithmic square transformatiofyis= 0) and include no transformation (i.e.

linear trend) wherp = 1.

In this chapter, the focus is on a two degree FP functior<(2), as Royston et af® stated

that ‘we have found that models with degree higher than 2 are rarely required in
multivariable analysis. Fractional polynomials withm <o#fer many potential
improvements in fit compared with conventional polynomials of the same tdelyszethey
stated thatéxperience gained since 1994 has confirmed S as an excellent generadl. ¢dhoice
this chapter, | will use the same notation used by Royston and Sad&threparticular, the

notation FP1 and FP2 refer to fractional polynomial with one powgr dnd two powers
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(p1,p2) to represent the first and the second-degree FP Impeipectively. With the set S of
powers just given, there are 8 models with FP1, 28 models with FP2 with distinct powers
(p1 # p2) and 8 models for FP2 with equal powéps = p,), note that in this case the FP2
modds are in the formlogit(P;,) = < +B,xP1 + B, xP2 logx ; so a total of 44 possible

modds.

6.2.1 Model Selection

Models with FP functions are generally fitted by using maximum likelihood estimation,
including logistic regressidff. The best-fitting model is the one whose power gives the
highest chi-square statistics or the smallest devidh¢minus twice the maximized log

likelihood of a fractional polynomial model with powgi,

6.2.2 An Illustrated Example

| now give a simple example of FP modelling within a logistic regression model by applying
to the first study of the 4 IPD studies within the TBI dataset that was introduced in chapter 1
(see Table 1.1), and analysed initially in chapter 4. Recall in chapter 4, | found that age was a
PF for 6-month mortality but | assumed a linear trend for age. | also found that there was
residual variation due to age, which suggests that the linear relationship may actually not be

the most suitable.

The Best Fitted FP1 Logistic Regression Model

First | fit all of the possible 8 models with one power and decide the best fitted model by

selecting the model that has the highest chi-square statistics or the lowest deviance.

Table 6.1 gives the results of the possible 8 models between age and logit probability of 6
month mortality. The best fitted model is the cubic model (model 8), as it has the lowest

deviance £85.763) and the highest chi-square statistizs82) with one degree of freedom.
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Model 8 indicates that there is a significant association betwge# and the probability of

six month mortality as the P-value < 0.001.

Table 6. 1: The results of possible logistic regression models for FP1, for the association
between age (per 10 years) and the probability of six month mortality for the first study
of TBI dataset

Model Power Deviance a B Se(B) chi p-value
(p) square  of B
statistic
1 2 901.167 -0.755  -3.020 0.968 10.41 <0.001
2 -1 896.350 0237 -2.691 0.706 15.23 <0.001
3 0.5 893.936 0773  -3.357 0.813 17.65 <0.001
4 0 891.693 2299 1.000 0.227 19.89 <0.001
5 0.5 889.742 3209 1.139 0.245 21.84 <0.001
6 1 888.169 2200 0311 0.064 23.41 <0.001
7 2 886.257 -1.684  0.041 0.008 25.32 <0.001
8 3 885.763 -1.506  0.007 0.001 25.82 <0.001

The model can be written as:

logit(P) = &+ S age? (6.1)
Where & refers to the log-odds of the event (e.g. six manthmtality rate) whemge3 = 0,
age? is the cubic value of a patient age divided by 10, Aiglthe change in the log-odds of
the event for one unit increase in ayeThere is, however, very little difference in the chi-
sguare statistics value of the models witk 1,2, or 3, suggesting little difference between a
linear, quadratic and cubic. Note that the second best model is model j wizand the

modé is given as:
logit(P) = &+ f age? (6.2)

This model has the same interpretation as model 8, except thatsuie square value of the
covariate (i.e. age); it has the second highest value of the chi-square statistics after model 8.
Figure 6.1 shows the results of FP1 analysis of age, and the log-odds of mortality. In

particular, the graph depicts the relationship betweert?d@nd log-odds of mortality based
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Figure 6.1: All of the possible logistic regression models for FP1 logistic regression models to assess whether there is an association between
age and in-odds of six month mortality for study one in the TBI dataset- the best mode? igFigyee 6-1h)

Figure(6-1la):p = =2 Figure(6-1b):p = —1 Figure(6-1c): p = —0.5 Figure(6-1d):p =0
Fractional Polynomial (-2) Fractional Polynomial (-1) Fractional Polynomial (-0.5) Fractional Polynomial (0)
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Figure (6-1e): p = 0.5 Figure(6-1f):p =1 Figure(6-1g):p = 2 Figure(6-1h):p =3
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Note that STATA software is used to estimate these graphs; in particular “fracplot “ module
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on the logarithmic relationship fitted by logistic regression; shaded area denotes the 95%

confidence interval around the line.

The Best Fitted FP2 Logistic Regression Model

FP2 is now applied to the first study in the TBI dataset, and thus 36 models fitted. Table 6.2
gives the results of the 36 models, the best model has pfwets—2,p, = —1), which

has the lowest deviance and the highest chi-square statistics. The model is given as:
logit(p) = &+ Bage™? + frage™! (6.3)

Here & refers to the log-odds of the event (e.g. six montitality) whenage™2 = age™! =

0, age™? is the inverse of the square value of the age~! is the inverse value of age;
B, and B, are the change in the log-odds of the event for ané increase in

age~? and age™! respectively. Figure 6.2 shows the estimated relatipnsetween age

with power(p; = —2,p, = —1), and log-odds of mortality.

Figure 6.2: The best fitted logistic model by using FP2 , to
investigate whether there is an association between age and log-
odds of six month mortality, the best fitted model with powers
p1 = —2 and p, = —1, for study 1.

The best fitted model y using FP2

age per 10 years

[157]



Table 6. 2: Al of the possible logistic regression models by using FP2 to assess whether there is an association between age and In-odds of six
month mortality for one study of TBI dataset.

Power Betal | Beta2 Betal | Beta2 | chi p-value 1 | p-value | Power betal | beta2 | Betal | Beta2s.e. chi p-value | p-value
s.e s.e. square 2 s.e square 1 2
statistics
(-2,-1) 17.68 -15.56 4.94 3.70 27.33 0.00 0.00 | (-1,2) 1.12 | 0.05 1.32 0.02 26.03 0.40 0.00
(-2,-0.5) 10.51 -12.06 3.29 2.88 27.27 0.00 0.00 | (0,1) -1.93 | 0.86 1.20 0.35 25.98 0.66 0.14
(-2,-2) 6.25 -21.27 2.30 5.05 27.26 0.01 0.00 | (0.5,0.5) -7.42 | 2.64 4.19 1.29 25.97 0.08 0.04
(-2,0) 6.90 2.56 2.50 0.62 27.14 0.01 0.00 | (-0.5,2) 1.41 | 0.05 1.82 0.02 25.92 0.44 0.00
(-1,-1) -2.00 -12.58 0.68 3.58 27.04 0.00 0.00 | (-2,3) 0.38 | 0.01 1.24 0.00 25.91 0.76 0.00
(-2,0.5) 4.72 2.26 2.04 0.55 26.98 0.02 0.00 | (0.5,1) -4.12 | 1.39 2.62 0.69 25.87 0.12 0.04
(-1,-0.5) 22.08 -28.89 7.13 8.33 26.85 0.00 0.00 | (0,2) -0.46 | 0.06 0.63 0.02 25.84 0.47 0.02
(-2,1) 3.26 0.51 1.75 0.12 26.78 0.06 0.00 | (-1,3) 0.10 | 0.01 1.09 0.00 25.83 0.93 0.00
(-1,0) 9.49 4.05 3.58 1.18 26.66 0.01 0.00 | (0.5,3) 0.05 | 0.01 0.60 0.00 25.83 0.93 0.05
(-0.5,-0.5) -14.45 -12.60 3.76 4.13 26.64 0.00 0.00 | (1,3) 0.02 | 0.01 0.20 0.00 25.83 0.91 0.12
(-1,0.5) 5.29 2.95 242 0.87 26.48 0.03 0.03 | (2,3) 0.01 | 0.01 0.05 0.01 25.83 0.92 0.48
(-0.5,0) 21.49 7.02 8.28 2.34 26.45 0.01 0.00 | (-0.5,3) 0.02 | 0.01 1.41 0.00 25.82 0.99 0.01
(-2,2) 1.45 0.05 1.41 0.01 26.35 0.31 0.00 | (0,3) 0.02 | 0.01 0.46 0.00 25.82 0.96 0.02
(-1,1) 3.20 0.59 1.86 0.18 26.31 0.09 0.00 | (3,3) 0.01 | 0.00 0.02 0.01 25.82 0.66 0.98
(-0.5,0.5) 8.91 3.82 4.18 1.29 26.27 0.03 0.00 | (1,1) -0.94 | 0.54 0.81 0.35 25.80 0.25 0.12
(0,0) -2.52 1.49 1.39 0.58 26.26 0.07 0.01 | (0.5,2) -0.63 | 0.06 0.92 0.03 25.79 0.49 0.05
(-0.5,1) 4.73 0.68 2.85 0.23 26.13 0.10 0.00 | (1,2) -0.24 | 0.07 0.37 0.05 25.76 0.51 0.13
(0,0.5) -4.89 6.45 2.35 2.57 26.10 0.04 0.01 | (2,2) -0.02 | 0.03 0.09 0.05 25.76 0.83 0.51
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I now consider how to apply a two-step or a one-step meta-analysis by using FP functions

restricted to S subset.

6.3 Two-step IPD Meta-analysis

Recall that in the 'two-step' approach, the IPD are first analysed separately in each study using
an appropriate statistical method for the type of data being analysed; for example, for binary
outcome a logistic regression model might be fitted. This produces aggregate data for each
study, such as the PF effect estimate and its standard error; these are then synthesized in the
second step using a suitable model for meta-analysis of aggregate data, such as one weighting
by the inverse of the variance whilst assuming fixed or random PF effects across studies (see
chapter 1). Before fitting the two-step FP logistic regression model, testing of the linearity
assumption can be considered for the relation between age and mortality rate by using closed

test in each study.

Closed Test:

Closed test is used to choose the best FP function and it is also used to test the linearity
assumption between the PF and outcome. In FP modelling the default function is linear

(p = 1) . The procedure for closed test is given as folf§%s° in relation to TBI data:

1. Calculate the deviance difference between the best FP2 model (i.e. the best fitted
model with the lowest deviance) and null model (i.e. that which excludes the PF and
has only thex term) and test it at levet onthe chi-square distribution with 4 degree
of freedom, If the p-value is non-significant, then stop and accept the null model,
which assumes that the PF is not significant atdhevel, but if the test is significant,
then go to the second step.

2. Calculate the deviance difference between the FP2 model and the linear model

(P = 1) at thex level on the chi-square distribution with 3 degoééreedom. If the
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p-value is non-significant, then stop and then accept the linear model (so in this case
the linearity assumption is achieved); but if the p-value is significant this indicates that
the linearity assumption is not achieved, so, go to the third step.
3. Calculate the deviance difference between the best FP2 model and the best FP1 and

test it at thex level on the chi-square distribution with 2 degredreédom. If the p-
value is non-significant then stop and FP1 is the best function, but if the test is
significant, then the best function is FP2.

Note that step 1 tests whether the PF is significant or not; step 2 is used to test whether the

linearity assumption between the PF and outcome is achieved or not; and step 3 compare

between the simple and more complex non-linearity model.

Test of Linearity Assumption and the Best Selected Function

Table 6.3 gives the test of linearity assumption, and the best selected FP function for age per
10 years in TBI dataset for each study separately by using closed test. In the 4 studies, the
linearity assumption is achieved fos of 0.05, as the P-values for the 4 studies are not
significant (Table 6.3). But, if | changed the levebofo be, say, 0.10, then study 3 does not
achieve the linearity assumption with P-value = 0.087, and the best fitted model is FP1 with
power = 3 for this study. In this situation, | should decidbeether | use linear or non-linear

models for the 4 studies. Thus, the choicecd$ clearly important.

If 1 ignore the closed test, so the best fitted models are FP1 with powers 3, 1, 3, 2, for study 1,
2, 3, and 4 respectively. Then by considering the non-linear trend across the 4 studies, there
are different powers across the 4 studies which make it difficult to apply a two-step model
meta-analysis here, as it needs the 4 studies to have the same power (i.e. same model terms in
each study). For example, if study one Bas and study four hagx? , thef term cannot be

synthesised. In the next section | give a suggestion on how to fit FP1 two-step IPD meta-
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analysis model, by using logistic regression model, and how to decide upon which power to
use consistently in each study.

Table 6. 3: Test of linearity and the best selected FP function for each study for TBI dataset
in one-step IPD meta-analysis

Study Model Deviance  Powel Steps of Comparison  Dev.diff P-value The best
(p) | closed fitted model
test
Study FP2 884.246 - 1 FP2 vs. null 27.335 <0.001
(1) Linear 888.169 1 2 FP2 vs. linear 3.923 0.270
FP1 885.763 3 3 FP2 vs. FP1 1.517 0.468 FP1=3
Null 911.581 - - - FP2=(-2,-1)*
Study FP2 1087.992 - 1 FP2 vs. null 28.844 <0.001
(2) Linear 1088.920 1 2 FP2 vs. linear 0.928 0.819
FP1 1088.920 1 3 FP2 vs. FP1 0.928 0.629 FP1=1
Null 1116.836 - - - FP2=(3,3)*
Study FP2 565.171 - 1 FP2 vs. null 63.350 <0.001
3) Linear 571.751 1 2 FP2 vs. linear 6.579 0.087
FP1 565.492 3 3 FP2 vs. FP1 0.321 0.852 FP1=3
Null 628.521 - - - FP2=(0.5,2)*
Study FP2 425.401 - 1 FP2 vs. null 15.558 <0.001
(4) Linear 426.049 1 2 FP2 vs. linear  0.648 0.885
FP1 425.795 2 3 FP2 vs. FP1 0.394 0.821 FP1=2
Null 440.959 - - - FP2=(-2,3)*

*Fitted FP1 logistic regression model is better than FP2 in each study of TBI dataset.

6.3.1 First Order Fractional Polynomial (FP1)

I now apply FP1 logistic regression models separately for each of the 4 IPD studies in the TBI
dataset. Table 6.4 shows the chi-square statistics values for all possible 8 models. Figure 6.3
shows the fitted curve for each study for= 1,2 and 3 Figure 6.4 shows the comparison
between FP functions for linegr = 1), quadratic(p = 2), and cubic(p = 3) function for

eah study separately for TBI dataset. Based on the closed test=afd5 (i.e. significant

level is 5%), all studies choose the linear trend as the best fitted relationship. In this case, one
could apply the methods in chapter 4. Howevex i 0.1, then study 3 rather chooses a cubic
trend (Table 6.3) and so, there are different powers for the best fitted model across studies
which make it difficult to apply a two-step meta-analysis, as mentioned. The difference of the
‘best’ model could be a reflection of between study heterogeneity in the true FP relationship

between age and In-odds of mortality, or it could be a consequence of chance variation. In
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chapter 1, for the 4 TBI studies, recall that there was no heterogeneity when age was assumed
to have a linear trend{ = 0%). Further, though the best fitted model for onedgtis

different from the best fitted model in others, the visual difference between the fitted models
with different powers in each study is not substantial (Figure 6.3 and 6.4). In particular, there is
only a little difference between linear, quadratic and cubic functions for age especially when the
age of patients is between 20 to 60 years in all studies; though there is a slight difference
between the three functions when age is less than 20 years and bigger than 60 years respectively

(i.e. at the extremes of the data with less values, especially for study 3).

Table 6. 4 The possible FP1 logistic regression models for each of the 4 TBI studies to assess
the association between age and the probabilty of six month mortality

Study 1 Study 2 Study 3 Study 4 Total

Chi-square
Chi- chi - Chi- Chi- for4
Model Power square Model Power square Model Power square Model Power square studies

1 -2 10.41 1 -2 17.68 1 -2 27.07 1 -2 10.8 65.96
2 -1 15.23 2 -1 22.04 2 -1 36.68 2 -1 125 86.45
3 -0.5 17.65 3 -0.5 24.17 3 -0.5 42.12 3 -0.5 133 97.24
4 0 19.89 4 0 25.98 4 0 47.56 4 0 13.99 107.42
5 0.5 21.84 5 0.5 27.27 5 0.5 52.57 5 0.5 14.53 116.21
6 1 23.41 6 1 27.92 6 1 56.77 6 1 1491 123.01
7 2 25.32 7 2 27.2 7 2 61.97 7 2 15.16 129.65
8 3 25.82 8 3 24.5 8 3 63.03 8 3 14.89 128.24

One could thus arguably choose either powers 1, 2, or 3. To help to identify the overall best
model, | added the chi-square value across for all the 4 IPD studies for the same model (i.e.
same power), to find the model with the overall highest chi-square statistics (Table 6.4). |

found that the best FP1 model across all 4 IPD studies is model pwith (see Table 6.4),
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with total chi-square statistics equals 129.65. Thus, | decided to undertake the two-step IPD

meta-analysis model fgr = 2. This model is written as:

First step: logit(p;) =&+ Biage?
Second step : B;=p +e; ,e;~ N(0,Var(B;)) (6.4)
:é _ lewi ﬁAi
Wi

where&; represents the value of the log-odds whga? = 0, f3; refers to the change in log-
oddsof mortality for one unit change ige? in each IPD studyi; refers to study. This allows
adifferentx in each study but assumes a fixedgndom-effects o are also possible if
necessary. The pooled effect size estimategjes the best estimate of the change in log-
oddsfor one unit increase afge?. Note that, for simplicity | did not consider the effect of the
correlation between parametersandp in the second step here (see further work, chapter 8)
Figure 6.5 presents the forest plot for the association betwgpenand the probability of six
month mortality. There is no heterogeneity across studigs=a%; thus the quadratic trend

appears consistent in each study as did a linear trend (Chapter 4).
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Figure 6.3: The fitted cubic, quadratic and linear regression model for 4 IPD studies of the TBI dataset
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Figure 6.4: A1 of linear, quadratic and cubic (p=1, 2, 3) models for age, for each study
separately by applying on TBI dataset

Figure (6.4a): FP1 for linear, quadratic and Figure (6.4b): FP1 for linear, quadratic and
cubic models for age for study 1, TBI dataseubic models for age for study2, TBI dataset
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Figure (6.4 c): FP1 for linear, quadratic and Figure (6.4d): FP1 for linear, quadratic and
cubic models for age for study 3, TBI dataseubic models for age for study 4, TBI dataset
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Figure 6.5: The forest plot for FP1 with power =2 logistic regression model of
IPD meta-analysis by using fixed effect method- for the 4 IPD studies for TBI
dataset

The forest plot for the association between age and six month mortality rate
By applying FP1 for the 4 IPD studies for TBI dataset

%

trial N ES (95% ClI) Weight
1 825 —— 1.04 (1.02, 1.06) 15.64
2 959 — 1.03 (1.01, 1.05) 15.35
3 466 -~ 1.04 (1.03, 1.05) 61.99
4 409 _— 1.04 (1.01, 1.07) 7.02
Overall (I-squared = 0.0%, p = 0.844) <> 1.04 (1.03, 1.05) 100.00

T =T T

9 1 1.05 1.08

Odds ratio

The pooled odds ratio for the 4 IPD studies is 1.04 with 95% confidence interval lies between
1.03and 1.05; there is a significant relationship betwega? and log-odds of mortality as
oneis not included in the confidence interval; the odds ratio (1.04) indicates that a one unit

increase ofige? multiplies odds of mortality by 4%.

Note that although FP2 function has the lowest deviance across the 4 studies, the closed test
yielded that FP1 is better than FP2 as the reduction in deviance is not statistically significant
at either the 5% or 10 % level. Thus, | will not consider FP2 two-step meta-analysis here. In
situation where FP2 are required, it may be even more difficult to choose the same powers for

all of the 4 studies in the meta-analysis, given there are 36 FP2 models possible in each study.

6.4 One-step Meta-analysis
Recall in the 'one-step’ approach, the IPD from all studies are modeled simultaneously whilst

accounting for the clustering of patients within studies. In this section | consider one-step
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logistic regression meta-analysis models that uses the FP approach and account for the
clustering of patients within studies. TBI is again used as an application. Models that ignore
clustering are clearly not considered given the findings of Chapter 5. In the next sections, FP1

and FP2 models are fitted to select the best one-step IPD meta-analysis model.

6.4.1 First Order FP One-step Meta-analysis Model

In a one-step FP meta-analysis to adjust for clustering of patients within studies, | include

study indicator as in chapter 4 (i.e. a separate intercept term); the choice of the first and

second order FP model for the covariate of interest is then decided simultaneously across all
studies (i.e. a separate FP model is not fitted per stdhg.FP1 one-step IPD meta-analysis

logistic regression model which can be written as:

logit(Py) = &+ f agei(,fl) (6.5)

Where &; is the log-odds of event in studywhen agel.(,fl) =0, B indicates the change in
log odds for one-unit increase mgegg, with B assumed fixed across studiesis the first

order FP selected from the restricted S set (with 8 possible numbers).

One could also allowp to vary across studies, i.e. place a random-effects around it , either
way, one is still forcing each study to have the same FP power terms, gweariés. That is

the choice ofp is forced to be the same in every study. This idlaino the second step
approach | used in section 6.3.1, where | forced the choice of p=2 in each study as my ‘best’

model.
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6.4.2 Second Order FP for One-step IPD Meta-analysis
The FP2 one-step IPD meta-analysis logistic regression model is given as

logit (P;) = <;+ ﬁlagegj + B, ageﬁc2 (6.6)

Where a; is the log odds of event in studywhenagel! = age’? =0, B, and B,

indicate the change in log-odds of the event for one-unit increasegé#®* and

agePz respectively; ageg(1 and ageg(2 are the fractional transformation of the covariate;
agan p, and p, refer to the power of the continuous covariate and are selected from
restricted S set for the best fitted model that has the highest chi-square statistics or the lowest
deviance. Again the choice pf andp, are forced to be the same in each study, even if the

model is extended to allow heterogeneityinands,.

6.4.3 Application to the TBI Data

Test of Linearity Assumption and the Best Selected Function

By applying the closed test on TBI dataset using the one-step approach, the linearity
assumption is not achieved as the P-value for comparing FP2 versus linearity is significant
(p = 0.043), which indicates that | go to step three to corapaetween FP2 and FP1
function. FP1 function is recommended over FP2 as the P-value for FP2 to FP1 is non-

significant (p = 0.793), see Table 6.5.

Table 6. 5:Test of linearity and the best selected FP function for each study for TBI dataset
in one-step IPD meta-analysis

Study Model Deviance Powern Step  Comparison  Dev.diff P-value The best
P fitted
model
Study FP2 2969.194 - 1 FP2 vs. null 128.702 <0.001
(1) Linear 2977.319 1 2 FP2 vs. linear 8.125 0.043
FP1 2969.657 2 3 FP2 vs. FP1 0.463 0.793 FP1=2
Null 3097.897 FP2=(-2,2)*

*Fitted FP1 logistic regression model is better than FP2 in each study of TBI dataset.
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Table 6.6:The results of two-step and one-step IPD meta-analysis models for TBI dataset by using FP1 and FP2

Model Description  FP Chi*  Deviance p; p; Odds Odds 95% 95% Ln Ln 95% 95% P-value  P-value
of the function 2 ratio  ratio  confidence confidence  (odds (odds confidence confidence for B, for B,
Model B1 B2 interval for interval for  ratio) ratio) interval forLn interval for Ln
Odds ratio Odds ratio P1 B2 Odds ratio #;  Odds ratio 3,
B1 B>
Modell  Two-step FP1 2 - 1.04 - 1.03 to 1.05 - 0.04 - 0.03 t0 0.05 - <0.001 -
Model2  One-step FP1 585. 2969.6 2 - 1.04 - 1.03 to 1.05 - 0.04 - 0.032 to 0.05 - <0.001 -
Account 99
clustering
Model 3 FP2 588. 2969.2 2 2 1.55 1.04 0.44t05.42 1.03 to 1.05 0.44 0.04 -0.82to 1.7 0.03 t0 0.05 0.495 < 0.001
20

N.B. all of results in this Table have been estimated by using STATA software, and the STATA code to fit the two-step and one-step models by using fractional polynomial ¢
logit, fracpoly and metan, for more details see Appendix E.
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| now apply the one-step FP models to TBI dataset and compare them to the second- step FP
results. Recall that in two-step IPD meta-analysis models, | decided the best fitted model for
FP1 was for age? (i.e. power = 2) based on the total highest chi-square statistics sum across
studies; the odds ratio for a one-unit increasega? was 1.04 with 95% confidence interval
between 1.03 to 1.05. Using the closed test approach, for the one-step FP2 model, the best
fitted model for FP1 is agaimge? (i.e. power = 2) (Table 6.5); and the estimates from one-
step FP1 model are approximately the same as the two-step FP1 model (Table 6.6), and it has
the same interpretation. In one-step FP2 model, the best fitted model for FP2
wasage? and age™?, (i.e. powers 2, -2). However, the P-values were <0.001and <0.50 for
age? and age~? respectively. The insignificant P-value farge™2 suggest thapower =

—2 can be dropped from the model. Thus, the FP1 IPRaealysis model withge? again

appears the most suitable model across all 44 choices.

6.5 Discussion

In this chapter | have proposed and illustrated statistical models for meta-analysis of binary
outcome data in the presence of the one potential continuous PF with a potential non-linear
trend, using two-step and one-step IPD meta-analysis models with first and second order FP
function, whilst accounting for the clustering of patients within studies. Application was
made to 4 IPD studies of TBI in relation to six month mortality. | found that it was more
difficult to apply two-step methods, especially using FP2, as it is not straightforward to
choose a single model with the same powers values in all studies. In contrast this problem
does not arise when using one-step models as the powers in the model are selected using all
studies simultaneously, forcing the same powers in each study, to automatically give an

average trend.
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The closed test for the same TBI dataset yielded different results when it is applied for the
two-step or one-step method. For example, by assuming the lexeli®0.05, the two-step
method yielded that linear trend is achieved for the 4 IPD studies; when the lexela$

0.10,it yielded that the linearity assumption is not achieved in study 3 of the TBI dataset.
This makes it difficult to decide whether | consider linear or non-linear trend across studies in
the meta-analysis. In contrast, in one-step approach, the closed test yielded nonlinear trend
whether the level of is 0.05 or 0.10. Thus, this shows that one-steptandstep meta-

analyses can differ in their conclusion, as shown in some simulations in Chapter 5.

Heterogeneity in thg terms can also be considered though | have not thatéere. Thus |
recommend one-step IPD meta-analysis approach for FP modelling as it is simpler and more
coherent. Recall also from chapter 4 and 5 that the one-step also is unbiased, has suitable
coverage and accounts for the correlation between parameters. In contrast, the two-step
approach is occasionally biased with too high coverage and does not account for correlation

unless the multivariate model is used.

Others have used FP functions in meta-analysis. In Rota ¥t #le authors present a two-

step meta-analysis using FPs. First, they examined how the risk of disease varies across
different levels of a given exposure; they considered within studies variability, between
studies heterogeneity, and nonlinear trend components; the second order fractional
polynomial (FP2) generalised linear model is fitted for each study. Second, the pooled FP
terms are estimated by using bivariate random-effects meta-analysis to consider also the
heterogeneity across studies. They stated fhag ‘best fitting model, denoted by the optimal
power transformationsp{,p;) is defined as the one minimizing Akaike’'s Inforoati
Criterion (AIQ)". So they decided the best fitted model in the second stage after they obtained

the AIC for all 36 possible FP2 models that fitted for each study. It is not clear how they did
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this, however, as | have shown in this chapter that the powers of the FP models might be
different from study to study, making it difficult to choose the best FP model that have the
same power in each study; Recall that | applied FP model for 4 IPD studies only. However, in
Rota et al> 14 case—control studies and one cohort study were incfodéue IPD studies;

so | would imagine it was even more difficult to find the best fitted FP2 model in their

example.

In Fedirko et al>* the authors aim to investigate whether alcohol consumption is related to
colorectal cancer (CRC); Twenty-seven cohort and 34 case—control studies were used for
investigate whether the dose-risk of alcohol increase the risk of colorectal cancer, the authors
stated that Thirty-six second-order fractional polynomial random effects models and linear
random effect models were testéaid they also stated th&tfhe best-fitting model, defined

as the one with the lowest Akaike’s information criterion”. Again they did not mention how
they select the best fitted FP2 (with the same powers for all IPD studies included in the
analysis). However, they state th&t random effects model was used to estimate pooled RRs
in order to take into account the heterogeneity of the risk estimates and to provide more
conservative estimates compared with the fixed effects imGiehter clarity on how FPs is

used in meta-analyses is needed in published articles.

FP modelling is also being used in meta-analysis when only aggregated data are available. In
Bagnardi et at® the authors synthesized the aggregated data (i.e. relative risk) for the second
order fractional polynomials (FP2). In particular, those papers that investigate the association
between alcohol intake and relative risk of all-cause mortality reported from 29 cohort
studies. The FP powers are different from study to study; and the authors did not say how
they overcome this problem and how they select the best fitted fractional polynomial with the

same powers from the 36 models across 29 articles, they only statedtibabest-fitting
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model(p1 = p2 = 0.5) offers a gain in deviance of 138.36 with respecth® teference

modelacross the 29 cohort studies”.

In conclusion, further research into fitting FP models within IPD meta-analysis is needed to
consider one-step and two-step FP models, and how to select the best fitted model. But, based
on my findings of this chapter and chapter 5, | would suggest a one-step meta-analysis
framework for FP modelling should be preferred, which also accounts for the clustering of
patients within studies. However a limitation is that it forces the same shape in each study. If
this seems unrealistic, then it may not be sensible to do meta-analysis or then a two-step
approach of FP is about to be suggested by Sauerbrei et al. that allows for different powers

across studies (personal communications) followed by a synthesis.
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CHAPTER 7

SMALL-STUDY EFFECTS IN IPD META-
ANALYSIS OF PROGNOSTIC FACTOR STUDIES

7.1 Small-study Effects and publication related biases

Meta-analysis of PF studies that use aggregated data are known to be highly subject to
publication bias and selective reporting bidsésThough meta-analyses of individual patient

daa (IPD) are often considered as the “gold standard” method in medical research for
summarizing quantitative evidence, there has been little research into whether they too are
affected by bias?® This is particularly important for IMPF as primary PF studies are prone to
selective and biased reporting, and IPD may only available from published PF ‘stselées
chapter 2). In this chapter | perform an empirical assessment of whether there is potential bias
within existing IMPF projects; in particular whether smaller studies have the tendency to

produce more favourable PF results (small-study effects).

7.1.1 Publication Bias

Publication bias occurs when studies with statistically significant results are more likely to be
published compared to studies with non-significant results; if IPD are only obtained from
published studies, then publication bias remains a concern from IPD meta-analysis just as for
an aggregated data meta-anaf{§is>* Publication bias may arise from the design of the
studies. For example, studies with inadequate sample sizes are unlikely to demonstrate
statistical significance for clinically important effects, and may lead to publication bias if the
results from small studies are unlikely to be published unless significant. This is referred to as
‘small-study effects’, the tendency for smaller studies to be missing or only published when

they show significant results.
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In addition, some editors and reviewers tend to dislike negative sfiidi&s'*® The British
Medical Journalstated that fiegative results have never made riveting reading.”, as they
would like articles to be published that affect clinical practice or improve prognosis; as a result
of that the researchers may decide not to submit their negative findings, or hide negative

findings and submit only the positive findings in their rese&fch

7.1.2 Availability Bias

In an IPD meta-analysis, another related problem is availability bias, when not all known
studies provide their IPD; this potentially leads to biased set of studies being included in the
IPD meta-analysis. For example, in Trivella ef%he authors asked for IPD from 38 studies

but only 18 studies gave their IPD; the remaining 20 IPD studies that did not provide their IPD
may cause availability bias if their results systematically differ. There are many potential
causes for unavailable IPD*® ® such as there being no access to the data; authors being
worried to give their data because they are not convinced about their statistical analysis or
results; others may not like to share their data if the result is statistically non-significant; others
may not provide their IPD if they do not have the complete data for particular confounding
factors that were asked for or a lack of availability of information on desired outcomes; and
others may have destroyed the data or refuse to provide it because they spent a lot of money on
their research >° **7 Availability bias can be investigated by combining the aggregated data
from the IPD studies with that extractable from other non-IPD studies, to understand the

possible impact of non-IPD studies on the results and conclt&idn’

7.1.3 Aims of the Chapter
Publication bias and availability bias are particular concerns for an IMPF articles; recall that in
chapter 2 | reviewed 20 IMPF articles, and only 2 artiéléSincluded unpublished studies

(which raises the threat of publication bias), and only 2 affcfobtained IPD from all
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studies that they asked for (which raises the threat of availability bias). Further, only 2*articles
%2 considered the issue of publication bias by using funnel plot or Egger’s test, and only one
article® considered the problem of availability bias by examining whether including non-1PD
studies will potentially affect on the IPD meta-analysis results. Thus the question arises: are

IMPF articles subject to publication and other biases that may cause small-study effects?

This chapter aims to assess small-study effects in the 20 IMPF articles considered in detail in
chapter 2, by using visual and statistical tools such as funnét®toim and fill metho&®,
cumulative meta-analysis and tests for small-study effects (e.g. Egger regressioriest)

These methods are now introduced.

7.2 Methods to Assess Small-study Effects

Checking for evidence of small-study effects should be undertaken routinely in a meta-analysis
whenever possibfé In this section, four existing methods are described for detecting small-
study effects: funnel plot, cumulative meta-analysis, trim and fill, and regression methods.
They are applied again to the IPD from Look et“&for illustration. Recall the Look data was
introduced in section 1.4.2 and first analysed in chapter 2. A general rule of thumb is for at

least 10 studies to be available in order to reliably use these méthods

7.2.1 Funnel Plot and Contour-enhanced Funnel Plot

A funnel plot is the most common method for detecting small-study effects and potentially
publication biad®. A funnel plot displays the effect estimates (x-axis) against the standard
error (y-axis}*® and it places the most powerful studies in the top of the GraPhin the
absence of publication bias, the plot is expected to be symmetric (PF effect estimates are
scattered around the true effect size of the PF in both directions with increasing variability as

the standard error increases). However, if small-study effects exist this changes the shape of the
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plot and asymmetry will occur as some small studies will be missing in one dit&ttion
paticular when there is potentially publication bias only those small-studies yielding a large
effect size of the PF will be included. This indicates that there is an association between the

sample size and the available PF effect estimates.

Note that there are many factors that may cause asymmetry in a funnel plot, not just publication
bias, but also poor methodological quality (e.g. poor methodological design and inadequate
analysis in small studiespnd between-study heterogeneity in the true PF effect. Recent
recommendatiort&” note that to test the asymmetry by using funnel plot the number of the
studies should be at least 10, with a substantial difference for the standard errors of the effect
size estimates of the PF across studies (i.e. ifttoedard errors of the effect size estimates of

the PF are similar, the funnel plot should not be used) as ‘small’ studies cannot be
distinguished from other studieBunnel plot can show whether there is asymmetry acros

studies or not, but it cannot show the reasons for this asymiietfy

A contour enhanced funnel plot is a funnel plot that include contour lines corresponding to
perceived ‘milestones’ of statistical significange € 0.01, 0.05, 0.1 et&*** This allows the
statistical significance of the PF effect size of the PF in the seemingly missing studies to be
considered; also, it may help to identify whether the asymmetry is due to publication bias or
from other factors. For example, if the ‘missing’ studies are seemingly in the non-significant
area (P > 0.05) of the contour-enhanced funnel plot, this possibly indicates that the asymmetry
is due to publication bias. In contrast, if the missing studies are in the significant area of the
plot (i.,e. P < 0.05), this may indicate that the asymmetry comes from other factors (e.g.

heterogeneity, poor study design, etc).

Figure 7.1 shows the contour funnel plot for the Look éf aatabase, relating to the log

hazard ratio and its standard error for uPA as a PF for relapse-free survival for breast cancer.

[177]



Note that uPA was measured as a continuous variable. It can be seen from the graph that most
of the studies provide log hazard ratio estimate greater than zero, but the larger studies are
those with a log hazard closest to zero. There is visual asymmetry, with small studies with
results close to or less than zero potentially missing, broadly in the non-significance area (in
particular in the white area whepe> 0.1). This makes small-study effects a concern here,
though heterogeneity for uPAI{ = 83.4 %), or other factors may also be the cause of
asymmetry here (e.g. it may also come from the overestimation of PF effect in small IPD
studies of inadequate methodological quality).

Figure 7.1: Contour funnel plot for log hazard ratio of uPA and

its standard error for relapse-free survival (RFS) as outcome
with 15 IPD studies from Look et &l.

o Contour funnelplot for unadjusted uPA, 15 studies Look et al.
_ e

-

Standard error

T T

0
Effect estimate

[ Studies p<1%
1% <p<5% [ 5% <p < 10%
p>10%

Black line is the meta-analysis pooled result.

7.2.2 Cumulative Meta-analysis

A cumulative meta-analysis is a method to assess the impact of additional studies to the meta-
analysis. Essentially, it starts with the estimate of the effect size of the first study, then does a
meta-analysis to estimate the pooled effect size for the first two studies, then repeats this for

the first three studies, and so'bh The same thing will appear in the cumulative funnel plot,
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the first line shows the effect size and the confidence interval for the first study, the second
line shows the meta-analysis effect size estimate and the confidence interval for the first two
studies together, and so'6h The method was originally developed to look at the impact of
new studies over time, but | will use it here to examine the impact of smaller studies on the IPD
meta-analysis. The studies can be sorted by the sample size (from high to low) or by the
standard error (from low to high}>. 1 will sort the IPD studies according to their standard
errors (from low to high)First, | start with the estimate of the PF effect size for the lowest
standard error followed by a meta-analysis estimate of the two lowest standard errors and so
on. If the cumulative meta-analysis effect size has stabilized with the inclusion of the lowest
standard error and does not substantially drift with the addition of the smaller studies, this
indicates that the smaller studies have only a little impact on the pooled effect results and thus
small-study effects are not a big concern. In contrast, if the cumulative effect size of the PF
drifts after adding the largest standard errors, this indicates that the smaller studies do effect on
the meta-analysis effect size for the PF and suggests small-studies effects and potential
publication bias.

Figure 7.2 Cumulative meta-analysis plot based on log

hazard ratio and its standard error for uPA and relapse-

free survival by using the random- effects method.

The cumulative forest plot for uPA and RFS
for the 15 IPD studies for breast cancer

Trials S.e. ES (95% CI)

15 .009 —- 0.03 (0.01, 0.05)
1 .013 he 0.05 (0.04, 0.07)
14 .043 - 0.05 (0.04, 0.07)
8 .043 - 0.05 (0.04, 0.07)
10 .066 el 0.06 (0.04, 0.07)
7 .074 el 0.06 (0.04, 0.07)
12 .084 -~ 0.06 (0.04, 0.07)
2 .086 he 0.06 (0.05, 0.07)
11 .094 hel 0.06 (0.05, 0.07)
6 114 - 0.06 (0.05, 0.08)
3 134 - 0.06 (0.05, 0.08)
4 .208 - 0.06 (0.05, 0.08)
9 217 el 0.06 (0.05, 0.08)
13 272 el 0.06 (0.05, 0.08)
5 .65 - 0.06 (0.05, 0.08)

T T T T T T
-3 -2 -1 O d .2 .3
Log hazard ratio

S.e: refers to the standard error for each IPD study and it is sorted from
low to high, and Trials: refers to the study number according to the
order for the standard error (from low to high)
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Figure 7.2 shows the cumulative forest plot for the log hazard ratio of uPA for the 15 IPD
studies from Look et af* In particular, the graph shows th#e IPD studies were sorted
according to standard error (from low to high); the effect size of the PF drifted slightly to the
right hand side of the graph. This shift, however, is not substantial as the pooled effect size is
changed slightly from 0.05 to 0.06 when the standard error was 0.013 to 0.65 respectively.
This indicates that there is a slight concern for the small-study effects in uPA, but it is
potentially not substantial.

Note that as contour funnel and cumulative meta-analysis plots are visual tools, they may be
considered as subjective methods, so statistical tests for funnel plot asymmetry can be helpful

to quantify asymmetry as now discussed.

7.2.3 Egger’s test for asymmetry

Recently, regression based adjustment methods have been used to assess the effect of
publication bias on the pooled eff€dt Such regression methods are used to detect small-
study effects and adjust the pooled effect size of the original meta-analysis estimate of the PF

according to that potential bias; these methods are now explained.

Eggers Methods

}.06

Egger et ai.” proposed a regression test for funnel asymmetry that is widely used. There are

two methods of Egger test. The first method is original Egger test and the second one is called

Egger D-var method. These two methods are explained as follows:

(1). Original Egger Method

This method is equivalent to a variance-weighted meta-regression ffiodéiis is given as

~ 1
B: =x +B x se; + & weighted by — with &~ N(0, sef X @) (7.1)
se;

l
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where B; is the effect estimate of the PF for each stiiflye. log odds ratio or log hazard
ratio from study), and se is the standard error fo; ; @ and g represent the adjusted

pooled effect of the PF (intercept) and the slope associated with funnel plot asymmetry
respectively. The regression is weighted by the inverse variance for each spudgfers to
anunknown multiplicative dispersion parameter that allows for possible heterogeneiby.

key results from this model areXx which is the pooled effect size having adjusted fo

asymmetry®° and the P-value associated with hich gives Egger’s test for asymmétly

(2). Egger D-var method

This method is similar to the original Egger method except that it replaces the standard error
for the effect size of the PF for each studfse;), with the corresponding variance. This
indicates that the relationship between the effect size of the PF and its variance is linear. Note
that Egger D-var model is identified by Moreno et®al.as the method with potentially most
appealing statistical properties for small-study effects adjustffient

- 1
B; =x +B x sef + & weighted by — with &~ N(0,sef x @) (7.2)
se;

l
The parameters here have the same interpretation in equation (7.1), except that

se? is the variance for each study

Moreno et al®® have undertaken a simulation study for the Egger's method in relation to
obtain adjusted estimates (i.e. the adjusted estimates of the effect size of the PF). The authors
found that if there is small number of studies in the meta-analysis and (or) heterogeneity
across studies, original Egger’'s methods yielded too high coverage, low residual bias and
high MSE values (due to large variance), while Egger’s D-var method yielded lower, more
suitable coverage and lower MSE. Based on this the authors concludevéhegcommend

Egger’'s D-var method which perform very similarly throughout the simulations; at least in
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terms of coverage, MSE and variahc&o, | will consider the Egger D-var method for the

adjusted pooled effect size of the PF in this chapter.

Applying to Look et al14.

| applied the Egger’s regression methods to the Look'8t @ta. Egger’s test for asymmetry

gave P-value =0.002 so there is evidence of small-study effects. The original meta-analysis
for the hazard ratio of the PF was 1.22 with 95% confidence interval (1.15 to 1.31). As there
is heterogeneitylf =87.4%), | applied Egger’'s D-var method and the adjdgpooled effect

size of uPA is 1.06 with 95% confidence interval (1.02 to 1.11). This still indicates that uPA
is a PF (same as the original data results); although the pooled result is clearly much close to
1. Thus even though small-study effects are a slight concern given the significant asymmetry,

uPA appears to still be prognostic even after adjusting for this asymmetry.

7.2.4 Trim and Fill Method

The trim and fill method is another method to assess publication bias and small-study effects.
Peters et al® state that the trim and fill method is an iterative non-parametric method based
on the asymmetry of a funnel plot to estimate an adjusted pooled effect size; and it is
recommended to be used as a form of sensitivity analysis of the pooled effectisz&im

and fill method aims both to identify and correct for funnel plot asymmetry arising from small-
study effect®. The main idea of the trim and fill method is; (i) to trim the small studies
(usually on the right hand side for PF studies) that potentially have an extreme effect size of the
PF which caused asymmelty (i) after omitting the small studies (which might lead to
overestimated of the pooled effect size), the pooled effect size of the PF is re-estimated
agairt®® (iii) estimate the missing studies on the left-hand side that reflects the omitted studies
on the right-hand side of the funnel plot based on symmetry about the pooled effect from (ii);
(iv) the adjusted pooled effect size estimate of the PF is calculated by performing a meta-
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analysis including these ‘filled’ studi&8 ¢ This process is repeated until estimates of the

number of missing studies and pooled effect size of the PF are’§fable

Estimators of the number of missing studies

When there is no publication bias, the number of the individual studies eqads the
number of studies in the original meta-analysis). For €aehl to n study, studyi produces an
effect size 5; which estimateg (the average PF effect), and an estimated withinystud
variancé™ ¢? . If the problem of publication bias exists, the true number of the individual
studies is n+k; ko refers to the missing studies that should also be included in the estimation
of B2 Three estimators forkaredescribed by Duvel and Tweeti&'® Ly, Ry, and Q, but

they conclude thdtp, and R perform better than §and so are the preferred estimators

In this chapter the focus is on kestimator; for more details about the other estimators, see

é04 159 167

Duvel and Tweedi the Lo estimator is given as:

__ 4 Srank— n(n-1)
Lo = orem? (7.5)

where n is the original number of the studies in meta-analySjs,, is the Wilcoxon statistic
(see Rothstein et &l for how to calculateS,,, ). Note that at each iteratiok, is rounded up

to the nearest integer and provides estimatek,ofAfter estimating the number of missing

studies, the meta-analysis is repeated on the filled dataset to get “trim and fill” estimate (i.e. the
adjusted pooled effect size). Each filled study is assigned the same standard error as the
trimmed study it reflects in order to maintain symmetry within the filled dataset.

Note that Peters et #° conclude that if there is evidence of publication bias in the effect

size with large between study heterogeneity, the fixed-random trim and fill method
performing better than fixed-fixed and random-random trim and fill method. They state that

“the fixed—fixed effects trim and fill models give estimates with very narrow 95 percent Cls.
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Given that between-study heterogeneity is present, these 95 percent Cls are likely to be too
precise as they do not account for this between-study heterogeneity. The fixed—random effects
trim and fill models give wider Clis than the fixed—fixed effects model, since a random effects
model is used to synthesize the filled data set, but the random—-random effects model gives the
most conservative CIs"Thus, in this chapter, the fixed-random trim and fill method is

performed to estimate the number of missing studies.

Figure 7.3: Trim and fill plot based on the log hazard ratio and its standard error
for the association between RFS and increase of uPA in Look*etfadr filled by
the effect size of the missing studies by using fixed- random method

Fillea funnel plct with peeudc 5% confidence limits

E'H:E[‘_'t gfze gf 1 - /

uPA for i
each IPD - ﬁf—*
study o " - =
M‘;"f
¥ U-\-_“E"‘\_\_‘_\_\_

standard error of effect estimate

| applied the fixed-random trim and fill method to the Look éf alataset. Figure 7.3 shows

the trim and fill plot for the log hazard ratio and its standard error for the uPA. As can be seen
from the graph, there are seven missing studies imputed indicated by a square around the data
symbol. Again, the original random-effects meta-analysis is 1.22 with 95% confidence interval
(2.15 to 1.31). The adjusted pooled effect size from fixed-random trim and fill method after
imputing the 7 missing studies is 1.10 with 95% confidence interval (1.03 to 1.17). This leads
to the same conclusion as the adjusted result when using Egger D-var; that is although there is

some potential evidence of small-study effects, uPA is still a PF.
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7.2.5 Summary for small-study effects in Look et al.14

In this section, | summarize the findings results for uPA for the Look 8t @he original
meta-analysis of the PF was 1.22 with 95% confidence interval (1.15 to 1.31). The contour
funnel plot shows asymmetry, and potentially missing studies appear to lie in the white area
of the graph (insignificant area). This indicates that small-study effects are a potential threat,
and publication bias may be operating. There is also a slight shift to the right hand side of the
cumulative forest plot as small-studies are introduced. The Egger’s P-value is 0.002, and thus
significant. The trim and fill method yielded 7 missing studies. So it is of interest to use
Egger’s D-var method to obtain an adjusted estimate of uPA. It yielded a change in their
pooled estimate value compared to the original meta-analysis method (see section 7.3.3).
However, uPA is still a PF, and this does not change the clinical conclusion of the original

results that uPA is prognostic.

7.3 In-depth Assessment of Small-study Effect in the 20 IMPF
Articles

As mentioned, small-study effects were rarely assessed in the 20 IMPF articles examined in

Chapter 2, so | now do this using the methods introduced in section 7.3.

7.3.1 Obtaining Suitable Data from 20 IMPF Articles

To examine small-study effects, | needed to obtain the PF effect estimate and its standard
error for each IPD study in each IMPF article. Unfortunately, | only found one article that
reported the PF effect size and its standard error (or the confidence interval that | then used to

calculate the standard error) for each IPD study, this was Trivelld%t al.

In the other IMPF articles, the authors gave the pooled effect size of the PF and its standard
error, but without study specific estimates; for example the forest plot visually showed the
effect size of the PF and its confidence interval for each IPD study but without their exact
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values given. This did not enable me to extract the data required, unless potentially inaccurate

extrapolation was made from the forest plot.

To help overcome this, | e-mailed the authors of the other 19 IMPF articles to ask them for
the aggregated data for their PF studies; in particular, the effect size of the PF and its standard
error (or its confidence interval) for each IPD study. | also asked for the IPD itself (if it was
available). The authors of the IMPACT study kindly agreed to give me their IPD data. Of the
13 other studies, only five authors replied, and only the 2 MeRGE attitlesovided their
aggregated data. Thus, in the next section | examine whether small-study effects appear to
exist and their impact in the Trivelfd.data, the MeRGE datas&ts® and the IMPACT

daabasé&* °"°

7.3.2 Description of the 6 articles and my analysis of IPD available.

The IPD and summary data obtained related to six articles; Trivelld’ettale two MeRGE
daaset® * and three IMPACT articlés”® " These are summarized in Table 7.1 which
shows for each IMPF article the PF and outcome, whether there is potentially availability
bias, whether the authors originally examine small-study effects or publication bias, and what
methods are used to analyse the IPD. None of these 6 articles had considered small-study

effects previously.

The IPD for the IMPACT dataset contained all PFs and the outcomes they considered; PF
values with and without missing data imputed, and an extended set of 15 studies (compared
to studies in their original analyses) were available; so there was a wide range of potential
analyses | could undertake. | decided to focus on the PF variables considered in McHugh et
al.”®, Beek et al®, and Murray et af* in relation to 6 month mortality. Further, | considered
small-study effects in the original set of 7 studies and then again in the update set of 15
studies.
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In Trivella et al’® the authors investigate whether microvessel density count after adjusting
by age and stage is still a PF. Two sets of data available (all vessel method and Chalkely
method), as there are two different methods of measurement. So | assessed small-study

effects for each group.

In MeRGEZf? the authors investigate whether there is an association between Restrictive
Filling Pattern (RFP) and mortality rate for Acute Myocardial infarction disease; in particular
they assess whether RFP is a PF before and after adjusting by Killip I, Il and 1lI/V; so |

examined the small-study effects for unadjusted and adjusted results.

In MeRGEZ?, the authors examine whether there is an association between RFP and
mortality rate for the patients with heart failure and whether RFP is a PF after adjusting by
LV ejection fraction (LVEF) and age. Thus, again | examined small-study effects for both

unadjusted and adjusted results.

7.3.3 My strategy for examining small-study effects
Following my experience of analysis the Look et“aflata (section 7.4), | decided upon a
strategy in the 6 articles.
1. Assess small-study effects visually by using ‘contour funnel plot’ and ‘cumulative
forest plot’.
2. Estimate the number of missing studies by using fixed random trim and fill method.

3. Obtain P-value for Egger’s test of asymmetry.
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Table 7. 1:The brief summary for the 6 IMPF articles for which | could assess small-study effects

Study PF of interest Disease area Outcome No. of Percentage = Was there Stated the methods | used to Did the
studies of IPD potentially obtain PF estimate and its s.e. original article
available obtained availability bias (i.e. In each study exam the
to me studies for which IPD small-study

not obtained effects
originally)

Trivella et Microvessel-density counts Non-metastatic Overall 13 34% Yes, because they did Cox PH model No, but they

al”’. surgically treated  Survival not provide all IPD included 2

non-small-cell studies that they unpublished
lung carcinoma asked for studies

MeRGE 17 Restrictive Filling Pattern Acute Myocardial  Mortality 18 56% Yes, because they did  Cox PH model No

(RFP) was the key interest; infraction not provide all IPD

they also want to adjust for studies that they

the other factors such as asked for

Killip class
MeRGE2” Restrictive Filling Pattern Heart Failure Mortality 6 35% Yes, because they did Cox PH model No

(RFP) was the key interest; not provide all IPD

and they also adjusted by studies that they

LVEF and age asked for
Beek et al.”® Laboratory parameter Traumatic brain Six month 15 NA Not relevant, as it is logistic regression * No

(glucose, Prothrombin (Ph), injury Glasgow collaboration for 11

haemoglobin (Hb)) outcome studies.

scale

Mchugh et Secondary insult (e.g. Traumatic brain Six month 15 NA Not relevant, as it is logistic regression* No
al.”” hypoxia, hypotension, and injury Glasgow collaboration for 11

hyotheria) outcome studies.

scale

Murray el Age, Glasgow coma scale Traumatic brain Six month 15 NA Not relevant, as it is logistic regression* No
al.”* (GCS), motor scale, pupil injury Glasgow collaboration for 11

response, computerized outcome studies.

tomography (CT), scale

prothrombin time,
hypotension, hypoxia, and
glucose

*All continuous PFs were analysed on their continuous scale and a linear trend assumed for simplicity. NA refers to not applicable
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Then, if trim and fill method yielded 2 or more missing studies, or Egger’'s P-value was less than
0.10, orif visually 1 was concerned about small-study effects, | proceeded to
4. Use Egger’s D-var method to estimate the adjusted pooled effect size of the PF.

Note that (2) to (4) were only considered if the number of studies was greater than 10.

7.3.4 The assessment of the small-study effects in the six IMPF articles

In this section, | assess small-study effects in the 6 IMPF articles outlined in section 7.3.2. First,
| assess the three articles that used a literature reviews to identify relevant studies (Trivella et
al'*, MeRGEF? and MeRGEY). Recall that literature review articles sought IPD by first
identifying relevant studies using a literature review( e.g. using Medline, Embase), and then
contacting authors of all identified articles to ask for their IPD (Chapter 2). In contrast, the three
IMPACT articles (Beek et dF, Mchugh et al’, and Murray et al¥) use IPD from an existing

dataset. Table 7.2 and 7.3 summarize the results found using my strategy outlined in 7.3.3.

7.3.4.1 The assessment of the small-study effects for the Literature review articles

For Trivella et af’? | assess small-study effects in the analysis of whether microvessel count in a
PF after adjusting by age and cancer stage, first for all vessel method and then Chalkely method.
Figure 7.4 shows the contour funnel plots and cumulative forest plots for the two- measurement
methods. The contour plot, for all vessel method with 13 studies, shows no evidence of
asymmetry (Figure 7.4). In Chalkely method, there are only small differences between the
standard error values across the 6 studies, and so it is not appropriate or sensible to examine
small-study effects for this method as no smaller study *&istFor all vessel method the
cumulative forest plots show barely any shift as smaller studies are included (Figure 7.4). There
are no missing studies estimated by using trim and fill method, and Egger's P-values were

greater than 0.10 (see Table 7.2). Thus, | conclude there is no concern for the small-study effects
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for either measurement method, and this strengthens the original conclusions from Trivella et

a|.72

Figure 7.4: Funnel and cumulative funnel meta-analysis plot based on the log hazard ratio
and its standard error for the first and second group association between risk of death and
increase of microvessel count, as measured by chalkely and all vessel methods respectively
adjusted for age and cancer stage in Trivella Etstudy.

Figure (7.4a): Contour funnel plot for microvessel Figure(7.4 b): Cumulative funnel plot for microvessel
count adjusted by age and cancer stage measured bgount adjusted by age and cancer stage measured by
all Chalkely method —for 6 studies Chalkely method —for 13 studies

The cumulative forest plot for microvessel count and mortality rate for 6 studies

Chalkely method

The Contour-enhanced funnel plots for microvessel count as a PF adjusted by age and cancer stage

Standard error

.02+

0-

.04

.06

.08+

The first group measured by Chalkley method

®  Swdies
p<1%
1% <p<5%
B sv<p<io%

p>10%

T
-2

T
-1

0
Log hazard ratio

Studyid

065621

047275

03781

060093

064669

086965

|||i|‘

ES (95% CI)

002 (0.1, 0.15)

0.03 (0,05, 0.10)

0,03 (0.02, 0.09)

0.03 (0,01, 0.08)

0.04 (-0.00, 0.09)

0.05 (0.00, 0.09)

T
-3

-2

T T T
2

-1 0 1
Log hazard ratio

3

Figure (7.4c): Contour funnel plot for microvessel Figure (7.4d): Cumulative funnel plot for microvessel
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Blue line is the meta-analysis pooled result.

In MeRGEZ? | assessed the small-study effects for unadjusted RFP results and then after
adjusting by LVEF and age. Figure 7.5 shows that for unadjusted and adjusted RFP, the contour
funnel plots show no clear asymmetry and cumulative forest plots show no considerable shift as
smaller studies are included. Trim and fill methods yielded 2 missing studies for the adjusted
RFP, and Egger's P-value was 0.49. Based on my strategy in section 7.3, | was now only

concerned about small-study effects in the analysis of adjusted results. The pooled effect size of
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the original meta-analysis of the PF was 2.28 with 95% confidence interval (1.90 to 2.09), this
indicates that RFP is a PF even after adjusting by LVEF and age; the adjusted pooled effect size
from D-var method was 1.90 with 95% confidence interval (1.06 to 2.09), this indicates that
although there is slight concern for small study effects, RFP (after adjusted by LVEF and age)
still appear to be a PF even when adjusting for any funnel plot asymmetry. This again

strengthens and enhances the original conclusion that RFP is prognostic.

Figure 7.5: The contour funnel plot for the log hazard ratio of RFP itself and after adjusted by
LVEF and age, for the MeRGEL1 stidy

Figure 7.5a: The contour funnel plot for the log Figure 7.5b: The contour funnel plot for the log
hazard ratio of unadjusted RFP, for18 IPD studies hazard ratio of unadjusted RFP for 18 IPD studies in
in MeRGE1 MeRGE1
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Black line is the meta-analysis pooled result.
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Table 7. 2 : Theassessment for the small-study effects and publication bias for the Trivella, MeRGE1 and MeRGEZ2, by using contour funnel

plot, cumulative meta-analysis, Egger’'s methods and trim and fill method

Article PF Number | Visual Cumulative meta- | Egger’s | Trimand | Original Original Egger’s D-var | Overall
of asymmetry analysis shift P-value | fill, meta- Egger’s method, concerned
studies number analysis, method, with 95% Cl about small-
of with 95% Cl with 95% CI study effects
missing
studies
Trivella Microvessel count 13 No Minor shift 0.68 o | | ] No concern*
etal. adjusted for age , and
(Hazard cancer stage for All
ratio) vessel method
Microvessel count 6 No Minor shift | —— | | e | | e No concern*
adjusted for age , and
cancer stage, for
Chalkely method
MeRGE1 | RFP, whole dataset With 18 Tentative yes Minor shift 0.90 1 e e No concern
Hazard 18 IPD studies
ratio
RFP after adjusted by 18 Tentative yes Slight shift 0.49 2 2.28 2.06 1.90 There is a slight
LVEF and age , With 18 (1.91t02.73) | (1.53t02.77) | (1.06to 3.40) | concern*, but
IPD studies conclusion
does not
change
MeRGE2 | RFP 6 No Minor shift | - | e | e e | e No concern*
Hazard
ratio
(Hazard RFP With info on Killip 6 No Minor shift | - | | e | e e No concern*
ratio) class
Killip Class Il 6 No Minor shift | - | e | e | e e No concern*
Killip 11/1vV 5 Tentative yes Minor shift | - | e | e e | e No concern*

*The number of the studies is not enough as it is less than 10 studies, e.g. this causes Egger D-var to have very wide confidence interval.
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Figure 7.6: The cumulative forest plot and contour funnel plot for RFP itself and after adjusting by Killip and grouped by killip Il and I1I/1V, for
MeRGE?2 study

Figure 7.6a :The cumulative forest plot Figure 7.6b:The cumulative forest plot for  Figure 7.6c: The cumulative forest plot for  Figure 7.6d:The cumulative forest plot
for RFP itself RFP after adjusted by Killip RFP for Killip Il for RFP for Killip 11/1V

The cumulative forest plot for RFP The cumulative forest plot for RFP after adjusted by kilip The cumulative forest plot for RFP after adjused by Killip Il The cumulative forest plot for RFP after adjusted by Killip 111V
Swdy s, ES (95% CI) Sy se ES (95% CI) Sudy  se ES @5%Cl) suy e £ (@50 C)
c 31 —_— 0.94(0.33, 1.55) " 16 —_ 117 (086, 1.4 e
( ) L 2 0.70(0.23,1.17) . 2 . 070013.127)
F 32 — 1.04(0.60, 1.47 .
{ ) E 28 1.39(1.12,1.66) E 7 —_ 083(0.38,1.27)
K 34 — 086 (0.50, 1.23) E 36 — 0.57(0.13,1.02)
K 34 - 1.26(1.01,151) A 78 —_ 076 (0.34, 1.19)
A .36 —_ 1.03(0.71,1.35) A 58 — 0.58(0.17, 1.00)
¢ 36 - 1.30(1.07,1.54) K 7 — 067(0.25, 1.08)
G 53 - 1,05 (0.74, 1.36) 10 K 8 _ 059(0.19,099)
G 44 i 1.37(1.14, 1.¢
, o . 102(072,13) D 68 — 0.81(0.42,1.20) ; . roomion
H 107 — 106 (076, 1.36) ! 7 - 135(1.12,157) 1 124 — 0.78(0.39, 1.16) R
' J ; ; 5 0 1 : : " J J r 5 o 1 2 3
9 0 1 2 3 ; 9 0 1 2 3 -
Log hazard ratio Losiazaisio Log hazard ratio Log hazard ratio
Figure 7.6e :The contour funnel plot for  Figure 7.6f :The contour funnel plot for Figure 7.6g :The contour funnel plot for Figure 7.6h :The contour funnel plot
RFP itself RFP after adjusted by Killip RFP for Killip 11 for RFP for Killip HI/1V
0 The contour funnel plot for unadjusted RFP, MeRGE2 - Contour funnel plot after adjusted by Killiip | . Contour funnel plot after adjusted by Killip Il 9 Contour funnel plot for RFP adjusted by Killip 111/IV
. . i 2
o2 21 =
5 o 5 o 5 59 Ea
5 . £ £ 5.
Ea ° = o ¢ ° s . g
k] . g - A 5 * . g
§ 2 B § 6
@ 8 iz @
[ » 1
6
. 6 8
. .
8 T T T T 1 T T T T
2 -1 0 1 2 8 T T T T 15 T T T . 2 £l 0 1 2
Effect estimate -2 -1 0 i 2 -4 -2 0 2 4 Effect estimate
Effect estimate Effect estimate
. Studies p<1% - . Studies p<1%
1% <p<5% [ 5% <p<10% ¢  Studies p<1% ®  Studies p<1% 1% <p<sw [ 5% <p<10%
p>10% 1% <p<5% [ 5%<p<10% 1%<p<5% [ 5%<p<10% p>10%
p >10% p>10%

Black line is the meta-analysis pooled result.

[193]



In MeRGEZ®, | assessed the small-study effects for RFP as an independent PF, and after
adjusting by Killip, and grouped by Killip 1l, and 1lI/IV. Note that as the number of studies is
less than 10 studies, | do not apply trim and fill method or Egger’s test etc. Visually, there is no

concern for small-study effects (Figure 7.6).

7.3.4.2 The assessment of the IMPACT articles

Table 7.3 summarizes my investigation of small-study effects for the three IMPACT studies.
Figures 7.7 to 7.12 show the contour funnel plots and cumulative forest plots for the three
IMPACT studies. Generally, there is no evidence that small study effects are a concern. Even
when Egger P-value is less than 0.10 or trim and fill suggest greater than two-missing studies,
the asymmetry is in the opposite direction to a publication bias mechanism. For example, in
i_hyypoxia results for 14 IPD studies for Mchugh the original meta-analysis of the PF was 1.76
with 95% confidence interval 1.45 to 2.14, whilst using Egger’s D-var adjust for asymmetry
gives an adjusted pooled effect size of i_hypoxia was 2.28 with 95% confidence interval 1.94 to
2.67. The only slight cause for concern is for age with original 11 studies, as there is asymmetry
with missing studies potentially in the white area of the graph closer to the null value, which may
suggest the problem of publication bias. Also, there is a gradual shift to the right hand side of the
cumulative forest plot. Trim and fill method yielded 5 missing studies. Whilst the original meta-
analysis results of the PF was 2.09 with 95% confidence interval (1.79 to 2.45), the adjusted
pooled effect size estimate from Egger's D-var method was 1.82 with 95% confidence interval
between (1.61 and 2.06). However, this suggests age is still a PF and so-despite the asymmetry-

the conclusion does not change.

To sum up, for all variables, there is barely any concern for small-study effects and there is no
evidence that small-study effects would change the conclusion of the original data, in other
words, the variables of interest are all PFs and the investigation of small-study effects has

strengthened this conclusion.
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Figure 7.7: The contour funnel plot for the original IPD studies that included in the original article and the 15 recent IPD studies for Beek et al.
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Figure 7. 8:The cumulative funnel plot for the original IPD studies that included in the original article and the 15 recent IPD studies for Beek et

al.’®
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Table 7. 3 : Theassessment for the small-study effects and publication bias for the three IMPACT studies (B&ekleHaigh et al’® and

Murray et al’%), by using contour funnel plot, cumulative meta-analysis, Egger’s methods and trim and fill method

Article Analysis PF No. of Visual Cumulative Egger’s Trim and fill, Original meta- Egger’s D-var Overall
studies asymmetry meta-analysis | P-value number of analysis, with method, with 95% concerned about
shift missing 95% CI Cl small-study
studies effects
Beek et Original IPD i_hb for 6 IPD 6 Tentative No shift | - | = e | e e slight concern
al. studies studies yes
The recent IPD | i_hb for the 15 Tentative Slight right 0.05 4 0.68 0.62 Slight concern
studies recent 15 studies yes shift (0.64 t0 0.72) (0.56 to 0.69)
Original IPD i_ph for 7 IPD 7 Tentative No shift | - | = e | e e No concern
studies studies yes
The recent IPD | i_ph for 15 IPD 15 No Slight right 0.56 2 0.80 0.79 Slight concern
studies studies shift (0.76 to 0.85) (0.721t0 0.87)
Original IPD i_glucose for 7 7 Tentative Slightleft | -—— | = —— | | e No concern
studies IPD studies yes shift
The recent IPD | i-glucose for 15 15 No Slight left 0.53 o | e - No concern
studies IPD studies shift
Mchugh Original IPD i_Hypoxia for the 8 Tentative Slight left 0.12 o | e - No concern
etal., studies 8IPD studies yes shift
IMPACT The recent IPD | i_Hypoxia for the 14 Tentative Slight shift to | 0.06 0 1.76 2.28 Slight concern
article. studies 14 IPD studies yes the left (1.45 to 2.14) (1.94 10 2.67)
Odds Original IPD Hypoxia for the 8 Tentative Slight left 0.21 o | e - No concern
ratio studies 8IPD studies yes shift
The recent IPD | Hypoxia for the 11 Tentative Slight left 0.26 o | e - No concern
studies 14 IPD studies yes shift
Original IPD i_Hypotension for | 10 Tentative Slight shift to | 0.21 o | e - No concern
studies the 10 IPD studies yes the left
The recent IPD | i_Hypotension for | 14 Tentative Slight shift to | 0.20 o | e - No concern
studies the 14 IPD yes the left
studies
Original IPD i_Hypotension for | 9 Tentative No shift | = | = | e | e No concern
studies the 9 IPD studies yes
The recent IPD | i_Hypotension for | 13 Yes No shift 0.18 o | e - No concern

studies

the 13 IPD
studies

Note that i_hb: is the haemoglobin with imputed the missing data, i_pH is the Prothrombin with imputed the missing data, i_glucose: is the glucose after imputed the
missing data, etc.
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Article | Analysis PF No. of Visual Cumulative Egger’s | Trim and Original meta- Egger’s D-var Overall
studies asymmetry meta-analysis P- fill, analysis, with method, with concerned
shift value number 95% Cl 95% Cl about small-
of missing study effects
studies
Murray | Original IPD Pupil for the 11 IPD studies | 11 Tentative yes | Slight right shift | 0.94 o | | - No concern
etal. studies
The recent Pupil for the 14 IPD studies | 15 Tentative yes Slight right shift | 0.88 o | e No concern
IPD studies
Original IPD Age for 11 studies 11 Tentative yes | Slight right shift | 0.21 5 2.09 1.82 Slight concern
studies (1.79 to 2.45) (1.38 to 2.44)
The recent Age for 15 studies 15 Tentative yes | Slight right shift | 0.19 o | | - No concern
IPD studies
Original IPD Adjusted Hypoxia for 11 11 Tentative yes Slight right shift | 0.09 0 1.57 1.86 Slight concern
studies studies* (1.32 t01.85) (1.46 to 2.36)
The recent Adjusted hypoxia for the 15 Yes Slight right shift | 0.07 0 1.52 1.86 Slight concern
IPD studies 15 studies* (1.32t0 1.76) (1.46 to 2.29)
Original IPD Adjusted Hypotension, for 11 Yes Slight right shift | 0.22 o | e No concern
studies 11 studies*
The recent Adjusted Hypotension, for 15 Yes Slight right shift | 0.16 o | e No concern
IPD studies 15 studies*
Original IPD Adjusted i_glucose, for 11 11 Tentative yes | Slight right shift | 0.96 i e No concern
studies studies *
The recent Adjusted i_glucose, for 15 15 Yes Slight right shift | 0.71 o | e No concern
IPD studies studies*
Original IPD Adjusted pH, for 11 11 Tentative yes | Slight right shift | 0.14 i e No concern
studies studies*
The recent Adjusted pH, for 15 15 Yes Slight right shift | 0.02 5 0.73 0.66 Slight concern
IPD studies studies* (0.64 t00.78) (0.59 t0 0.74)

* Note that Hypoxia, Hypotension, i_glucose, and pH are adjusting by age d_motor, and pupils, for original studies included and the 15 recent IPD studies
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Figure 7.9: The contour funnel plot for i_hypoxia, hypoxia, hypotension and i_hypotension for the included studies in the original McHggh et al.

and the recent IPD IMPACT studies.

Mchugh et al., IMPACT article.
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Figure 7.10: The cumulative forest plot for i_hypoxia, hypoxia, hypotension and i_hypotension for the included studies in the original Mchugh et
al.”®, and the recent IPD IMPACT studies.

Mchugh et al., IMPACT article.
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Figure 7.11:The contour funnel plot for pupil, age, hypoxia, hypotension, i_glucose and pH after adjusted by age, d_motor, and pupils for
the included studies in the original Murray ef“aland the recent IPD IMPACT studies.
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Figure 7.12: The contour funnel plot for pupil, age, hypoxia, hypotension, i_glucose and pH after adjusted by age, d_motor, and pupils for the

included studies in the original Murray et'gland the recent IPD IMPACT studies.
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7.4 Conclusion

In this chapter, | undertook an assessment of publication bias for 6 &HiIES™® ° 92 $y

usng contour funnel plot, cumulative funnel plot, trim and fill method and Egger’s test. | e-
mailed the authors of 19 IMPF articles ( as there is one &ftielported their aggregated

data in the article) asking them whether it is possible to provide the aggregated data (effect
size of the PF and its standard error) or their IPD, but only 2 articles provide the aggregated
data, and the 6 IMPACT articles provide the IPD data.

The results for these articles generally give a little evidence of small-study effects; this
indicates that the IMPF articles may have less concern for small-study effects or publication
bias than meta-analysis of PFs using aggregated data.

The limitation here is that the assessment of small-study effects has been undertaken for only
a sample IMPF projects that actually gave me data. Thus, my research could also be affected
by bias; that study results were not obtained from most IMPF articles is very poor practice,
and shows reporting of IPD meta-analysis most improve. Also, for simplicity | assumed
linear trends for all continuous PFs. | also recognise that assessment of funnel plot
asymmetry is notoriously subjective, and others may interpret results differently. However, |
have used a clear strategy that only if there was clear visual asymmetry, a significant Egger’s
test results, or two or more missing studies estimated by trim and fill method would | be
concerned about small-study effects. Only then did | use Egger’s D-var regression method to

obtain adjusted pooled estimates.

| undertook the empirical study to assess the small-study effects and publication bias in the
IMPF articles. However, there are other empirical studies that assess the small-study effects
in meta-analysis and clinical trials. For example, Palma ¥€ aindertook a systematic

review of 225 meta-analyses, to examine the assessment for publication bias with meta-

analysis on cardiovascular diseases. They stated Teg frequency of assessment of
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publication bias in meta-analysis is still very low, although it has improved with time. It is
more frequent in meta-analyses on observational studies and it is related to other
methodological characteristics of reviewSutton et af®® took 48 reviews in Cochrane
Database to assess the effect of publication bias on the results of these arhielesithors
stated“Publication or related biases were common within the sample of meta-analyses
assessed. In most cases these biases did not affect the conclusions. Nevertheless, researchers
should check routinely whether conclusions of systematic reviews are robust to possible non-
random selection mechanisms.”

There are also empirical studies to assess the small-study effects and publication bias for the
prognosis researchzor exampleKyzas et al”® found that most of the articles on cancer PF
studies yielded significant results. This perhaps indicates to a major problem of publication
bias, and Hemingway et al. undertook a systematic review for the prognostic effects of
circulating biomarkers in stable coronary disease; they include 390 reports of biomarker
effects, and state thalhe quality of individual study reports was variable, with evidence of
small study (publication) bias and incomplete adjustment for simple clinical information such
as age, sex, smoking, diabetes and olbesltjis highlights that there is an evidence for

small-study effects in prognosis research.

In conclusion, although most of the 20 IMPF studies do not assess the small-study effects or
publication bias in their analysis, after assessing whether there is evidence of small-study
effects, | found that there is very little evidence of small-study effects to cause concern here
(based on the 6 IMPF studies). Even, in Look et al. where small-study effects were found,
adjusting for it did not change clinical conclusion, although the PF effect was smaller. |

recommend all IMPF projects should assess small-study effects and potential publication

bias in the future , aslemingway et af. state thatA prudent default position would be to
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assume that prognosis research is seriously afflicted by publication bias, until there is

evidence to the contrary”.
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CHAPTER 8
DISCUSSION AND CONCLUSION

8.1 Introduction

Prognostic factors (PFs) are patient characteristigs {ge, biomarker levels) that are
associated with future clinical outcomes in patients with existing disease. PFs are
important clinical tools because they help to identify patients with different risks of outcome
(e.g. recurrence of disease) and thereby facilitate the most appropriate treatment strategies
and aid patient counsellifgthey are also used in the design and analysis of trials, and act as
confounding factors in observational studie§vidence-based results regarding PFs are
therefore very important to both clinicians and their patients. However, primary PF studies
have numerous problems such as poor reporting, analysis and>dedRfn studies are
subject to numerous biases, such as selective reporéind “optimal” choice of cut-poirits

These severely limit meta-analysis of PF studies using aggregated data, where summary of
results are combined across PF studies. Individual Patient Data Meta-analysis of PF studies
(IMPF) have been proposed as the gold-standard apgrdatlecause it utilises the raw

paient data and thus does not rely on reported results.

In this thesis | have formally demonstrated the challenges and the pitfalls of IPD meta-
analysis of prognostic factor (IMPF) studies through a literature review of IMPF articles
(Chapter 2). | have also performed a comparison study between the aggregated data and IPD
approach by using an empirical example in breast cancer to show up which approach is more
flexible and more reliable for statistical analysis. | found that IPD approach is better than
aggregated data (Chapter 3) because it allows to adjust the PF by other confounding factors,

assess the interaction between two PFs as an additional PF, and examine PFs in subgroup of
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patients. But it still has challenges such as missing data, different methods of measurement,

and potentially publication bias.

| have also demonstrated a wide range of possible one-step and two-step for IPD meta-
analysis of PFs (11 models developed); which differed according to whether they account for
the clustering of patients across studies, whether they accounts for the residual variation for
the same values of the PF, and whether they account for the correlation of parameter
estimates (Chapter 4). TBI dataset was used as an applied example to show how the effect
size of the PF and its standard error changed accordingly for the eleven one-step and two-step
models. Surprisingly, these were little difference between the models. But | recognized this

was just one dataset for which the baseline risk was remarkably similar across studies.

So in chapter 5 a simulation study was undertaken to assess three key models from the 11
possible one-step and two-step models; in particular the standard two-step model (which
account for the clustering of patients across studies); the one-step model that ignores the
clustering of patients across studies and assumes that the whole IPD comes from one study;
and the one-step model that accounts for the clustering of patients across studies by using an
indicator variable. The simulation study was undertaken for a single binary or continuous PF
in relation to a binary outcome, and | assumed the PF effect was fixed across studies and only
a simple univariate logistic regression model was fitted. | found that one-step meta-analysis
that account for the clustering across studies is the best fitted model, as it consistently

produces unbiased estimates with suitable coverage.

Previous chapters assumed linear trends for continuous PFs. In chapter 6 | demonstrated all
of the first and second order possible IPD logistic regression fractional polynomial models
that can be used, if the linearity assumption of the PF does not hold. Again the TBI dataset

was used as an applied example to show and highlight the accuracy for each model according
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to chi-square statistics and deviance; in particular to indicate to the best model that has less
deviance. | found one-step FP model is the easiest to fit and that a quadratic trend between

age and the logit risk of 6 month mortality was appropriate.

Finally, in chapter 7 | examined the problem of small-study effects in IMPF articles. | was
able to consider - through obtaining IPD and extracting aggregated data- statistical methods
for detecting small-study effects and their potential impact on IMPF results. | found that there
is very little evidence of small-study effects in IMPF articles. Even when small-study effects
were a concern (e.g. in the best cancer data), adjusting for funnel plot asymmetry did not alter

clinical conclusion.

Now, in this concluding chapter | will summarize and discuss the most important findings
and issues that have arisen during the thesis, and will particularly emphasise why the research
undertaken benefits future evidence syntheses of PF studies. | will also consider the
numerous challenges that remain unaddressed by the research in this thesis, and will identify
the main further research priorities that have specifically developed out of the work | have

presented.

8.2 Key Findings and Recommendations for my Thesis

8.2.1 Benefits of IPD over aggregate data for meta-analysis of PF
studies.

Individual Patient Data (IPD) is considered as a gold standard method for producing reliable
PF meta-analysis resutté. | have demonstrated some of these advantages , which include
fitting one-step models, modelling non-linear trends, reducing the threat of small-study
effects, and adjustment for other variabfédt also allows an evaluation of combinations of

PFs, which may produce more specific and accurate prognostic assessments (Chapter 3).
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IPD meta-analysis of PF is more preferable to using aggregated data. In particular, there are
several limitations for meta-analysis of aggregated®datach as the variables included in the
multivariable model are different from study to study, which is likely to cause heterogeneity
in the multivariate PF results across studies; there is no same strategy for the choice of cut-off
level among studies (different cut-off points across studies); there are missing values for the
aggregated data ( e.g. hazard ratio) in some studies; it also limits the ability to check the
assumptions of the statistical model in each study, as well as the ability to look at the PF after
adjusting or grouping by other variables. In contrast, IPD meta-analysis has many
advantages over aggregated dfatdaand Figure 8.1 lists some findings of the benefit of IPD
approachi®, However this does not mean that IPD meta-analysis is without its challenges and
pitfalls. In section 8.2.2 | tackled some of these challenges, and | highlighted some challenges

that need to be considered in future research.

8.2.2 The Challenges Facing IMPF Projects

There are numerous methodological, statistical and practical problems facing IMPF projects
(Chapter 2). Firstly, IPD does not solve the problem of poor primary studies. Rilefet al.
stated that ‘Prognostic markers are important tools in the management of patients with
cancer and many other diseases, and as such primary studies of prognostic markers are
essential. However, the design and evaluation of such studies can be greatly improved'.
Alongside, poor quality of primary studies there are challenges in statistical analysis such as
how to tackle missing data and different methods of measurement; which method of meta-
analysis is recommended (one-step or two-step); also whether accounting for the clustering of
patients within studies is considered; how we handle continuous variables when the linearity
assumption fails; publication bias and availability bias; checking the assumption of the
statistical analysis in each study and what to do when it fails; also handling some other issues

such as the problem of skewness in some continuous variables and dealing with outlier
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values. In this thesis, | considered some of these challenges, but there are still some
challenges need to be considered (See Chapter 2 Figure 2.8), and section 2.8.

Figure 8.1: Some advantages of using individual patient data for a meta-analysis
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8.2.3 How IMPF Projects can be Improved

Many aspects of the conduct and reporting of IMPF projects are done well. For example, all
of the 20 articles | assessed provided a statistical methods section in their methods; all 20
reported the total number of participants within their IPD; 15 of the 20 accounted for
heterogeneity in prognostic factor effects or justified why not; and 16 of the 20 considered
the independent prognostic importance using a multivariable model. However, the available
data from individual studies impose several challenges to derive a sensible summary estimate
from an IMPF (see Chapter 2 Figure 2.8) and | also identified a number of ways IMPF
projects can be improved (Figure 8.2). In particular, it was a surprise that protocols and
ethics approval for IMPF projects were rarely mentioned. Protocols are essential components
of any research project and enhance its credibility, so they should be made and referred to. In
terms of ethics, researchers may have not considered this to be relevant if IPD was being used

for the same objectives as in the original studies, for which ethical approval may exist.

Reporting standards in general must be improved within IMPF. Basic information was often
missing, such the number of participants and events within each study providing IPD, and the
keywords used to search for relevant studies. Researchers are encouraged to consider recent
guidelines for reporting an IPD meta-anal§8iswhich supplement existing reporting
guidelines for meta-analysis of a non-IPD appréath. Of course, an improved reporting of
primary studies according to the REMARK guidelifies also needed, and this would be

most helpful for several steps toward the IMPF project (e.g. examining study relevance
according to inclusion/exclusion criteria; identifying outcomes considered and their specific

definition; details about available variables and measurement techniques).
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Figure 8.2:How can IMPF be improved

Rationale & Initiation

» Produce a protocol for the IMPF project prior to its initiation (detailing all aspects of rationgle,
conduct and statistical analysis) and reference this upon publication of the IMPF

» Consider whether ethics approval is necessary for the IMPF project, and report this upon
publication

Process of obtaining IPD

* Report how primary study authors were approached to obtain their IPD

» Report the strategy used for searching the literature for relevant studies (if relevant), including
keywords used and databases searched.

» Provide a flowchart showing the search strategy, classification of identified articles, and
retrieval of IPD from relevant studies (where relevant)

» Consider how to improve retrieval of IPD from unpublished studies

Details of IPD obtained

* Report number of patients and events for each included study

» Report a summary of the missing data for each study

* Report the reasons why IPD was unavailable for some studies (if relevant), and report th
number of patients, number of events and summary prognostic factor results in such studies

1)

Type and quality of IPD obtained

» Consider and report the quality of studies for which IPD were obtained; in particular, are they
all of comparable quality?

Statistical methods used

*  Check and report the assumptions of the statistical models used; in particular, do model
assumptions appear valid in each study separately?
Where possible, analyse continuous factors on their continuous scale and consider non-linear
trends
« In multivariable analyses, define the criteria used to decide whether a factor has independent
prognostic value over other factors; also potentially consider whether the interaction befween
two (or more) prognostic factors is important
* Inthe meta-analysis, account for clustering of patients within studies (and do not merge IPD
and analyse as if IPD all came from a single study) and report how this was done.
 Measure and, if necessary, account for between study heterogeneity in the prognostic factor
effect(s) of interest when undertaking meta-analysis
*  Where sufficient studies are available (e.g. 10 per covariate of interest) and heterogengity
exists, examine the potential causes of such heterogeneity.
*  Consider whether meta-analysis conclusions change when restricting to IPD from the higher
quality studies (if relevant)

Assessment of publication bias and availability bias

*  Consider the potential impact of publication bias and availability bias on IPD meta-analysis
results; in particular, are studies providing IPD comparable to those studies not providing IPD
(if relevant)?

Reporting guidelines

- Utilize reporting guidelines for meta-analysis, such as those for MGX@8H IPD meta-
analysig°
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In terms of statistical analysis, some IMPF projects chose to analyse continuous factors on a
categorised scale without good reason. This approach has severe disadvantages as it loses
statistical power and weakens the ability to assess non-linear prognostic factord’&ffects
When continuous factors are presented categorised within the available IPD itself, it is
guestionable whether a summary meta-analysis result is even sensible if different cut points
are used across studies. Another issue is that in five articles the meta-analysis method did

not appear to account for clustering of participants within studies, and thus treated the IPD as
if all coming from a single study, which is not appropriate. Further, four articles did not
consider potential between-study heterogeneity in prognostic factor effects, even though
heterogeneity is one of the most pertinent considerations in any meta-analysis. Also, missing
data is considered as one of the substantial challenges. Among all of the 20 IMPF articles,
each article considers at least one of the missing data problems such as missing data, missing

variables and missing outcomes.

Another critical issue is properly acknowledging theterogeneity of patient populations,
treatment of the patients, and the available ‘standard’ prognostic variables used to adjust the
effect of the factor of interest in each study. Issues of the heterogeneity concerning patient
populations and treatment may be tackled by excluding subgroups of the patients from some
of the single studies, by stratifying analyses or by restricting analyses to more homogeneous
subgroups. Ideally the same adjustment variables should be used in each study, but one will
be restricted by those available in the IPD provided and sometimes relevant factors may be
missing, which should be clearly noted. For example, Thakkinstiarf’etnate that they

‘could adjust for only a few clinical factors. Other factors (e.g. immunosuppressive drugs and
dosage, viral hepatitis infection, duration of dialysis, etc.) that were previously associated

with poor outcomes after renal transplantation were not available in the datasets obtained.’
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Perhaps most importantly, publication bias and availability bias were rarely considered in the
20 IMPF articles examined. These problems are crucial to consider, as they may cause the
IPD available to be a biased (non-random) portion of a potential prognostic factor’s evidence
basé”. Publication bias is a well-known concern in meta-analysis, and having IPD from
studies does not negate the fact that additional unknown, unpublished studies may also
exist®”. Funnel plots and tests for asymmetry (‘small-study effects’) are useful tools for
identifying potential publication bias, but these were only used in two of the 20 articles.
Availability bias is an added concern for IPD meta-analysis, and relates to when not all
known studies provide their IPD. For example, IPD may be less obtainable from smaller
studies and/or studies with non-significant findings as they are more likely to have lost or
destroyed their IPD. In such situations, comparison of the summary results in IPD and non-
IPD studies is useful to see if they are similar, as done by Rover?’ enal. Thakkinstian et

adt

8.2.4 Should a Meta-analysis Account for the Clustering of Patients
within-studies and is a One-step or Two- step more Appropriate?

One of the key challenges for IMPF articles was how meta-analysis should account for the
clustering of patients within studies and whether one-step or two-step approach was more
appropriate; in the reviewing for IMPF articles in chapter 2 there was only 14 out of 20
articles that accounted for the clustering of patients within studies. Further, it was clear that
the statistical differences (if any) between one-step and two-step methods were not
understood, as there is not a common used approach, and even accounting for clustering was

not always considered important.

In chapter 4, | developed 11 IPD meta-analysis models for examining a single PF with a
binary outcome; The difference in the model structure arise from using a one-step or two-step

approach; accounting for the clustering of patients within studies by using two-step model or
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one-step mod&i % 19 124 whether one-step including indicator variable that reflect the

impact of the clustering of patients across studies or ignoring the clustering of patients across
studies by assuming the IPD studies as it came from one study; whether we account for the
correlation between parameters in the second step of meta-analysis or not; also whether we

account for the residual variation for the same values of the PF in each study (see Table 4-1).

The 4 IPD studies of the TBI dataset that investigate whether there is an association between
age as a PF and probability of death by 6 months (see Table 1-2) was used to illustrate the
methods. The results yielded important difference across the 10 estimable models (recall
that it was difficult to estimate the pooled effect size of the PF from model 1 as it is very

difficult to estimate the residual variatian’ ); in particular all of the 10 models have

approximately the same pooled odds ratio and the same confidence interval, and all of the
models yielded a P-value <0.05. This confirmed that there is a positive association between
age and six month mortality rate ( if age increase the probability of death increase) and age is
still a PF. Initial conclusions suggested standard errors were smallest when correlation was
accounted for, when residual variation was ignored, and when clustering was ignored.
However smallest standard error does not necessary mean the best model. Indeed, the results
did not help to identify thbestmeta-analysis model. Thus a simulation study was required to
examine the effect of ignoring the clustering of patients across studies and whether one-step

or two-step model more appropriate.

In chapter 5, | undertook a simulation study for three out of the eleven IPD meta-analyses

models from chapter 4 to assess whether the clustering within studies can be ignored, and
whether one-step or two-step approach is performed better. | considered these are the key
guestions to answer. In particular, | selected standard two-step model that account for the

clustering of patients accross studies; one-step account for the clustering of patients across
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studies by adding an indicator variable; and one-step ignoring clustering by assuming the IPD
studies as it came from one study. | undertook my simulation for a single binary PF, and then

a single continuous PF.

The simulation studies was undertaken for small and large number of IPD studies ; 5 and 10
studies repectively; also | assumed that the sample size in each IPD study could be small (30
to 100 patient) or large (30 to 1000) patients. The simulation study was repeated when the PF
was continuous ( by assuming normal distribution) and binary (by assuming Bernoulli
distribution) . The outcome was binary ( O for alive and 1 for death) and it was generated for

each patient according to a specified relationship between the outcome and the PF.

Bias, percentage bias, MSE, and coverage (95%) were recorded to assess the performance for
the three IPD meta-analysis models. The findings were similar whether the PF was binary or
continuous. The results of the simulation studies yielded that:
e There isno difference between the three IPD meta-analysis models when the Standard
deviation for « ( the baseline risk) was 0 or 0.25.
*  When the standard deviation for was large 1.5.
- This produces inaccurate results for one-step model that ignore the clustering
across studies (i.e. the coverage of the pooled estimate was considerably less than
95%, and it was downwardly biased).
- An accurate result was seen for one-step model that account for the clustering of
patients across studies (the coverage was around 95%, and there was no bias).
- The results of two-step model yielded a too wide confidence interval with coverage
above 95% when the PF effect was also large.
To sum up, ignoring clustering across studies is not recommend&d™*? and the

results of one-step accounting for clustering and two-step approach are often very
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similar, only in a few situations with a binary PF did the two-step methods perform
worst. This may be because the two-step model did not account for the correlation
between parametersc{ and ) in the second step, and that the normality assumption

in the second step fails. However, | would recommend one-step meta-analysis that
account for the clustering across studies as it was consistently the best model across all

simulation scenarios considered.

8.2.5 Benefit for Applying Fractional Polynomial Approach for
Developing One-step and Two-step Models.

There are many issues for the analysis of continuous PFs; one of these issues arises when the
assumption of linearity is found to be untenable, and | consider a fractional polynomial (FP)
approach to address this probféft*° 148 Note that residual variation in models in chapter 4
highlight that a non-linear relationship in age is potentially more sensible for the TBI dataset.

In chapter 6, the focus was on considering the possible two-step and one-step models for IPD
studies that account for the clustering of patients across studies; in particular by using first
and second FP order for IPD meta-analyses logistic regression models. The closed test was
used to test the linearity assumption between the PF and the outcome, and it was also used to
decide the best FP function (FP1 or FP2). TBI dataset was again used to estimate the pooled

effect size of the PF for possible two-step and one-step models.

Two-step Approach

In two-step approach, | only fitted FP1 logistic regression model (p=1). However, it was

difficult to decide the best fitted model that has the highest chi-square statistics (as there are 8
possible FP1 models), as there were different best powers for the 4 TBI trials when a 10 %
significance level was used in the closed test. | handled this problem by adding up the 4 chi-

square statistics for each model and | selected the model that has the highest sum chi-square
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statistics (this occurred farge?). Interestingly, however the closed test approach with 5%

significance level gave age as a linear trend to be most appropriate.

One-step Approach

In one-step approach, two-models have been fitted; the first one was one-step FP1 IPD meta-
analysis logistic regression model and it produagd? as the best fitted model. The second
model was one-step FP2 IPD meta-analysis logistic regression model and it pragaéed

and age™2, but thep, of age™2 was insignificant; thus the best model just inclugle?. The

closed test approach gauge? as the best model regardless of the 5% or 10% significance

level. Thus, at the 10 % level, it gives different conclusions to the two-step approach.

In conclusion, | would recommend one-step FP model over two-step FP model, as it is easier
to apply and it forces the model to have the same power in each study, without need to all of
the procedures that | considered in the two-step approach. Also closed test was a helpful tool
to test the linearity assumption and help to choose between the simple and complex FP

functions.

8.2.6 Assess the Impact of Small-study Effect on IMPF Articles.

Small-study effects may arise in IPD meta-analysis projects if only IPD from significant
small-studies are availabdfé. A contour funnel plot, cumulative funnel plot, trim and fill
method and Egger's test were used to assess the small-study’®ff&ct®in 6 IMPF
articles; these articles were mainly selected according to the availability of their data
(aggregated data or IPD studies). In particular, aggregated data were provided for 3 articles

and the IPD were provided for the IMPACT project (relating to 3 articles specifically).

Generally, despite of array of many analyses, these was very little evidence for small-study

effects; indeed in the IMPACT data, most small-study effects suggest that the PF effects will
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be larger than those originally estimated (i.e. the opposite of a publication bias mechanism).
In Look et al., however, there is a significant evidence for the small-study effects, but this
was found unlikely to change the original conclusion for the PF (i.e. uPA), even though the

pooled results was potentially smaller than thought.

The limitation here was that the assessment for small-study effects was only taken for 7
IMPF articles; this is mainly due to the difficulty to obtain suitable aggregated data or IPD for
examining small-study effects. This is due to different reasons such as some studies provides
the forest plot without writing the effect size and its confidence interval for each study, and |
e-mailed the authors to ask them about the aggregated data or IPD data, but many of them did
not respond of to my request. To sum up, there is very little evidence for the problem of
publication bias or small-study effect in IMPF articles according to my limited review; even
when small-study effects were a concern, the original conclusions were unlikely to change.

This is encouraging.

8.3 Future Work

In Chapter 3 to 7 | examined some of the challenges listed in Figure 2.8. However, | have
clearly not addressed all of them such as different methods of measurement and missing data.
For example, in Trivella et &f. the authors mention that there is different methods of
measurement fomicrovessel density; they overcome this problem mdatig the data into

two groups (each group has the same method of measurement). In Lodk éteakuthors

also found different methods of measurement as they statelL#nals of uPA and PAI-1 in
tumour tissue extracts were determined by different immunoassays; values were ranked
within each dataset and divided by the number of patients in that dataset to produce
fractional ranks that could be compared directly across datasétsthe future work, | will

consider the problem of missing data by using one of the statistical models such as

[221]



imputation analysi$® *"®and also | will try to examine the problem of different methods of

measurement and generate some suggestions.

In Chapter 3, | compared between IPD and aggregated data meta-analysis approach, and |
have shown by an empirical example that IPD meta-analysis is more favourable over
aggregated data approach. However, | recognise that IPD is not always available. In the
future work, | will examine the impact of combining aggregated data and IPD when some

IPD are not available.

In Chapter 4, there are a number of limitations of the 11 IPD meta-analysis models such as
the statistical analysis is applied to just a single PF (univariate analysis) and | assumed fixed-
effect method across studies as that there was no heterogeneity across tHe=T@¥%)]. In

the future work, | will consider model extension for accounting for the heterogeneity across
studies. Also, | will consider the multivariable analysis by adjusting the PF of interest by

other Prognostic factot.

In Chapter 5, there are some limitations for the simulation studies. First, | applied the
simulation on a single variable only (continuous or binary PF); and | did not consider the
multivariable model. Second, | assumed the linearity assumption for the continuous variable.
Finally, I applied the simulation study only on three possible models for IPD meta-analysis
and | assumed fixed effect across studies. In my future research, | will consider the following
points: (i) the multivariable IPD meta-analysis models; (ii) random-effects to account for

heterogeneity across studies (iii) and methods to account for the correlation between

parameters by using multivariable random-effects two-steps meta-analysis models.

In Chapter 6, generally, two-step FP IPD meta-analysis models, in the first step, allows a

different FP model in each study but this makes it difficult to synthesize in the second step.
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On the other hand, one-step model forces each study to have the same FP model (through
estimates could be different, they all have same shape, e.g. all quadratic or all cubic etc.).
Saurberi et al., (personal communication) suggest a new approach for FP two-step models,
which allow a different FP model in each study and then averages these across studies using a
two-step approach. Also random- effects approach it would be interesting to compare their
approach to my one-step approach in the future work.

In Chapter 7, | assessed the small-study effects for 6 IPD studies, and | found that there is
very little concern for the small-study effects in IMPF. In the future work, more IMPF
articles need to be assessed, especially in situations where IPD are unavailable for some
studies. Then, | need to examine aggregated data and IPD. More simulations looking at the

performance of Eggers D-var method for PF meta-analysis is also needed.

8.4 Conclusion

Although IPD offer many advantages over aggregated data. It still presents many challenges
for meta-analysis of PFs. In this thesis, | have tackled some of these issues, but much
research is needed in the coming years to help ensure IPD meta-analysis produces reliable

evidence-based PF results. My key conclusion are shown in Figure 8.3

In this thesis, | only used and studied retrospective IPD meta-analysis of PFs, due to the
ease and quickness of using existing data. However they are restricted by the data already
collected by primary study (e.g. certain variables and outcomes may be missing)
Prospective IPD meta-analysis of PFs may reduce many of the pitfalls that | found for the
retrospective IPD meta-analysis, as in prospective studies, patients are recruited at the
current date and followed for an adequate length of time to identify what outcomes are
achieved in all studies simultaneously. This allows the same PFs, baseline characteristics

and outcomes to be recorded by the researcher, and to ensure similar methods of
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measurement, data coding, and variable inclusion from study to study. Thus, ultimately the

gold standard IPD approach may actually be a prospective meta-analysis.

Figure 8. 3: Key Conclusions from this thesis

IPD meta-analysis hugely beneficial for meta-analysis of PF studies espe
compared to aggregated data approach.

Yet IPD still presents many methodological, statistical and practical challenges.
Often there is very little difference between one-step, two-step and even mode
ignore clustering.

But when there is large variation in baseline risk, one-step IPD meta-analysis n
that account for clustering are preferred; ignoring clustering leads to a low covg
and the two-step (occasionally) leads to too high a coverage. Thus one-step acc
for clustering in my recommended best model.

When modeling a continuous PF and assuming a linear trend, examining the re
variation due to this factor helps decide whether as non-linear trend is sensible.
FP modeling allows non-linear PF trends; again the one-step framework is pre
because it forces each study to have the same FP terms.

Small-study effects may arise for IMPF but there was little evidence of this y
examined. Only in one dataset (Look et al.) was it a major concern, but ever

clinical conclusion is unlikely to alter after adjusting for funnel plot asymmetry.
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APPENDIX

Appendix A

Appendix A1: Review of IPD meta-analyses of prognostic factor
studies

Aim: To critically examine published IPD meta-analyses of PF studies (in relation to any
outcome) and ascertain:

e their objectives and rationale

e how and why they were conducted

e the process used to obtain IPD and the success/problems therein

e how the quality of primary studies was assessed

e what statistical methods were used and the problems therein; in particular how het-
erogeneity was examined, how many adjustment factors were used and how they were
modelled, and how continuous factors were assessed

e how publication bias related issues were examined

e what the limitations and successes of the IPD project were, ahdribéts/differences
over aggregate data meta-analysis

» We call a PF study one that looks to see if one or more factor is associated with an
outcome in patients with existing disease at baseline.

» We are NOT looking afpredictive markers(i.e. those predicting response to
treatment) and NOTprognostic modeldi.e. those developing a risk score to
predict outcome in future individualdput of course the papers may have assessed
the PFs alongside or enroute to a prognostic model or treatment predictions

» In our review, all the questions relate to the prognostic factor assessments. Other

pats of the paper (e.g. treatment effect, prognostic models etc) are not of interest at
all.

Below is a list of questions we will ask of a sample of the IPD meta-analyses identified

A.1.1 General questions

- What country is the corresponding author located in? (i.e. what is the central
location for the IPD project?)

- is there reference to a protocol for the IPD project, and, if so, were details given as
to where it can be found?

- Was ethics approval granted for the IPD project? If not, were reasons given as to
why ethics approval was not necessary and, if so, what were the reasons?

- What were the key prognostic factor research aims of the paper? In particular, are
they looking to see if a prognostic factor is important on its own, or whether it is
important after adjusting for existing PFs?

- What was the main motivation to start the IPD project? (e.g. is it to resolve
current disagreementgr to look at a new novel marker; is it connected to
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financial support from a funder or a company or an HTA assessment?)

At baseline what was the condition of the patients being assessed (e.g. what
disease

did they have, or what operation had they just had etc)

What PFs were of key interest?

What outcomes were of interest?

A.1.2 Process of obtaining IPD

What were the stated reasons given for taking the IPD approach, rather than a meta-
analysis of aggregate data?

Was another meta-analysis approach tried before and, if so, why was this IPD project
needed in addition to this previous meta-analysis

If a meta-analysis of aggregate data had been done before, what were the stated
conclusions and limitations of the research?

What was the process used to identify relevant studies for the IPD meta-analysis? (e.qg.
literature review, or collaborative group).

If literatures review, then what search strategy was used (e.g. search of Medline,
Embase using keywords)?

If collaborative group, how were studies chosen to be included in the collaborative
group (e.g. uPA is based on projects funded from an EU grant, so all EU studies
included)?

What were the inclusion / exclusion criteria for deciding from which studies IPD
would be sought?

For those studies for which IPD was desired, were there any requirements on the
information needed within the IPD? In particular, were there any requirements on
studies providing a certain set of "adjustment factors’? (e.g. did they say that tumour
size or stage of disease had to be available in the IPD for the study to be worth
providing the IPD?)

How were authors of relevant studies approached for IPD (e.g. e-mail, letter,
phone etc.)? How many authors replied on first or second request?

Are there any details on the cost and time required to obtain and ’'clean’ the IPD
provided?

How many studies (or collaborating groups) were ultimately approached for IPD, and
what proportion of these studies/groups actually provided IPD?

(If appropriate) what were the reasons given as to why some studies refused to provide
IPD?

A.1.3 Details of the IPD obtained

Did those studies that provided IPD give all their IPD or only a proportion?

- If only a proportion, then what was omitted (e.g. certain patients, certain
variables etc) and why?
Were details given of any differences in the IPD provided to that used in one or more
previous publications? If yes, what were they (e.g. IPD has a longer follow-up time
etc)
How many studies ultimately provided IPD?
Was the number of patients within each of the IPD studies given
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- Was the number of events given for each outcome within each of the IPD studies?

- Were details of any missing individual-level data within the available IPD given for
each study, and, if so, what were they?

- How many variables were considered as adjustment factors in the original studies (i.e.
aside from the prognostic factor(s) of interest, how many other patient-level variables
were available in each study)?

- Did all studies have all variables, or was there missing variable information across
studies?

A.1.4 Quality of included primary studies

- Did the inclusion / exclusion criteria for an IPD study include an assessment of study
quality?

- If yes, what quality criteria were used to decide inclusion or exclusion (or ’low’
qudity and ’high’ quality)?
- Were IPD still sought from low quality studies?

- If the inclusion / exclusion criteria did not involve an assessment of study quality, was
a gquality assessment done at some other stage (e.g. for those studies actually providing
IPD)?

- If yes, describe when the assessment took a ’low quality study’ and a ’high
qudity study’

- How were ’low quality studies’ dealt with? In particular, was IPD sought from these
studies and, if so, how were they included in the meta-analysis (if at all)?

A.1.5 Statistical methods for an IPD meta-analysis
- Was a statistical analysis plan given or mentioned in the Methods section?

Meta-analysis approach
» Were the data meta-analysed by:

(a) Lumping all the data together into one big dataset, and ignoring clustering by trial
or collaborative group; or

(b) A one-step analysis, where the data from all studies/collaborative groups are
analysedogetherbut with clustering by study/group accounted for; or

(c) A two-step approach, where the data are first analysed separately in each study, and
then their model estimates are pooled together in second-step.

* What type ofstatisticalmodels was used? In the two-step approach, details are needed
here of how individual studies were analysed, and then how the model estimates were
pooled using meta-analysis. In the one-step approach, again details are need here of
the one-step model itself (Cox regression, logistic regression) and the meta-analysis
assumptions therein (e.g. fixed or random-effects on the prognostic factor effect)

Heterogeneity

» Was the presence of between-study heterogeneity assessed and, if so, how? (e.g. 12
statistic)
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» Did the meta-analyses account for between-study heterogeneity? If so, how? (e.g. use
place, and the quality criteria used to define of random-effects)

* Were the factors causing between-study heterogeneity investigated? If so, how? (e.qg.
including study-level covariates in the model, or performing meta-regression)

Continuous factors

How were continuous PFs analysed, on a continuous scale or categorized? If
categorised

Were reasons given as to why this was done?

How many cut-points were used, and how were they chosen? If on a continuous
scale

Were non-linear trends assessed and, if so, how were they modelled? (e.g.
spines, fractional polynomials)

Was the continuous factor analysed on its original scale, or was it on a
transformed scale?

If a one-step meta-analysis was used, was the continuous factor cantered about
the mean value in each study?

Clinical factors

Were clinical factors adjusted for in the model; if so, what were they?

For the prognostic factor(s) of primary interest were different methods of
measurement used across studies. If so, how did the authors address in their
analyses (if at all)?

Did each patient receive the same treatment? If not, how was treatment received
ac- counted fom the analyses (if at all)? (NB again potential distinction needed
here of how individual study analyses accounted for treatment, and then at the
meta-analysis level how treatment was accounted for) - essentially look for any
details of how and when treatment was incorporated into the analyses that are
described.

A.1.6 Analyses of multiple PFs together and adjustment factors

* Was the prognostic factor assessment adjusted for other variables (e.g. other PFs or
adjustment variables)? If so:

* What method was used (e.g. Cox regression)? - Were combinations of PFs assessed
(i.e. was the interaction between two or more PFs modelled). If so, how?

» If multivariable models were fitted (i.e. models that included multiple variables)

- What criteria were used to decide inclusion in the model? (e.g. statistical

criteria, such as p< 0.1, or clinical criteria such as a hazard ratio2 or
inclusion of 'smoking’ variable regardless).

- Were results fonon-significantpresented in full (i.e. an effect estimate and its

confidence interval, or p-value). - How were continuous factors analysed in the
model.
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A.1.7 Missing data and check of assumptions

how were missing data handled at the study-level (e.g. missing treatment information)

and/or at the patient-level (e.g. missing prognostic factor values)

Were the assumptions of the statistical models validated (e.g? proportional hazards)
within each study

What problems limited the statistical analysis (e.g. different method of measurements,
different set of adjustment factors available etc) and how did the authors attempt to
overcome these problems?

A.1.8 Bias in the set of IPD available / differences between IPD and
non-IPD studies

Was there an assessment or discussion of whether the IPD studies were a biased set of
all studies (akin to the problem of publication bias), e.g. using a funnel plot? If yes,
describe the assessment and what was found.

(if appropriate) for studies not providing IPD, were details given as to the number of
patients and events in these studies

(If appropriate) were there any other details provided on the qualitative or quantitative
differences between those studies providing IPD and those studies not providing IPD?
If so, what were these differences?

(If appropriate) were details given regarding the robustness of meta-analysis results to
the inclusion/exclusion of non-1PD studies? If so, what were these differences?

(If appropriate) were IPD and non-IPD studies meta-analysed together? If so, what
methods were used to do so?

A.1.9 Reporting and Discussion

In terms of reporting, was it stated anywhere that the reporting guidelines of QUO-
RUM or MOOSE were used, or was reference given to the QUOROM or MOOSE
articles? (see refs below)

What were the main conclusions of the IPD project in the Discussion?

How do the conclusions differ (if at all) to any previous meta-analyses that have been
done orthetopic?

What strengths of the IPD project were noted in the Discussion?

What limitations and problems of the IPD project were noted in the Discussion?

What is the key further research?
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Appendix B

Appendix B1: The proof of cov(By, f1)=- var (ﬁo), by using
logistic regression model is explained as follows:

Note that8, = @ , andf = ;. Let Y be a dichotomous random variable denoting the
outcome of the PFs, and Ie&X= X X, ,......... X, be a collection of PFs (for simplicity, |

assume that there is only one PF); the conditional probability of the outcome is presented by
P(Y =1/ x)=n(x), wheren(x) has the form

exp(B, + Bix)
n.(x): 0 11
1+ exp(B, + 1)
If the values of the PF are varied from participants (i=1 to n), ti{&h can be written as:
7= _exp(By + BiX%y)
- Lrexp(B, + %)
The logistic regression problem is then to obtain an estimate of the vector:
B=(B,, )
As with logistic regression, the matrix X for one PF and the intercept can be written as:
1 Xy,
1 Xy
1 Xy

This matrix is called the regression matrix, where 1's denoted to the intercepk; areder
to the PF.

Maximum likelihood method is used to estimate the veétoand the likelihood function
given as:

()= 7", a-7)*

, and the log likelihood function is given as:
LB)=Y [y, In¢z )+ @~ y,)In@- 77)]
i=1

Estimates for the variances and covariances of the estimated paragetezscomputed

using the following equations. L&t,[i’): XVX, where X is thenxp
Matrix called regression matrix, and is a nxn diagonal matrix withi™ diagonal term
7T (1-77). That is, the matrix X is:
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1 21
1 X1
The matrix X' is
11 ... 1
Xa %1 o X |
And the matrix V is:
m@-1t) 0 ... 0
vl® mA-7,) .. 0
0 0 . 7r,(1-71)

Now | will multiply the first two matrixes XV and the result will be

m@d-m) O .. 0
wyo|tl ol } 0 ma-7) ... 0
Xq Xopeee Xig .
0 0 . (- 71)
[ 71, (L-71,) Q-7 0, - 1T)
X, A= 7)) X, 70, 73,)..... X, 71, (1- 1)
Then XVX is
1 X%
T,(L-71) ,A-7,) ... T, A= TT,) 1 Xy,
XVX=| | . . . . .
X,/ (L-71) x21n2(1—712) ..... Xy 7T,(1— 711.)
1 Xu_
1= 7o)+ FRQ=Fp ). (= 7) X JL 0= 70) + X, oA T Y X1 7)
X J0= )+ X, AT Y X 1= XA 7E)+ 32, 5 (=7 ).+ Kt (1-7)

The inverse of theX\VVX matrix can be calculated as follows:
First, the determine o)XV X denote byet(XVX), and is given as

det(XVX) = [ 74,1~ 75)+ 7, (1= 7, )+ ..ot 72, (L= 7)) [ X0 A= 78) + X207, A= 72, )+ .t X1, (L= 72, )]
_[)(1217’7-1(1_71[1)"')(2217"72(1_71[2)"' ----- +X ﬂ( ﬁ) ’



Second, the inverse oiXVX is called the variance covariance matrix of the estimated
parametersB, andg,, this is given as:

. XL (=70 36,75 (=7 Y. G (1-7F) [ XJL{1-T5)+ %75 075 ). +X 77 A-T) ]
det®/X%)

X L1~ 75)+%,75 Q=75 ). +X 71 A7) ] Fi(1-75)+ 75, A7 ).+ 7, (1~ 7r)
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Appendix B2: Special case: Bivariate Random Meta-Analysis (BRMA) revert to

Univariate Fixed effect Meta-Analysis (UFMA) for @ when both of outcomes and PF

are binary data, the correlation within study does not effect on the estimated value of
a

Note that, let varf;;) = S4 and (Biz) = S5 A = cov (&, B;), &= Yy, and f =Y,

BRMA is a statistical model that can be utilised to estimﬁ’;e; it also includes the effect

of the within and between studies correlation ; again assume that each study summary
statistic Y; (where i=1to n and j=1 to 2 outcomes) is assumed an estimate of a different
underlying true valueg; in each study; eacH; is assumed to be drawn from a distribution

with mean values; and between study variancfg; then the BRMA model can be written
mathematically as follows:

) (@)e) oG8
o) M(Z)e) o7

Where & and Q are the within-study and between-study covariance matrices

respectively;A is the within-study covariance,, is the between-study covariance. As can

be seen in equation (6), the BRMA consider the correlation within study and between
studies. The covariance within-studies assume to be known. On the other hand, the UFMA
does not account for the within and between studies correlation.

BRMA model revert to UFMA model when 7} =77 =7>,=0 (i.e. there is no
heterogeneity across studies and no correlation across studied), aAd>

(i.e. the covariance within studies equal negative the variance @f ttvpen the outcome
and the PF are binary data by using BRMA of logistic regression model). Note that the

prove of A =-s’ is explained in appendix B1. Also, there is only one case when BRMA
revert to UFMA model ford only, when7? =7 =7,=0, A =—s> and when the
outcome is binary and the PF is binary. However, if the PF is continuous then the estimated
value for a by using UFMA model does not equal the estimated valué favhen the PF

is continuous. Note that the focus here is on the estimated valyf?s(rfm ona).

First, the pooled estimate of the PF effect size of the BRMA can be estimated by using
restricted iterative generalized least square method (RIGLS) as:
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i{ Y, { fﬁ%)(fﬁ%)—(ﬁ#@@%)ﬂ
= (flz + ﬁ)@z +§22) —(1,,11 )2 p= (fz + %) (fz +5fz) _(f12+/1<)2

i{ Y, {Z@ié é)+4<r2+$z)—4(f+sz»ﬂ n

ACHDGHE) -G AT B+REG+5) G HA)

: LS “ s _( %) ]

2 DE D AP S+ DD -Gt | B+ DDt P
, Where k = 1.....,n representing thé studies, and is used to distinguish the summation
from 1 to n within the summation fot 1......, n.
Second, by substituting in equation (5) wigr 72 =72 =0, A =-s2, then 3, can be
written as:

: Y, . (3)(£)- (-9 |
ZL %)(%22) - (_512) |:kz:; ( %1)(§2) - (_331)2

L
I |

i=1

(7)

3 8(8) - Sﬁ(%))}

z{ ¥ [
2 - S (8)(5) ~ (-5 13 (8)(s) — (=)’

n

x (-sv)
;(ﬁ)(s@) (sl)zz(%)(%) (-s3)° (;(é)(%)—(—si)zj

Third, by cancellings? out from the denominator (in the very down line), equation 6
reduce to:

x Yi1 (é)(ﬁl) ( 51 (S kl)ﬂ
ELﬁxé)—(—s.i){E (£)(,) - (-2

B =

1§ (Z 1 Jz
i=1 (5.2) (-s )| = ( r%)( % %) =1 (322) _(_S|21)2

Fourth, by takings’, as a factor from the numerator a@ 52 as a factor from the
i 2

denomlnator equatlon 7 can be written as:

%(sé sh) H
i 1 §1(§22 - |1) §a(§2 _Skl)

1 n s N 1
zsz S sima Yetal

9)

Fifth, by cancellings’, and s, —s> out from the top numerator, and cangl

1
332 - Skl

with Z >-out, then equation 8 is given as:
i 1
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(10)

This can be written as:

(11)

S
D=|ED-

:\wm‘ = .:wm‘.‘:<

1M
Nl
[y
[EEN \V]
I_L

As we can see from the equation (9) that the BRMA revert to UFMA
Note that, this prove only for the case that the outcome and the PF are binary; an applied
example will be given later. However, this can be extended to the continuous case; in

particular when the PF is continuous (e.g. age), but | will show that by applying on the TBI
data set later.
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Appendix C

Appendix C1: STATA codes for possible two-step IPD meta-analysis models

\\ Model 2 accounts for the clustering across studies and did not account for within-study
variation for the patients who have the same age; the pooled estimate of the PF is estimated
through two steps\\

The first code
by studyid: logit dead agel0
The second code:

metan beta s.e. of beta, fixedi

\\Model 3: This model account for the clustering across studies and the variation within-
studies for the patients who have the same age value in each IPD study. The pooled
estimate effect size of the PF is estimated through two steps\\

The first code
by studyid: xtmelogit dead agel0, || agel0: cov(indep) intp (1) var

The second code:

metan beta s.e of beta, fixedi

the explanation here is the same as in the model 2 except that this |fodgel0: ,
cov(indep) intp(1) var’ is allowed the PF (age ) to vary across patients with different
value of age andov(indep) means one variance parameter per random effect. The second
step estimates the pooled effect size of meta-analysis by using ‘metan’. The interpretation
here is similar to model 2.

[236]



Appendix C2: STATA codes for possible one-step IPD meta-analysis
models

\\ Model 6 ignores the clustering across studies and within study variation (assume that all
of the data came from one study)\\

logit dead agel0

\\ Model7 ignores the clustering across studies by including the indicator variables and
accounting for the variation within patients who have the same age value\\

Xtmelogit dead agel0 || agel0:, cov (indep) intp (Ear

\\ Model 8 accounts for the clustering across studies and ignoring the variation within-
studies for the patients who have the same value of the PF in each study\\

logit dead f11 f12 f13 f14 agel10, nocons

\\Model 9 accounts for the clustering across studies by inofydindicator variables and
account for the variation within-study for the patients who have the same value of the PF\\

xtmelogit dead agel0 f11 f12 f13 f14, nocons || ageldv (indep) intp(1) var

\\ Model 11 accounts for the clustering across studies and ignoring the variation within-
studies for the patients who have the same value of age in each study and assign a normal
distribution for a to allow for different values for alpha in each IPD study\\

xtmelogit dead agel0 || studyid: , cov(indep) intp(Mar

\\Model 11laccounts for the clustering across studies and acdourthe variation within-
studies for the patients who have the same value of age in each study and assign a normal
distribution for a to allow for different values for alpha in each IPD study\\

xtmelogit dead agelO || studyid: , || agelO: f11 f1P3 f14, nocons cov(indep) intp(1)
var
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Appendix C3: SAS code forbivariate fixed-effect (Model 4 and 5)

SAS code to fit a bivariate fixed-effect model in the second step and allowing a different alpha in

each study, for the continuous age and after accounting for residual variation in the first step
dat a t bi

i nput id estimate al pha beta studyl study?2 study3
study4 var;

cards;

1 -2.199809 1 0 1 0 0 0 0. 057277796
1 0.3105692 O 1 1 0 0 0 0. 004113465
2 -1.928625 1 0 0 1 0 0 0. 043479673
2 0.2672432 O 1 0 1 1 0 0. 002791823
3 -1.956439 1 0 0 0 1 0 0. 067149704
3 0. 376585 0 1 0 0 0 0 0. 003082048
4 -2.323136 1 0 0 0 0 1 0.122192753
4 0.3283813 O 1 0 0 0 1 0. 007850244
run;

/* Bivariate neta-analysis allow ng al pha to be different in each study
(and not estimated) but allowi ng beta to be the same in each study and
estimted */

proc m xed cl method=renl data=t bi

class id ;

nodel estinmate = al pha beta / noint s cl ddf=10000 10000;
random al pha beta / subject=id g type=arh(1);

repeated / type=un subject=id group=id

par s

0.1

0

0

0. 057277796

-0. 01440608

0. 004113465

0. 043479673

-0. 01018656

0. 002791823

0. 067149704

-0. 01320622

0. 003082048

0.122192753

- 0. 02883057

0. 007850244

/ eqcons = 2 to 15;

run;
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Appendix D

Appendix D1: The simulation STATA code program for binary PF.
** parameter setting from here
clear
clear matrix
set memory 1000m
set more off
set seed 12345678
cd "C:\my thesis" tempname simparm /*record all parameter and population value for each senario*/
postfile ‘simparm' senario inercept_m inercept_v slope lymphnod n_studies using C:\my thesis\senario_monitor_cat.dta,
replace
**x**set different parameter here, following are Ghada's code
locala_m"-1.27" /*intercept mean for control,you can set value list here, e.g. -1 0 +1*/
locala_v"0.25" /*intercept SD for control,you can set value list here, e.g. -1 0 +1*/
local b "0.10" /*treatment effect, you can set value list here, e.g. -1 0 +1*/
local p_lym "0.2" /* prevenlance lymphnode positive, you can set value list here, e.g. 0.1 0.2 0.3*/
local n_studies "5 10" /* number of IPD_j in each meta analysis, you can set value list here, e.g. 5 10 20 30 */global repl =
1000 /*decide how many replication used*/
*¥*¥E%% DO not change following code******
local senario =1
foreach intpt_min ‘a_m' {
foreach intpt_vin "a_v' {
foreach slp in "b' {
foreach lymph in "p_lym' {
foreach n_meta in 'n_studies' {

quietly replic ‘intpt_m' ‘intpt_v' ‘slp' ‘lymph' ‘n_meta' ‘senario' /*simulate
data*/

post ‘simparm' (‘senario') (‘intpt_m') (‘intpt_v') (‘slp') (‘lymph') (‘n_meta') /*save
parameter setting for each senario*/

*Analysis data here or seperately?

use "C:\my thesis\data\senario_‘senario'", clear

two_step ‘intpt_m' ‘intpt_v' ‘slp' ‘lymph' 'n_meta' ‘senario' /*runing two_step
analysis*/

use "C:\my thesis\data\senario_‘senario'", clear
step_cluster “intpt_m' ‘intpt_v' ‘slp' ‘lymph' ‘n_meta' ‘senario' /*runing one_step
cluster*/

use "C:\my thesis\data\senario_'senario', clear
step_dummy ‘intpt_m' ‘intpt_v' ‘slp' ‘lymph' ‘n_meta' ‘senario' /*runing
one_step dummy*/

conbin_result ‘intpt_m' ‘intpt_v' ‘slp' ‘lymph' ‘'n_meta' ‘senario' /*combine 3
kind of result together for same senario*/

local ++senario
}/*end of study number loop*/

}/*end of lymphnode prevelence loop*/
}/*end of slope loop*/
}/*end of alpha variance loop*/
} /*end of intercept loop*/
postclose ‘simparm' /*close to save senario parameter*/

%k ok %k sk ok sk sk kkk ok

*JAN-21-2011
* programe here are called by file My thesis_leices
* programm are
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*IPD_j
*replic

*two_step
*step_cluster
*step_dummy

*binary covariate
3k 3k 3k 3k 3k 5k 3k 3%k 3k 3k 3k 3k >k 3k >k %k 3k %k >k k k k

capture program drop IPD_j

capture program drop replic
capture program drop two_step
capture program drop step_cluster
capture program drop step_dummy
capture program drop conbin_result
program define IPD_j

end

local alpha_m "1’
local alpha_v "2
local beta "3'
local p_x"4'

clear /*clear the file in memory for new simulation*/
local alpha= (rnormal(‘alpha_m"', ‘alpha_v')) /* alpha is normal dist value*/

local n_ipd_j = int(30+(runiform()*(100-30))) /*30~100, Gadha subjects for each primary study_j*/
quietly set obs "n_ipd_j' /*how many people in each IPD study*/

gen x = rbinomial(1, ‘p_x') /*xis bianry treatment variable, p_x is the percentage of X=1*/

gen y = runiform() < invlogit(*alpha'+ ‘beta'*x) /*Thompson code*/

program define replic /*more work needed!!*/

local intercept_m "1'
local intercept_v "2'
local slope *3'

local prevelence_x "4’
local nstudies °5'
local senario "6'

forvalues replic=1(1)Srepl { /* replication loop start from here*/

IPD_j*/

forvalues j= 1(1)'nstudies'  { /*how mnay simulated IPD_i in each meta analysis*/
*call onestudy for IPD
IPD_j ‘intercept_m' ‘intercept_v' ‘slope' ‘prevelence_x' /*code to simulate the Y and X using program

gen study_id="j' /*ID for each IPD_J data within one replication*/

[

tempfile ipd_‘replic'_‘j' /*create a temporary file and save for each IPD_j in each replication*/
if 'j'>1 {
local j_former ='j'-1
append using "C:\my thesis\middata\senario_'senario'ipd_"j_former"

"

/*append last saved file from study_2 within same replication*/

erase

"C:\my thesis\middata\senario_‘senario'ipd_"j_former'.dta" /*remove the appended file*/

}/*for the */

*save "C:\my thesis\middata\senario_'senario'ipd_‘replic'_'j'"", replace /*save all data,

removed*/

save "C:\my thesis\middata\senario_‘senario'ipd_'j'", replace

} /*end of loop for each meta analysis*
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**x*x*keep data for checking purpose*****
erase "C:\my thesis\middata\senario_‘senario'ipd_"nstudies'.dta"

gen replic_id = ‘replic' /*create ID variable for each replication*/

tempfile repl_ replic'
if ‘replic'>1 {
local repl_former ="replic'-1
append using
"C:\my thesis\middata\senario_‘senario'repl_‘repl_former'" /*append last saved file*/
erase
"C:\my thesis\middata\senario_'senario'repl_‘repl_former'.dta"
}/*for the */
save "C:\my thesis\middata\senario_'senario'repl_‘replic'", replace
*save replic_'replic', replace
/*for code checking*/
if “replic'==Srepl {
save "C:\my thesis\data\senario_‘senario'", replace
} /*save the last file for permernant: senario 1 all replication*/

} /* end replication*/

**x*x*keep data for checking purpose*****

*erase "C:\my thesis\middata\senario_‘senario'repl_Srepl.dta" /*remove the last repl file*/
end
program two_step
local intercept_m "1
local intercept_v “2'
local slope *3'
local prevelence_x *4'
local nstudies °5'
local senario "6'
capture log close
capture log using "C:\my thesis\two_step\cat_twostp_senario_'senario'", replace
tempname step2_result /*record all parameter and beta, se_beta value for each senario of each primary
study*/
capture postfile step2_result' senario intercept_m intercept_v slope lymphnod n_studies beta se_beta study
replic using "C:\my thesis\two_step\two_step_result_senario'senario'", replace
forvalues replic = 1(1)Srepl { /*must change replic*/
forvalues ipd_j = 1(1) ‘nstudies' {
capture quietly logit y x if replic_id == ‘replic'& study_id == "ipd_j'

if _rc==0{
local b_x=_b[x]
local se_x = _se[x]
}
if _rc>0{
di "problemb data for 2stp is scenerio= " ‘senario' " replication= " ‘replic' "
studyID=""ipd_j'
localb_x=.
localse_x =.

}
capture post ‘step2_result' (‘senario') (‘intercept_m') (‘intercept_v') (‘slope') (‘prevelence_x') (‘nstudies')
(‘b_x") (‘se_x") (‘ipd_j') (‘replic') /*save parameter setting for each senario*/
} /*each meta-analysis loop*/
} /*replication loop*/
capture postclose ‘step2_result' /*close to save senario parameter*/
*** starting meta analysis beta for each senario***

*reading two-step results for each senario
use "C:\my thesis\two_step\two_step_result_senario'senario™ , clear
drop if se_beta==0 |se_beta==. /*remove no variance data in Logit model*/
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tempname step2_meta /*record all parameter and beta, se_beta value for each senario of each primary
study*/

postfile “step2_meta' senario intercept_m intercept_v slope lymphnod n_studies beta_mt se_mt replic using
"C:\my thesis\two_step\two_step_meta_senario'senario", replace

for values replication = 1(1)Srepl {
capture quietly metan beta se_beta if replic=="replication', nograph notable
capture post ‘step2_meta' ('senario') (Vintercept_m") (“intercept_v') (*slope')
(‘prevelence_x') (‘nstudies') (‘r(ES)') (‘r(seES)') (‘replication')
}
postclose ‘step2_meta'
*** finish meta anlysis for senario and save file in two_step_meta_’senario'***
capture log close
end
program step_cluster
local intercept_m "1
local intercept_v "2'
local slope "3’
local prevelence_x *4'
local nstudies °5'
local senario °6'

capture log close

capture log using "C:\my thesis\step_cluster\cat_cluster_senario_'senario'", replace

tempname cluster_result /*record all parameter and beta, se_beta value for each senario of each primary
study*/

postfile “cluster_result' senario intercept_m intercept_v slope lymphnod n_studies beta_cls se_cls replic using
"C:\my thesis\step_cluster\cluster_result_senario'senario"", replace

forvalues replic = 1(1)Srepl { /*must change replic*/

capture quietly logit y x if replic_id == "replic'

if _rc==0{
local b_x=_b[x]
local se_x = _se[x]
}
if _rc>0{
di "problemb data for cluster is scenerio=" "senario' " replication=""replic'
localb_x=.
local se_x=.

}

capture post ‘cluster_result' (‘senario') (‘intercept_m') (‘intercept_v') (‘slope') (‘prevelence_x') (‘nstudies')

('b_x") (‘se_x") (‘replic') /*save parameter setting for each senario*/
} /*each meta-analysis loop*/

capture postclose “cluster_result' /*close to save senario parameter*/

capture log close
end
program step_dummy

local intercept_m "1'

local intercept_v "2'

local slope *3'

local prevelence_x "4’

local nstudies °5'

local senario "6'

capture log close

capture log using "C:\my thesis\step_dummy\cat_dummy_senario_‘senario"", replace

tempname dummy_result /*record all parameter and beta, se_beta value for each senario of each primary
study*/

postfile "dummy_result' senario intercept_m intercept_v slope lymphnod n_studies beta_dmy se_dmy replic
using "C:\my thesis\step_dummy\dummy_result_senario'senario', replace

forvalues replic = 1(1)Srepl { /*must change replic*/
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capture quietly xi: logit y x i.study_id if replic_id == "replic'
if _rc==0{
local b_x=_b[x]
local se_x = _se[x]

}
if _rc>0{
di "problemb data for DUMMY is scenerio=" "senario'" replication=
localb_x=.
local se_x=.
}

n

“replic'

capture post ‘dummy_result' (‘senario') (‘intercept_m') (‘intercept_v') (‘slope') (‘prevelence_x') (‘nstudies')

(‘b_x") (‘se_x") (‘replic') /*save parameter setting for each senario*/

} /*each meta-analysis loop*/
capture postclose ‘"dummy_result' /*close to save senario parameter*/
capture log close

end

**% conbine 3 results from one senario data
program conbin_result

local intercept_m "1

local intercept_v "2'

local slope "3’

local prevelence_x *4'

local nstudies °5'

local senario "6'

use "C:\my thesis\two_step\two_step_meta_senario’'senario', clear

merge 1:1 senario  intercept_m intercept_v slope lymphnod n_studies
thesis\step_cluster\cluster_result_senario'senario', generate(frm_cls)

merge 1:1 senario  intercept_m intercept_v slope Ilymphnod n_studies
thesis\step_dummy\dummy_result_senario’senario'",

save "C:\my thesis\result\cat_result_senario_‘senario'", replace /*file name as categorical x*/
end
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Appendix D2: The simulation STATA code program for continuous

PF.

* Jan-21-2011

*C:\my thesis

*need cal macro in file gadasim first
*continous covariate code

do C:\my thesis\code\Ghada_sim_cont
** parameter seting from here
clear

clear matrix

set memory 1000m

set more off

set seed 12345678

cd "C:\my thesis"

tempname simparm /*record all parameter and population value for each senario*/
postfile ‘simparm' senario inercept_m inercept_v slope age_m age_sd n_studies using C:\my thesis\senario_monitor.dta,

replace

**x**set different parameter here, following are Gadha's code
locala_m "-2.10"  /*intercept mean*/

locala_v "1.5"  /*intercept SD*/
localb "0.300.10" /*treatment*/
local m_age "4" /* prevenlance*/
local sd_age "1.5"

local n_studies "5" /* number of IPD_j in each meta analysis */

global repl = 1000 /*decide how many replication used*/

**x%%* DO not change following code*
local senario = 1
foreach intpt_min "a_m' {
foreach intpt_vin ‘a_v' {
foreach slp in “b'

% % %k k%

{

foreach age_m in ‘'m_age' {

/*simulate data*/

foreach age_sd in “sd_age' {
foreach n_meta in "n_studies' {

quietly replic “intpt_m' “intpt_v' “slp' ‘age_m' "age_sd' 'n_meta' ‘senario’

post ‘simparm' (‘senario') (‘intpt_m') (‘intpt_v') (‘slp') (‘fage_m') (‘age_sd')

(‘n_meta') /*save parameter setting for each senario*/

two_step analysis*/

one_step cluster*/

/*runing one_step dummy*/

*Analysis data here or seperately?
use "C:\my thesis\data\senario_'senario", clear
two_step ‘intpt_m' ‘intpt_v' ‘slp' ‘age_m' ‘age_sd' 'n_meta' ‘senario' /*runing

use "C:\my thesis\data\senario_‘senario'", clear
step_cluster ‘intpt_m' ‘intpt_v' ‘slp' ‘age_m' ‘age_sd' ‘'n_meta' ‘senario' /*runing

use "C:\my thesis\data\senario_‘senario'", clear
step_dummy ‘intpt_m' “intpt_v' “slp' ‘age_m' "age_sd' 'n_meta' ‘senario’

conbin_result “intpt_m' “intpt_v' “slp' "age_m' "age_sd' ‘'n_meta' ‘senario’

/*combine 3 kind of result together for same senario*/

local ++senario
} /*end of study number loop*/
} /*end of age sd loop*/
} /*end of age mean loop*/

} /*end of slope loop*/
} /*end of alpha variance loop*/
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} /*end of intercept loop*/

postclose ‘simparm' /*close to save senario parameter*/

3k % 3k % 3k >k % 3k %k %k k %

**Jan21-2011
* programe here are called by file My thesis_cont
* programm are

*IPD_j
*replic

*two_step
*step_cluster
*step_dummy

*continous covriate
Sk 3k 3k koK 3k ko sk sk ok sk sk ok k sk ok k kR k ok

capture program drop IPD_j

capture program drop replic
capture program drop two_step
capture program drop step_cluster
capture program drop step_dummy
capture program drop conbin_result

program define IPD_j

end

local alpha_m *1'
local alpha_v "2
local beta "3'
local p_x"4'
local p_xsd °5'
clear /*clear the file in memory for new simulation*/
local alpha= (rnormal(*alpha_m', “alpha_v'))
local n_ipd_j = int(30+(runiform()*(1000-30))) /*30~100 subjects for each primary study_j gadha*/
quietly set obs "n_ipd_j' /*how many people in each IPD study*/

gen x = (rnormal(‘p_x', ‘p_xsd')) /*x is age, centered X, doesn't affect beta and intercept is alpha!!*/
gen y = runiform() < invlogit(*alpha'+ ‘beta'*x) /*Thompson code*/

program define replic /*more work needed!!*/

local intercept_m "1

local intercept_v "2'

local slope "3’

local age_m *4'

local age_sd '5'

local nstudies °6'

local senario *7'

forvalues replic=1(1)Srepl { /* replication loop start from here*/

forvalues j= 1(1) nstudies'  { /*how mnay simulated IPD_i in each meta analysis*/
*call onestudy for IPD
IPD_j ‘intercept_m' ‘intercept_v' ‘slope' ‘age_m' ‘age_sd' /*code to simulate the Y and X using

program IPD_j*/

gen study_id="j' /*ID for each IPD_J data within one replication*/

1

tempfile ipd_‘replic' _'j'’ /*create a temporary file and save for each IPD_j in each replication*/
if 'j'>1 {
localj_former =j'-1
append using "C:\my thesis\middata\senario_'senario'ipd_'j_former"

"

/*append last saved file from study_2 within same replication*/

erase

"C:\my thesis\middata\senario_'senario'ipd_"j_former'.dta" /*remove the appended file*/

}/*for the */
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*save "C:\my thesis\middata\senario_‘senario'ipd_‘replic'_‘j'"", replace /*save all data,
removed*/

save "C:\my thesis\middata\senario_‘senario'ipd_'j'", replace
} /*end of loop for each meta analysis*/

****keep data for checking purpose
erase "C:\my thesis\middata\senario_‘senario'ipd_"nstudies'.dta"

gen replic_id = ‘replic' /*create ID variable for each replication*/

tempfile repl_ replic'
if “replic'>1 {
local repl_former ="replic'-1
append using
"C:\my thesis\middata\senario_‘senario'repl_‘repl_former'" /*append last saved file*/
erase
"C:\my thesis\middata\senario_‘senario'repl_‘repl_former'.dta"
}/*for the */
save "C:\my thesis\middata\senario_‘senario'repl_replic
*save replic_replic', replace
/*for code checking*/

m

, replace

if “replic'==Srepl {
save "C:\my thesis\data\senario_‘senario'", replace

} /*save the last file for permernant: senario 1 all replication*/

} /* end replication*/

****keep data for checking purpose
*erase "C:\my thesis\middata\senario_‘senario'repl_Srepl.dta" /*remove the last repl file*/

end

program two_step
local intercept_m "1
local intercept_v "2’
local slope "3’
local age_m *4'
local age_sd '5'
local nstudies "6'
local senario 7'

capture log close
capture log using "C:\my thesis\two_step\twostp_senario_‘senario', replace

tempname step2_result /*record all parameter and beta, se_beta value for each senario of each primary
study*/

capture postfile “step2_result' senario intercept_m intercept_v slope age_m age_sd n_studies beta se_beta
study replic using "C:\my thesis\two_step\two_step_result_senario'senario'", replace

forvalues replic = 1(1)Srepl { /*must change replic*/
forvalues ipd_j = 1(1) ‘nstudies’ {

capture quietly logit y x if replic_id == ‘replic'& study_id == "ipd_j'
if _rc==0{

local b_x=_b[x]
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local se_x = _se[x]

}
/*report problem dataset*/
if _rc>0{
di "problem data for 2stp is scenerio= " ‘senario' "
replication=""replic' " studyID="""ipd_j'

localb_x=.

localse_x =.

}

capture post ‘step2_result' (‘senario') (‘intercept_m') (‘intercept_v') (‘slope') (‘age_m')
(‘age_sd') (‘nstudies') (‘b_x') (‘se_x") (‘ipd_j') (‘replic') /*save parameter setting for each senario*/
} /*each meta-analysis loop*/
} /*replication loop*/

capture postclose ‘step2_result' /*close to save senario parameter*/

*** starting meta analysis beta for each senario***

*reading two-step results for each senario

use "C:\my thesis\two_step\two_step_result_senario'senario"" , Clear

drop if se_beta==0 |se_beta==. /*remove no variance data in Logit model*/

tempname step2_meta /*record all parameter and beta, se_beta value for each senario of each primary
study*/

capture postfile ‘step2_meta' senario intercept_m intercept_v slope age_m age_sd n_studies beta_mt se_mt
replic using "C:\my thesis\two_step\two_step_meta_senario'senario'", replace

forvalues replication = 1(1)Srepl {
capture quietly metan beta se_beta if replic=="replication', nograph notable

capture post ‘step2_meta' (‘senario') (‘intercept_m') (‘intercept_v') (‘slope') (‘age_m’')
("age_sd') (‘nstudies') ('r(ES)') (‘r(seES)") (‘replication')
}
postclose “step2_meta’
*** finish meta anlysis for senario and save file in two_step_meta_’senario'***

capture log close
end

program step_cluster
local intercept_m "1
local intercept_v "2’
local slope "3’
local age_m *4'
local age_sd '5'
local nstudies "6'
local senario 7'

capture log close
capture log using "C:\my thesis\step_cluster\cluster_senario_‘senario"", replace

tempname cluster_result /*record all parameter and beta, se_beta value for each senario of each primary
study*/

capture postfile “cluster_result' senario intercept_m intercept_v slope age_m age_sd n_studies beta_cls se_cls
replic using "C:\my thesis\step_cluster\cluster_result_senario’senario', replace

forvalues replic = 1(1)Srepl { /*must change replic*/

capture quietly logit y x if replic_id == ‘replic'
if _rc==0{

local b_x=_b[x]
local se_x = _se[x]
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/*report problem dataset*/
if _rc>0{
di "problem data for CLUSTER is scenerio="

‘senario' " replication="
“replic'

localb_x=.

localse_x =.

}

capture post ‘cluster_result' (‘senario') (‘intercept_m') (‘intercept_v') (‘slope') (‘age_m') (‘age_sd')
(‘nstudies') (‘b_x") (‘se_x') (‘replic') /*save parameter setting for each senario*/
} /*each meta-analysis loop*/
capture postclose “cluster_result' /*close to save senario parameter*/
capture log close

end

program step_dummy
local intercept_m "1'
local intercept_v "2'
local slope "3’
local age_m *4'
local age_sd '5'
local nstudies "6'
local senario 7'

capture log close
capture log using "C:\my thesis\step_dummy\dummy_senario_'senario'", replace

tempname dummy_result /*record all parameter and beta, se_beta value for each senario of each primary
study*/

capture postfile "dummy_result' senario intercept_m intercept_v slope age_m age_sd n_studies beta_dmy
se_dmy replic using "C:\my thesis\step_dummy\dummy_result_senario’senario'", replace

forvalues replic = 1(1)Srepl { /*must change replic*/
capture quietly xi: logit y x i.study_id if replic_id == "replic'
if _rc==0{

local b_x=_b[x]
local se_x = _se[x]

/*report problem dataset*/
if _rc>0{
di "problem data for DUMMY is scenerio="'

‘senario' " replication="
“replic'

localb_x=.

localse_x =.

}

post ‘dummy_result' (‘senario') (‘intercept_m') (‘intercept_v') (‘slope') (‘age_m') (‘age_sd')
(‘nstudies') (‘b_x") (‘se_x') (‘replic') /*save parameter setting for each senario*/
} /*each meta-analysis loop*/
postclose "dummy_result' /*close to save senario parameter*/

capture log close
end

**% conbine 3 results from one senario data
rogram conbin_result

local intercept_m "1

local intercept_v "2’
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local slope "3’
local age_m *4'
local age_sd '5'
local nstudies "6'
local senario 7'
use "C:\my thesis\two_step\two_step_meta_senario'senario', clear

merge 1:1 senario intercept_m intercept_v slope age_m age_sd n_studies replic using "C:\my
thesis\step_cluster\cluster_result_senario'senario', generate(frm_cls)
merge 1:1 senario intercept_m intercept_v slope age_m age_sd n_studies replic using "C:\my

thesis\step_dummy\dummy_result_senario’senario'",

save "C:\my thesis\result\result_senario_'senario', replace
/*remove mid-process files*/

End
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Appendix D3: Create 95% Cls and how many of the 1000 simulations
give a CI containing true value

gen lower_mt = beta_mt - (1.96*se_mt)

gen upper_mt = beta_mt + (1.96*se_mt)

genincluded mt=0

replace included_mt =1 if lower_mt <= & upper_mt>=f
gen lower_cls = beta_cls - (1.96*se_cls)

gen upper_cls = beta_cls + (1.96*se_cls)

genincluded cls=0

replace included_cls = 1 if lower_cls <= # & upper_cls >= 8
gen lower_dmy = beta_dmy - (1.96*se_dmy)

gen upper_dmy = beta_dmy + (1.96*se_dmy)

gen included_dmy =0

replace included_dmy =1 if lower_dmy <=0 & upper_dmy>=0
total included_mt included_cls included_dmy
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Appendix D4: Simulation results for n=10 studies for binary PF

Table D4.1: Simulation results for the pooled effect sizég8 three models of IPD meta-analysis,( two-step, one-step ignoring clustering and
one-step including indicator variable), with prevalence =0.5and the sample size with-in each study is between 30 to 1000 observations, with
the number of studies n=10 and 1000 simulations, the true values of the pooled effectsssrmy®n in the table; the standard errorfas O

and 0.25.

Scenarios  No. of Model Meta-analysis « prevalence True 8 Mean Bias percentage = MSE of Percentage = Mean
studies(n) model (s. e. of x) of B bias B coverage s.e. of
B
1 10 Model 2 Two-step -1.27(0) 0.5 0.9 0.90 0.00 -0.49 0.01 95.00 0.06
Model 6 Ignoring clustering -1.27(0) 0.5 0.9 0.89 -0.01 -1.48 0.01 94.30 0.06
Model 8 One-step including -1.27(0) 0.5 0.9 0.90 0.00 -0.14 0.01 94.90 0.06
indicator variable.
2 10 Model 2 Two-step -1.27(0) 0.5 0.1 0.10 0.00 1.28 0.01 95.00 0.10
Model 6 Ignoring clustering -1.27(0) 0.5 0.1 0.10 0.00 0.62 0.01 94.70 0.10
Model 8 One-step including -1.27(0) 0.5 0.1 0.10 0.00 1.80 0.01 94.70 0.10
indicator variable.
3 10 Model 2 Two-step -1.27(0) 0.5 0 0 0.00 NA 0.01 95.10 0.07
Model 6 Ignoring clustering -1.27(0) 0.5 0 0 0.00 NA 0.01 94.70 0.07
Model 8 One-step including -1.27(0) 0.5 0 0 0.00 NA 0.01 94.90 0.07
indicator variable.
4 10 Model 2 Two-step -1.27(0.25) 0.5 0.9 0.90 0.00 -0.17 0.01 95.10 0.09
Model 6 Ignoring clustering -1.27(0.25) 0.5 0.9 0.90 0.00 -0.11 0.01 95.20 0.09
Model 8 One-step including -1.27(0.25) 0.5 0.9 0.90 0.00 0.07 0.01 95.40 0.09
indicator variable.
5 10 Model 2 Two-step -1.27(0.25) 0.5 0.1 0.10 0.00 -2.65 0.01 95.40 0.06
Model 6 Ignoring clustering -1.27(0.25) 0.5 0.1 0.10 0.00 -2.63 0.01 95.50 0.06
Model 8 One-step including -1.27(0.25) 0.5 0.1 0.10 0.00 -2.48 0.01 95.30 0.06
indicator variable.
6 10 Model 2 Two-step -1.27(0.25) 0.5 0 0 0.00 NA 0.01 95.50 0.06
Model 6 Ignoring clustering -1.27(0.25) 0.5 0 0 0.00 NA 0.01 95.50 0.06
Model 8 One-step including -1.27(0.25) 0.5 0 0 0.00 NA 0.01 95.40 0.06

indicator variable.
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Table D4.2: Simulation results for the pooled effect sizef@ three models of IPD meta-analyses (two-step, one-step ignoring clustering and
one-step including indicator variable), with prevalence=0.2 and the sample size with-in each study is between 30 to 1000 observations, with the
number of studies n=10 and 1000 simulations, the true values of the pooled effecis&®yi/n in the table; the standard error fas & and

0.25.

Scenarios No. of Model Meta-analysis 4 Prevalence True Mean Bias percentage MSE Percentage @ Mean
studies(n) model (s. e of x) B of B bias of B coverage s.e. of
B
7 10 Model 2 Two-step -1.27(0) 0.2 0.9 0.89 -0.01 -0.63 0.01 94.80 0.08
Model 6 Ignoring clustering -1.27(0) 0.2 0.9 0.90 0.00 0.12 0.01 94.30 0.08
Model 8 One-step including -1.27(0) 0.2 0.9 0.90 0.00 0.29 0.01 94.40 0.08
indicator variable.
8 10 Model 2 Two-step -1.27(0) 0.2 0.1 0.10 0.00 -2.52 0.01 95.90 0.07
Model 6 Ignoring clustering -1.27(0) 0.2 0.1 0.10 0.00 -1.87 0.01 95.60 0.07
Model 8 One-step including -1.27(0) 0.2 0.1 0.10 0.00 -1.76 0.01 95.60 0.07
indicator variable.
9 10 Model 2 Two-step -1.27(0) 0.2 0 0.00 0.00 NA 0.01 95.00 0.07
Model 6 Ignoring clustering -1.27(0) 0.2 0 0.00 0.00 NA 0.01 94.80 0.07
Model 8 One-step including -1.27(0) 0.2 0 0.00 0.00 NA 0.01 94.80 0.07

indicator variable.

10 10 Model 2 Two-step -1.27(0.25) 0.2 0.9 0.90 0.00 0.30 0.01 95.20 0.08
Model 6 Ignoring clustering -1.27(0.25) 0.2 0.9 0.90 0.00 -1.18 0.01 94.20 0.08
Model 8 One-step including -1.27(0.25) 0.2 0.9 0.90 0.00 0.11 0.01 94.90 0.08

indicator variable.
11 10 Model 2 Two-step -1.27(0.25) 0.2 0.1 0.11 0.01 10.45 0.01 95.30 0.11
Model 6 Ignoring clustering -1.27(0.25) 0.2 0.1 0.10 0.00 -0.52 0.01 95.20 0.10
Model 8 One-step including -1.27(0.25) 0.2 0.1 0.10 0.00 0.39 0.01 95.40 0.10

indicator variable.

10 10 Model 2 Two-step -1.27(0.25) 0.2 0 0.01 0.01 NA 0.01 95.50 0.09
Model 6 Ignoring clustering -1.27(0.25) 0.2 0 0.00 0.00 NA 0.01 94.70 0.09
Model 8 One-step including -1.27(0.25) 0.2 0 0.00 0.00 NA 0.01 95.20 0.09

indicator variable.
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Table D4.3: Simulation results for the pooled effect size, Bor three models of IPD meta-analyses (two-step, one-step ignoring clustering and
one-step including indicator variable, with prevalence =0.2 and the sample size with-in each study is between 30 to 1000 observations, with the
number of studies n=10 and 1000 simulations, the standard erpoiddr.5.

Scenarios No. of Model Meta-analysis 4 Prevalence True Mean Bias percentage = MSE of Percentage  Mean
studies(n) model (s.e. of x) B of B bias B coverage s.e.of B
13 10 Model 2 Two-step -1.27(1.5) 0.2 0.9 0.90 0.00 -0.33 0.01 95.90 0.09
Model 6 Ignoring clustering -1.27(1.5) 0.2 0.9 0.67 -0.23 -25.57 0.07 23.50 0.07
Model 8 One-step including -1.27(1.5) 0.2 0.9 0.90 0.00 -0.23 0.01 96.10 0.09
indicator variable.
14 10 Model 2 Two-step -1.27(1.5) 0.2 0.1 0.11 0.01 10.39 0.01 94.50 0.09
Model 6 Ignoring clustering -1.27(1.5) 0.2 0.1 0.08 -0.02 -23.89 0.01 93.70 0.08
Model 8 One-step including -1.27(1.5) 0.2 0.1 0.10 0.00 0.29 0.01 94.00 0.09
indicator variable.
15 10 Model 2 Two-step -1.27(1.5) 0.2 0 0.01 0.01 NA 0.02 94.70 0.09
Model 6 Ignoring clustering -1.27(1.5) 0.2 0 0.00 0.00 NA 0.02 94.40 0.08
Model 8 One-step including -1.27(1.5) 0.2 0 -0.01 -0.01 NA 0.02 94.20 0.09
indicator variable.
16 10 Model 2 Two-step -1.27(1.5) 0.5 0.9 0.86 -0.04 -4.44 0.04 96.70 0.21
Model 6 Ignoring clustering -1.27(1.5) 0.5 0.9 0.67 -0.23 -25.56 0.09 71.80 0.17
Model 8 One-step including -1.27(1.5) 0.5 0.9 0.91 0.01 1.11 0.04 96.10 0.21
indicator variable.
17 10 Model 2 Two-step -1.27(1.5) 0.5 0.1 0.10 0.00 0.00 0.04 96.3 0.22
Model 6 Ignoring clustering -1.27(1.5) 0.5 0.1 0.08 -0.02 -20.00 0.03 95.6 0.18
Model 8 One-step including -1.27(1.5) 0.5 0.1 0.11 0.01 10.00 0.04 94.7 0.21
indicator variable.
18 10 Model 2 Two-step -1.27(1.5) 0.5 0 -0.01 -0.01 NA 0.04 96.50 0.22
Model 6 Ignoring clustering -1.27(1.5) 0.5 0 0.00 0.00 NA 0.03 95.70 0.18
Model 8 One-step including -1.27(1.5) 0.5 0 -0.01 -0.01 NA 0.04 95.20 0.21

indicator variable.
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Table D4.4: Smulation results for the pooled effect sizefg three models of IPD meta-analysis, two-step, one-step ignoring clustering and
one-step including indicator variable, with prevalence =0.5and the sample size with-in each study is between 30 to 100 observations, with the
number of studies n=10 and 1000 simulations, the true values of the pooled effecis&@o@n in the table; the standard error fos &

and 0.25.

Scenarios  No. of Model Meta-analysis [d prevalence Mean B Bias percentage MSE of Percentage Mean
studies( model (s. e. of x) of B bias B coverage s.e. of
n) B
1 10 Model 2 Two-step -1.27(0) 0.5 0.90 0.9 0.00 -0.18 0.03 95.90 0.17
Model 6 Ignoring clustering -1.27(0) 0.5 0.91 0.9 0.01 0.50 0.03 95.90 0.17
Model 8 One-step including -1.27(0) 05 0.92 0.9 0.02 1.97 0.03 95.00 0.17
indicator variable.
2 10 Model 2 Two-step -1.27(0) 0.5 0.10 0.10 0.00 3.73 0.03 95.9 0.16
Model 6 Ignoring clustering -1.27(0) 0.5 0.11 0.10 0.01 4,95 0.03 95.7 0.16
Model 8 One-step including -1.27(0) 05 0.11 0.10 0.01 5.90 0.03 95.5 0.16
indicator variable.
3 10 Model 2 Two-step -1.27(0) 0.5 0.00 0 0.00 NA 0.03 96.50 0.16
Model 6 Ignoring clustering -1.27(0) 0.5 0.00 0 0.00 NA 0.03 96.70 0.16
Model 8 One-step including -1.27(0) 05 0.00 0 0.00 NA 0.03 95.80 0.16
indicator variable.
4 10 Model 2 Two-step -1.27(0.25) 0.5 0.88 0.9 -0.03 -2.77 0.03 96.30 0.17
Model 6 lgnoring clustering  -1.27(0.25) 8-? 0.89 0.9 -0.01 -1.57 0.03 95.50 0.18
Model 8 One-step including -1.27(0.25) ’ 0.91 0.9 0.01 0.85 0.03 95.30 0.18
indicator variable.
5 10 Model 2 Two-step -1.27(0.25) 0.5 0.10 0.10 0.00 -2.45 0.04 95.90 0.20
Model 6 Ignoring clustering -1.27(0.25) 0.5 0.10 0.10 0.00 1.25 0.04 95.10 0.19
Model 8 One-step including  -1.27(0.25) 9 0.10 010  0.00 3.19 0.04 94.50 0.19
indicator variable.
6 10 Model 2 Two-step -1.27(0.25) 0.5 -0.01 0 -0.01 NA 0.04 96.70 0.20
Model 6 Ignoring clustering -1.27(0.25) 0.5 -0.01 0 -0.01 NA 0.04 94.90 0.19
Model 8 One-step including -1.27(0.25) 05 0.01 0 0.01 NA 0.04 95.20 0.20

indicator variable.

Table D4.5: Simulation results for the pooled effect sizef@ three models of IPD meta-analyses (two-step, one-step ignoring clustering and
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one-step including indicator variable, with prevaler0.2 and the sample size with-in each study is between 30 to 100 observations, with the
number of studies n=10 and 1000 simulations, the true values of the pooled effectisigeg#vn in the table; the standard errorcfas 0O
and 0.25.

Scenarios No. of Model Meta-analysis 4 Prevalence Mean True Bias percentage MSE Percentage @ Mean
studies(n) model (s.e of x) of B B bias of B coverage s.e. of
B
7 10 Model 2 Two-step -1.27(0) 0.2 0.89 0.9 -0.01 -0.63 -7.15 94.80 0.08
Model 6 Ignoring clustering -1.27(0) 0.2 0.90 0.9 0.00 0.12 1.36 94.30 0.08
Model 8 One-step including -1.27(0) 0.2 0.90 0.9 0.00 0.29 3.24 94.40 0.08
indicator variable.
8 10 Model 2 Two-step -1.27(0) 0.2 0.10 0.10 0.00 -2.52 -3.63 95.90 0.07
Model 6 Ignoring clustering -1.27(0) 0.2 0.10 0.10 0.00 -1.87 -2.68 95.60 0.07
Model 8 One-step including -1.27(0) 0.2 0.10 0.10 0.00 -1.76 -2.52 95.60 0.07
indicator variable.
9 10 Model 2 Two-step -1.27(0) 0.2 0.00 0 0.00 NA -0.52 95.00 0.07
Model 6 Ignoring clustering -1.27(0) 0.2 0.00 0 0.00 NA -0.26 94.80 0.07
Model 8 One-step including -1.27(0) 0.2 0.00 0 0.00 NA -3.17 94.80 0.07

indicator variable.

10 10 Model 2 Two-step -1.27(0.25) 0.2 0.90 0.9 0.00 0.30 0.01 95.20 0.08
Model 6 Ignoring clustering -1.27(0.25) 0.2 0.90 0.9 0.00 -1.18 0.01 94.20 0.08
Model 8 One-step including -1.27(0.25) 0.2 0.90 0.9 0.00 0.11 0.01 94.90 0.08

indicator variable.
11 10 Model 2 Two-step -1.27(0.25) 0.2 0.11 0.1 0.01 10.45 0.01 95.30 0.11
Model 6 Ignoring clustering -1.27(0.25) 0.2 0.10 0.1 0.00 -0.52 0.01 95.20 0.10
Model 8 One-step including -1.27(0.25) 0.2 0.10 0.1 0.00 0.39 0.01 95.40 0.10

indicator variable.

10 10 Model 2 Two-step -1.27(0.25) 0.2 0.01 0 0.01 NA 0.01 95.50 0.09
Model 6 Ignoring clustering -1.27(0.25) 0.2 0.00 0 0.00 NA 0.01 94.70 0.09
Model 8 One-step including -1.27(0.25) 0.2 0.00 0 0.00 NA 0.01 95.20 0.09

indicator variable.
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Table D4.6: Simulation results for the pooled effect size, for three models of IPD meta-analyses (two-step, one-step ignoring clustering and one-
step including indicator variable, with prevalence =0.2 and the sample size with-in each study is between 30 to 100 observations, with the
number of studies n=10 and 1000 simulations, the standard erpoiddr.5.

Scenarios No. of Model Meta-analysis 4 Prevalence Mean True Bias percentage MSE of Percentage  Mean
studies(n) model (s.e. of x) of B B bias B coverage s.e. of
B
13 10 Model 2 Two-step -1.27(1.5) 0.2 0.91 0.9 0.01 0.88 0.06 97.20 0.26
Model 6 Ignoring clustering -1.27(1.5) 0.2 0.67 0.9 -0.23 -25.65 0.10 78.50 0.21
Model 8 One-step including -1.27(1.5) 0.2 0.92 0.9 0.02 2.06 0.06 95.10 0.25
indicator variable.
14 10 Model 2 Two-step -1.27(1.5) 0.2 0.19 0.1 0.09 91.34 0.07 95.80 0.28
Model 6 Ignoring clustering -1.27(1.5) 0.2 0.08 0.1 -0.02 -22.30 0.05 95.60 0.22
Model 8 One-step including -1.27(1.5) 0.2 0.10 0.1 0.00 3.29 0.07 95.20 0.26
indicator variable.
15 10 Model 2 Two-step -1.27(1.5) 0.2 0.10 0 0.10 NA 0.08 95.60 0.28
Model 6 Ignoring clustering -1.27(1.5) 0.2 0.00 0 0.00 NA 0.05 95.00 0.23
Model 8 One-step including -1.27(1.5) 0.2 0.00 0 0.00 NA 0.07 95.10 0.27

indicator variable.

16 10 Model 2 Two-step -1.27(1.5) 0.5 0.89 0.9 -0.01 1.11 0.01 94.00 0.07
Model 6 Ignoring clustering -1.27(1.5) 0.5 0.67 0.9 -0.23 -25.56 0.06 14.80 0.06
Model 8 One-step including -1.27(1.5) 0.5 0.90 0.9 0.00 0.00 0.00 93.90 0.07

indicator variable.

17 10 Model 2 Two-step -1.27(1.5) 0.5 0.10 0.1 0.00 0.00 0.00 96.00 0.07
Model 6 Ignoring clustering -1.27(1.5) 0.5 0.07 0.1 -0.03 -30.00 0.01 93.00 0.06
Model 8 One-step including -1.27(1.5) 0.5 0.10 0.1 0.00 0.00 0.01 95.90 0.07

indicator variable.

18 10 Model 2 Two-step -1.27(1.5) 0.5 0.00 0 0.00 NA 0.01 94.10 0.07
Model 6 Ignoring clustering -1.27(1.5) 0.5 0.00 0 0.00 NA 0.00 94.70 0.06
Model 8 One-step including -1.27(1.5) 0.5 0.00 0 0.00 NA 0.01 94.00 0.07

indicator variable.
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Appendix D5: Simulation results for n=10 studies forcontinuous PF

Table D5.1: Simulation results for the pooled effect Sizég8 three models of IPD meta-analysis, two-step, one-step ignoring clustering and
one-step including indicator variable, mean age is 4 with standard deviation 1.5 and the sample size with-in each study is between 30 to 100
observations, with the number of studies n=10 and 100 simulations, the true values of the pooled effeit skemy# in the table; the

standard error fox is 0.2 and 1.5.

Scenarios  No. of Model Meta-analysis 4 Mean B Bias percentage MSE of Percentage Mean
studies(n) model (s. e. of x) of B bias B coverage s.e. of
B
1 10 Model 2 Two-step -2.1(0.2) 0.29 0.30 -0.006 -2.16 0.00 97.27 0.06
Model 6 Ignoring clustering -2.1(0.2) 0.30 0.30 0.000 -0.05 0.00 96.71 0.06
Model 8 One-step including -2.1(0.2) 0.31 0.30 0.007 2.25 0.00 96.85 0.06
indicator variable.
2 10 Model 2 Two-step -2.1(0.2) 0.10 0.10 0.002 1.68 0.00 95.59 0.04
Model 6 Ignoring clustering -2.1(0.2) 0.10 0.10 0.002 1.72 0.00 95.68 0.04
Model 8 One-step including -2.1(0.2) 0.10 0.10 0.002 2.26 0.00 95.41 0.04
indicator variable.
3 10 Model 2 Two-step -2.1(0.2) 0 0 0 NA 0.01 96.60 0.09
Model 6 Ignoring clustering -2.1(0.2) 0 0 0 NA 0.01 95.40 0.09
Model 8 One-step including -2.1(0.2) 0 0 0 NA 0.01 95.30 0.09
indicator variable.
4 10 Model 2 Two-step -2.1(1.5) 0.29 0.30 -0.01 -3.38 0.00 96.50 0.07
Model 6 Ignoring clustering -2.1(1.5) 0.22 0.30 -0.08 -25.57 0.01 72.10 0.06
Model 8 One-step including -2.1(1.5) 0.30 0.30 0.00 1.42 0.01 94.90 0.07
indicator variable.
5 10 Model 2 Two-step -2.1(1.5) 0.09 0.10 -0.01 -5.50 0.01 97.40 0.08
Model 6 Ignoring clustering -2.1(1.5) 0.08 0.10 -0.02 -24.37 0.00 94.80 0.07
Model 8 One-step including -2.1(1.5) 0.10 0.10 0.00 -0.53 0.01 95.70 0.08
indicator variable.
6 10 Model 2 Two-step -2.1(1.5) 0.00 0 0.00 NA 0.01 97.40 0.08
Model 6 Ignoring clustering -2.1(1.5) 0.00 0 0.00 NA 0.01 94.90 0.07
Model 8 One-step including -2.1(1.5) 0.00 0 0.00 NA 0.01 96.70 0.08

indicator variable.
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Table D5.2:Simulation results for the pooled effect siz€fg# three models of IPD meta-analysis, two-step, one-step ignoring clustering and
one-step including indicator variable, mean age is 4 with standard deviation 1.5 and the sample size with-in each study is between 30 to 100
observations, with the number of studies n=10 and 1000 simulations, the true values of the pooled effeist simey@ in the table; the

standard error fox is 0.2 and 1.5.

Scenarios  No. of Model Meta-analysis « Mean B Bias percentage = MSE of Percentage @ Mean
studies(n) model (s. e. of x) of B bias B coverage s.e. of
B
1 10 Model 2 Two-step -2.1(0.2) 0.30 0.30 0.00 0.02 0.00 94.8 0.02
Model 6 Ignoring clustering -2.1(0.2) 0.30 0.30 0.00 -0.36 0.00 94.7 0.02
Model 8 One-step including -2.1(0.2) 0.30 0.30 0.00 0.56 0.00 94.4 0.02
indicator variable.
2 10 Model 2 Two-step -2.1(0.2) 0.10 0.10 0.00 0.77 0.00 95.8 0.03
Model 6 Ignoring clustering -2.1(0.2) 0.10 0.10 0.00 0.67 0.00 95.9 0.03
Model 8 One-step including -2.1(0.2) 0.10 0.10 0.00 1.36 0.00 95.8 0.03
indicator variable.
3 10 Model 2 Two-step -2.1(0.2) 0.00 0.00 0.00 NA 0.00 95.6 0.03
Model 6 Ignoring clustering -2.1(0.2) 0.00 0.00 0.00 NA 0.00 95.3 0.03
Model 8 One-step including -2.1(0.2) 0.00 0.00 0.00 NA 0.00 95.5 0.03
indicator variable.
4 10 Model 2 Two-step -2.1(1.5) 0.30 0.30 0.00 -0.28 0.00 94.10 0.02
Model 6 Ignoring clustering -2.1(1.5) 0.23 0.30 -0.07 -24.97 0.01 18.60 0.02
Model 8 One-step including -2.1(1.5) 0.30 0.30 0.00 0.27 0.00 93.30 0.02
indicator variable.
5 10 Model 2 Two-step -2.1(1.5) 0.10 0.10 0.00 -2.76 0.00 95.20 0.03
Model 6 Ignoring clustering -2.1(1.5) 0.08 0.10 -0.02 -23.75 0.00 79.10 0.02
Model 8 One-step including -2.1(1.5) 0.10 0.10 0.00 -2.18 0.00 95.20 0.03
indicator variable.
6 10 Model 2 Two-step -2.1(1.5) 0.00 0.00 0.00 NA 0.00 94.70 0.03
Model 6 Ignoring clustering -2.1(1.5) 0.00 0.00 0.00 NA 0.00 94.60 0.03
Model 8 One-step including -2.1(1.5) 0.00 0.00 0.00 NA 0.00 94.50 0.03

indicator variable.
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Appendix E
Appendix E1: STATA code for possible FP IPD meta-analysis models

Two-step model

FP1 IPD meta-analysis of logistic regression model

fracgenage-2-1-05005123

logit dead agel0 1
logit dead agel0 2
logit dead agel0 3
logit dead agel0_4
logit dead agel0 5
logit dead agel0 6
logit dead agel0 7
logit dead agel0_8

Then | selected the best model that has the highest sum Chi-square statistics for the 4 IPD
meta-analysis and | applied the second step of meta-analysis by using fixed effect methods to
estimate the pooled effect size of the PF(age), gives as

.metan beta s.e. (beta)

One-step model

\\Accounting for the clustering of patients within-studies by using indicator variables for the
studies with Fractional polynomial model with power=1\\

fracpoly logit dead agel0O f11 f12 f13 f14 , nocons degree(1l) log center(no) noscaling
compare

\\Accounting for the clustering of patients within-studies by using indicator variables for the
studies with Fractional polynomial model with power=2\\

fracpoly logit dead f11 f12 f13 f14 agel0, nocons degree(2) compare
fracplot age, msize(small)
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Appendix F
Appendix F1: STATA code for possible FP IPD meta-analysis models

Contour funnel plot

confunnel coef se, legend(pos(6))

Cumulative meta-analysis forest plot

metacum coef se,lcols(samplesize cumulative standard error)

Eqgger’s test: Small —study effect

metabias coef lose, egger
or,
regress coef se, [aweight=1/var]

Orginal Eqger test:

regress coef var[aweight=1/var]
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