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ABSTRACT

Adjusting for the baseline risk is of interest in meta-analysis as a potential source of
heterogeneity because it is a proxy for unmeasured but important patient-level characteristics
which may be modifiers of treatment effect. This is problematic when the observed event rate
in the placebo arm is taken as the baseline risk measure because of the measurement error in
the covariate. If this error is not accounted for, a biased estimate of the relationship could be
obtained. Models to address this problem have been presented in the literature for pairwise
meta-analysis. Our objective is to extend these methods to network meta-analysis (NMA)
where it is of interest to adjust for baseline imbalances in the non intervention group event rate
in order to reduce heterogeneity and possibly inconsistency. This objective is complicated in
NMA by this covariate being sometimes missing, due to the fact that not all studies in a
network may have a non-active intervention arm. A random effects meta-regression model
allowing for inclusion of multi-arm trial and trials without a ‘non intervention’ arm is
developed. Analyses are conducted within a Bayesian framework using the WinBUGS
Software. The method is illustrated using two examples: i) Interventions to promote functional
smoke alarm ownership by households with children and ii) Analgesics to reduce post-
operative morphine consumption following a major surgery. The results showed no evidence
of baseline effect in the smoke alarm example but the analgesics example shows the adjustment

can greatly reduce heterogeneity and improve overall model fit.

Key words: network meta-analysis; mixed treatment comparison; baseline risk; underlying
risk; MCMC; meta-regression



1 INTRODUCTION

In meta-analyses of clinical trials, differences in patient or trial/study level characteristics often
give rise to variation in treatment effect estimates between studies also called heterogeneity [3].
Between study variance in the treatment effects is usually taken into account through including
a parameter for the residual heterogeneity in a random effects meta-analysis [3, 5]. A random
effects model quantifies the degree of heterogeneity but does not explain it. To explain the
source of the heterogeneity, patient and study level characteristics are sometimes included in
the analysis as covariates [3, 5]. A trial-level covariate of interest as a possible source of
heterogeneity is the ‘baseline risk’ or the underlying risk of the disease. The baseline risk
reflects the burden of disease in a study population and defines the average risk of a patient to
experience the outcome of interest if they have not been treated [7]. It is potentially an
important proxy for a number of unmeasured (and even measured) patient-level characteristics
such as age, sex, medical history and disease severity that collectively influence a patient’s
response to treatment [6]. In addition to heterogeneity, baseline imbalances between trials may
also give rise to inconsistency (i.e. variability in the treatment effect between pair-wise
contrasts [9] in a network meta-analysis (NMA)). Therefore, adjusting for it may have the
benefit of reducing both heterogeneity and inconsistency in NMA and improve the overall

model fit.

Various measures have been used for the baseline risk in meta-analyses. Examples include the
observed event rate in the placebo or non-active intervention arm, the observed placebo arm
log odds and the average of the observed event rates in the placebo and treatment arms [1, 11,
12]. However, including observed measures of baseline risk in a meta-regression can be
problematic because of the measurement error in both response (i.e. treatment effect) and
explanatory variables and functional relationship between the two [6]. The problem has

received considerable attention in the literature with several authors proposing alternative



model based solutions. Examples include the methods of Mclintosh [2], Walter [1], Thomson et
al. [6], Sharp and Thomson [8], Arends et al. [10] and van Houwelingen et al. [4]. However,
these methods are directly applicable mainly in pairwise meta-analysis. Our objective is to
extend these methods to network meta-analysis (NMA) where it may be of interest to adjust for
baseline imbalance in the underlying event risk across studies. The main reason for doing this
would be reduce between-study heterogeneity and possible inconsistency in the direct and
indirect trial evidence on pairwise comparisons. This objective is complicated by missing data,
due to the fact that not all studies in a network may have a placebo or non-active treatment

control, and thus an observed covariate value.

A review of the pair-wise meta-analysis methods for investigating the relationship between
treatment effect and baseline risk is presented in Section 2. In Section 3, we present an
approach which primarily extends the methods of Thompson et al. [6, 8] and Arends et al. [10]
from pair-wise to NMA where it is of interest to adjust for the baseline risk. The method we
present compliments previous general multivariate meta-regression models suggested for NMA
(see Cooper et al. [9], Salanti et al. [13, 14], Dias et al. [15]and Stijnen et al. [16]) by allowing
for i) alternative distributional assumptions to be made about the nature of the true unobserved
baseline risk measure, and ii) the inclusion of trials without a non-active treatment control and
hence no baseline risk measure whilst allowing for the treatment X covariate interactions
to be exchangeable or even different (i.e. as many regression coefficients as there are treatment
effects). Section 4 presents application of the method to two recently published NMAs [17,
18]. The first example has a binary outcome and examines effectiveness of home safety
education interventions to promote ownership of functional smoke alarm in households with
children [17]. The second example has a continuous outcome measure and examines the

effectiveness of analgesic treatments in reducing post-operative morphine consumption in adult



patients following major surgery [18]. In Section 5, we discuss the results and findings from the

example datasets followed by the strengths and limitations of the approach outline in this paper.

2 REVIEW OF BASELINE RISK MODELS FOR PAIR-WISE META-ANALYSIS

Sharp and Thomson [8] and Arends et al. [10] both present good introductions to baseline risk
adjustment and detailed review of available methods for pair-wise meta-analysis. We have
summarised important features of six of the methods that we consider most relevant to our
modelling approach for NMA in table 1. A common feature in these methods is to model the
relationship of interest in three parts, although this was only stated explicitly in Arends et al.
[10]. This involves specifying in any order i) an appropriate likelihood for the data, ii) a
regression model relating the true treatment effect as explanatory variable and the true baseline

risk as the covariate and iii) a model for the distribution of the baseline risk across studies [10].

Differences between approaches have mostly arisen from slightly different strategies adopted
for each part of the model. For example, Thompson et al. [6] Arends et al. [10] and Sharp and
Thompson [8] assumed a binomial likelihood for a binary outcome whereas Mclintosh [2],
Walter [1] and van Houwelingen et al. [4] used normal distribution to model a binary outcome
measure (e.g. log odds or log odds ratio). Approximating a log odds ratio with a normal
distribution can be mathematically and computationally convenient but the normality
assumption may be inappropriate if there are trials in the meta-analysis with zero or small
numbers of events [8]. Secondly, except for the method of Walter [1], all the other methods
assumed a random study-specific effects. Walter’s [1] model is fixed effect in that no
allowance is made for any residual heterogeneity other than that explained by the baseline risk,
although we believe expecting residual heterogeneity is more realistic in most applications

where it is of interest to adjust for the baseline risk.



Finally, the approaches outlined in table 1 make different assumptions about the distribution of
the true unobserved baseline risk across studies [2, 19]. Whilst some models assumed a vague
or minimally informative normal prior distribution (e.g. Thompson et al. [6], Sharp and
Thompson [8] and also in Arends et al. [10]); a common parametric formulation is to assume
that the baseline risk is normally distributed across trials as in MclIntosh [2], van Houwelingen
et al. [4] and also Arends et al. [10]. Additionally, Arends et al. [10] also proposed a more
flexible model for the distribution of the baseline risk comprising a mixture of two normal
distributions with different means but common between-study variance. Whether or not to
assume a model for the baseline risk is a much debated issue with as yet no clear consensus
among methodologists [4, 8, 10, 20]. More recently, Ghidey et al. [19, 21] proposed semi-
parametric models for the distribution of the baseline risk as well as models that do not make
any distributional assumptions. In the next section, we aim to develop methods for the baseline
risk adjustment in NMA that incorporate the different assumptions about the baseline risk
distribution across studies in order to assess the effect of these assumptions on parameter

estimates.

3 NETWORK META-ANALYSIS WITH BASELINE RISK COVARIATE

3.1 Network meta-analysis model with no covariate adjustment

Suppose in a meta-analysisof i = 1, 2, ...., N trials, we have k = A,B,C, ---,NT treatments
being compared with one another where NT is the total number of treatments. Take treatment A
as the overall baseline or reference treatment of the entire network. For a binary outcome, we
assume r;;, events occur out of n;;, patients in treatment arm k of trial i according to a binomial
distribution with underlying event probability p;,. Standard random effects NMA for a binary

outcome with no covariate can be specified using logistic regression fellows [22, 23]:

ric~Binomial(p;,, ny) with 8;, = logit(p;y);



g, = {Mib k=b; be{AB,C,} Equation (1)
th = Mib+6l'bk k>b, bE{A,B,C,}

Sipke = dpk + €ipx With g~ N (0, 03y)
Note: daa=0, k > b implies treatment k comes alphabetically after b
where 6;;, is a continuous measure of the treatment effect in arm k of trial i (log odds in the
case of a binary outcome), u;;, is the effect of baseline treatment b (log odds) in trial i and &;;,
denote a random effect indicating that the trial-specific effects (log odds ratios) of treatment k
relative to b, dipk , are normally distributed with mean dux and between-study variance o,. The
fundamental assumption underlying random effects network meta-analysis is that the
treatments effects are exchangeable across the entire network of trials regardless of whether or
not treatments b and k are included in trial i [24]. Validity of this assumption means that the
pooled treatment effects, d;, can further be expressed as functions of basic parameters taken
with reference to treatment A, (i.e. dy, = dax — dap) [25]. Effect estimates from trials with
more than 2 treatment groups will be correlated through sharing a common comparator

treatment. The correlation is taken into account by assuming homogenous variances (o2, =

0?) so that the covariance is equal to 072 (Lu and Ades 2004 [23]). Alternatively,

heterogeneous variance models have also been proposed (see Lu and Ades, 2007 [26]).
Modelling is conducted within the framework of Bayesian analysis using Markov chain Monte
Carlo simulation through the WinBUGS software [27] with minimally informative prior

distributions specified for dy, up, ando.

3.2 Extending the network meta-analysis to include a covariate for the baseline risk
Using the true but unobserved non-active control or placebo group log-odds, u;, (i.e. for b =
treatment A) in trial i as a measure of the baseline risk, the trial-specific treatment effects in

equation (1) can be made to depend on the baseline risk through the following regression:



ik = dpi + Box(Wia — ) + Eip; €~ N(O, ) Equation (2)

Note: daa, B4 =0

where &8;p,, and a2 are defined as in equation (1), d,, is mean effect of treatment k relative to
baseline treatment b adjusted for the baseline risk and 3, is the change in the log odds ratio of
an event per unit change in the baseline risk for treatment k relative to b at the mean baseline
risk across trials. We centred the baseline risk covariate on i, the observed mean log odds in
the non-active control group (treatment A) to improve convergence of the model (Draper et al,
1998, [28]; page 27). For trials with an active treatment control (baseline treatment b # 4), we
make use of the substitution dj, = d4, — dy4p Under consistency of evidence arising from the
exchangeability assumption [25] to express equation (2) as:
Sivie = (dax — dap) + (Bax — Bar) X (Hia — ) + €
Equation (3)
gipk~ N (O, opy)

All variables in equation (3) have the same interpretation as in the previous equations.
Although treatment A is not actually included in trial i of equation (3), the fundamental
assumption on exchangeability means that treatment arms can be assumed to be missing at
random without loss to efficacy [25, 29]. This allows us to imagine that there would still be a
baseline risk in trials without treatment A and thus, borrow strength from other trials.
Therefore, no new parameters are needed for including for example a B versus C trial, and all
other aspects of the model will remain the same. For multi-arm trials, the model takes the form
of a multivariate regression to accommodate the within-study correlations between effect
estimates arising from such trials. The multivariate form of equation (2) with bold characters

denoting vectors and matrices is given by:

Si = xiﬁ +&; &~ MVN(O, Z) Equation (4)



where &; with elements §; 1, 8; 5, -, 6;nr,—1 fOr trial i is now a vector of relative effects (e.g.
log odds ratios), NT;_; is the total number of treatment effects in trial i, &; is a vector of
random effects associated with trial i and X is a variance-covariance matrix (as defined for the
network in equation (5) below). The design matrix x; contain the covariate information with
entries indicating the treatment effects being estimated in trial i and B is a vector of regression
coefficients including the intercept and slope terms [30]. Following Salanti et al[13] as an
example, consider a network of 4 trials with three treatments A, B and C in which trial 1 is AB
(i.e. A versus B), trial 2 is AC, trial 3 is ABC and trial 4 is BC (i.e. no non-active control). With
treatment A taken as the overall baseline treatment, assuming homogenous variances

(i.e. o, = 0?), equation (4) can be written in full for this network as:

51,43\ / 1 0 Hia — I 0 \ d /51AB
02, 0 1 0 Haa — 1 dAB €2,4c .
| 305 |=]| 1 0 msa—£ 0o | ﬁAC €345 | Equation (5)
\63,AC/ 0 1 0 Uza — /i/ ﬁAB &3, AC
84Bc -1 1 —(laa—H) Maa—R Ac €s, BC

€1,48 0 g2 0 O 0
52,AC\‘ 0\‘ 0 o2 0 0 w
€348 |~N 0|, =10 O o? 0
€3,4C 0 0 0 o2%2/2 2 0
€4,BC 0 0 O 0 0 o?

where B = (dag duc Bap Bac) T is the 4 x 1 matrix of regression coefficients representing
the pooled effects of treatments B and C relative to treatment A and the effect of baseline risk
on treatment effect estimates. All that remains is to specify models for the distribution of the
true baseline risk across trials and distribution of the regression coefficients. These are

presented in the next section.

3.3 Models for the baseline risk and treatment x covariate interactions
As stated in the review of previous model (section 2), there is no consensus in the literature

about what form of distribution the baseline risk should take. We therefore follow the example
9



in Arends et al. [10] to specify models based on three different assumptions about the

distribution of the baseline risk as follows:

1. Model 1 assumes that baseline risk is independent or unconstrained so that each trial has
its own baseline risk measure. This is equivalent to specifying a vague normal prior
distribution for the baseline risk across trials; u; 4~ N(0, 10%)

2. Model 2 assumes that the baseline risk across trials is drawn from a normal distribution
with common mean and between-study variance; u; 4~ N(ﬁ, oj). Prior distributions are
specified for g and 6,; g~ N(0, 10%)and g, ~ Uniform(0,10)

3. Model 3 assumes the baseline risk is drawn from a mixture of two normal distributions
but a common between-study variance; p; s~p;N(fzy, 02) + (1 — p1)N(@t5,02) with
prior distributions: i, i, ~ N(0, 10%); g, ~ Uniform(0,10);

p1 ~ddirch(a, =1);c=1,2.

Similar to the models for the distribution of the baseline risk, we also specify models for the

interaction terms based on the following three assumptions described in Cooper et al. [9]:

A. Common effect treatment X covariate interactions; f,x = B; B~ N(0, 103)
B. Exchangeable treatment X covariate interactions; S~ N(B, o2); B~ N(0, 10%)
and og~ Uniform(0,10) and

C. Independent or unrelated treatment X covariate interactions; Bax~ N(0, 103)

Therefore, a total of 9 models are fitted based on the combination of assumptions about

distribution of the baseline risk and the treatment X covariate interactions (slopes):
Model Al1: Unconstrained baseline risk and common slope
Model A2: Normal distribution for baseline risk and common slope

Model A3: Mixture distribution for baseline risk and common slope

10



Model B1: Unconstrained baseline risk and exchangeable slopes

Model B2: Normal distribution for risk and exchangeable slopes

Model B3: Mixture distribution for baseline risk and exchangeable slopes

Model C1: Unconstrained baseline risk and independent slopes

Model C2: Normal distribution for baseline risk and independent slopes

Model C3: Mixture distribution for baseline risk and independent slopes

3.4 Goodness of fit and model selection

In the applications which follow, adequacy of model fit to the data was assessed through the
residual deviance where a model is judged to adequately fit the data if the residual deviance
closely matches the actual number of unconstrained data points available [9, 22]. The overall
goodness of fit and model selection criteria were based on the Deviance Information Criteria
(DIC), a measure of model fit that penalises model complexity, where the model with the

lowest DIC is generally preferred [31] and differences of 3 or 5 are considered significant [27].

4  APPLICATION EXAMPLES

4.1 Example 1: Functional Smoke Alarm (FSA) Data

The data come from a published NMA [17] and consists of 20 randomised and non-
randomised studies that evaluated the effectiveness of home safety education to increase
ownership of functioning smoke alarm (FSA) systems in households with children. The
outcome of interest is whether or not a household had a FSA. Thus, each study supplied arm
level data on the number of households with a FSA and the total number of households

surveyed. The FSA data is used here to illustrate application of the method to binary outcome

11



data. The full data is displayed in Appendix 1 Table B1 with Figure 1A displaying a network
diagram for the 7 interventions and 40 data points from the 20 studies. The baseline or non
intervention arm is the usual care intervention. Seven of the 20 studies did not have a usual
care intervention and therefore no baseline risk covariate. [Note: In the data coding step, these
7 studies are included by using na to represent missing information on the number of events in
the usual care arm (see web appendix)]. Baseline functioning smoke alarm ownership in the
remaining 13 studies ranged from about 3% to about 96%. Because a number of the studies are
non-randomised, it should be noted that the effect of baseline risk may be a composition of
many unmeasured sources of heterogeneity between the studies. Evidence of significant
inconsistency was also detected [17] using the method of node-splitting [25]. Hence it is of
interest to know whether baseline differences in FSA ownership across studies can explain the
heterogeneity and inconsistency. For this example where the outcome is binary, a binomial
likelihood was assumed for the arm-level data and NMA without covariate adjustment (model
0) fitted based on the model defined by equation (1). The relationship between intervention
effect and baseline FSA ownership was then investigated using the methods described in
Section 3.2. The covariate was centred on the observed mean baseline log odds of
0.81(calculated outside WinBUGS) for FSA ownership in the 13 studies with a usual care arm.
In total, 10 models were fitted (the 9 models described in Section 3.3 in addition to the
unadjusted model) using Markov Chain Monte Carlo (MCMC) simulation in the WinBUGS
software [27]. A modified version of the NMA code from Dias et al.[15] was used and is given
in the accompanying web appendix. The following prior distributions were used and intended

to be minimally informative:

0,0, and gg ~ Uniform(0,5)

Baws B, dag » tip, £ ~ N(0, 103)

12



Models were run for 100 000 iterations, discarding the first 30 000 iterations as burn-in samples
in order to ensure convergence of the MCMC sampler. There was evidence of poor
convergence for the models that assumed separate/independent treatment X covariate
interactions (model C1, model C2 and model C3). This may be due to i) 7 out of 20 studies not
having a usual care intervention arm and ii) hence, relatively few data points compared to the
number of parameters needed to be estimated [9]. Therefore parameter estimates from models

C1 to C3 are not presented in the results in section 4.3.1.

4.2 Example 2: Pain Relief Data

The second dataset consists of 56 RCTs with 116 data points from a published Health
Technology Assessment (HTA) report [18]. The report examined effectiveness of 3 non-opioid
analgesics (paracetamol, NSAIDs or COX-2 inhibitors) and placebo in reducing morphine
consumption following major surgery in adults. The outcome of interest is the amount of
morphine in milligrams (mg) consumed over a 24 hour period (continuous outcome). Each
study provided arm-level information on the number of patients together with the mean 24 hour
morphine consumption and its standard deviation (SD). The treatment network is given in
Figure 1B. The dataset is presented in Table A2 of Appendix 1, in order of increasing mean
morphine consumption in the placebo group (baseline risk). Two trials have no placebo and 4
of the trials are 3-arm studies. There is considerable variability in the 24 hour morphine
consumption in the placebo arm of trials ranging from a low of 8.6 mg (SD 5.2 mg) to a high of
142 mg (SD 80mg). The average across the placebo group is 45.26 mg. Therefore, a sensitivity
analysis was conducted in the original report [18] to investigate the effect of this baseline
imbalance in morphine use on the treatment effects estimates. To include the two studies that
did not have placebo, the original analysis in the published report was first carried out without
these studies in order to derive an estimate of baseline morphine consumption for the two trials.
The derived estimates were then included in the sensitivity analysis that adjusted for the

baseline morphine use. In our analysis however, we make use of exchangeability assumption
13



mentioned earlier (see equation 5) in order to include the trials without a placebo arm and thus
baseline risk measure. [Note: In the data coding step, these 2 studies are included by using na to
represent missing mean morphine consumption and 1 for its standard error (see web

appendix)].

Since 24 hour morphine consumption is a continuous outcome, we replace the binomial
likelihood and logistic regression model in equation (1) with a normal distribution for the

observed arm-specific outcome (i.e. mean 24 hour morphine), y;, in treatment arm k of trial i:

Yik ~N(Ow,S%), i=1,2,-,56 andk =1,2,--,4

9. = {yib k=b; be{1234} Equation (6)
the = Hip + 5ibk k > b; b€ {1,2,3,4}

ik = dpk + Bor X (Wix — @) + Epre With 55~ N(0,02)

where 6;; is the true unobserved mean morphine consumption in treatment arm k of trial i with
variance, S3, assumed known but estimated from the data [4]. We centred the baseline
morphine consumption, u;; on 45.26 mg, the average consumption across the placebo arms. All
other aspects of the modelling assumptions and model fit remain the same as in example 1

except for the minimally informative prior distributions specified as follows:

0,0, and og ~ Uniform(0,30)

Bai> B, da » tin, i~ N (0, 10°)
The MCMC simulations were run using WinBUGS for 50 000 iterations, discarding the first 20
000 iterations as burn-in samples in order to ensure convergence. The results are presented in

section 4.3.2 below.
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4.3 RESULTS
4.3.1 Example 1: FSA Model

In this example, the log odds ratio was regressed on the true control group log odds (usual care
intervention) taken as a measure of baseline risk. Table 2 displays estimates of the residual
heterogeneity o, treatment X covariate interactions (regression slopes) and model fit statistics
excluding the three models (C1, C2 and C3) which showed evidence of non convergence.
Firstly, different assumptions about the distribution of the baseline risk did not seem to greatly
affect estimates of the treatment x covariate interaction terms in this case. The slope of the
regression lines are slightly steeper when minimally informative prior distribution were
assumed for the baseline risk (models Al and B1) than in models that assumed a normal
baseline distribution (model A2) or a mixture of two normal distributions (model B2).
Secondly, the posterior credible intervals for the slope terms included zero in all models
indicating that none of these are statistically significant. Therefore, baseline imbalance in
smoke alarm distribution across studies was not significantly related to effectiveness of home
safety education to promote FSA ownership in households with children (provided this analysis
is powered appropriately for effects under investigation). Consequently the heterogeneity and
also the inconsistency were not significantly reduced in all models that adjusted for the baseline

risk compared with the unadjusted model (table 2).

Using the posterior mean residual deviance as a measure of model fit to the data (table 2), both
adjusted and unadjusted models predicted values close to the 40 unconstrained data points in
the FSA data, indicating that these models fit the data equally well. Since baseline risk appears
to be unrelated to intervention effect, there was very little difference to choose between these
models and we report only the results from the common slope or treatment X covariate
interaction models for convenience. Posterior median estimates of the slope is -0.08 (95%

Credible interval (Crl); -0.41 to 0.28) from model Al, -0.03 (95% Crl; -0.41 to 0.35) from

15



model A2 and -0.03 (95% Crl; -0.39 to 0.34) from model A3 which all indicate non-significant

decrease in intervention effectiveness with increasing baseline FSA ownership.

4.3.2 Example 2: Pain Relief Model

For pain relief data, the treatment effect, expressed as the mean difference in 24 hour morphine
use was regressed on true but unobserved 24 hour mean morphine consumption in the placebo
group (taken as baseline risk measure). There were no problems with convergence of the
MCMC simulations and all 9 models described in Section 3.3 were fitted in addition to the
unadjusted model. Parameter estimates of interest and model fit statistics are presented in Table
3. Firstly, estimates of the regression slopes from the 9 adjusted models were all negative,
suggesting evidence of increasing treatment effect with increasing baseline morphine
consumption. Estimate of the common regression slope is -0.34 (95% Crl; -0.41 to -0.27) for
unconstrained baseline model (model Al), and -0.31 (95% Crl; -0.38 to -0.23) for models with
normal (model A2) and mixture of two normal distributions (model A3) for baseline risk.
Similar estimates of the relationship between treatment effect and baseline risk were also
obtained from the independent and exchangeable slope models but only the effect of NSAIDS
and COX-2 are statistically significant. Again, the three modelling assumptions about the
distribution of the baseline risk seem to have very little impact on treatment x covariate
interactions. Figure 2 plots treatment effects versus baseline 24-hour morphine use from the
model with independent/separate slopes (model C1) for paracetamol, NSAIDS and COX-2.
The plot shows: i) evidence of increasing effectiveness with increasing baseline morphine use
for all three classes of analgesics; ii) NSAIDS and COX-2 are increasingly more effective than

16



paracetamol at higher baseline morphine use, and iii) little difference between NSAIDS and

COX-2. The vertical distance between the line of no effect and each treatment regression line

gives an estimate of the treatment effect relative to placebo at a given baseline morphine

consumption. Similarly, the relative effectiveness of any two analgesics at a given baseline

morphine consumption can be obtained from the plot as the vertical distance between the two

regression lines. Secondly, adjusting for the baseline risk reduced the residual heterogeneity

and improves the overall model fit. From Table 3, the posterior mean estimate of the residual

heterogeneity ¢ is 5.44 mg (95% Crl; 4.5 to 5.98) in the unadjusted model and 3.48mg (95%

Crl; 3.24 to 4.57) in model C1, the adjusted model with the least reduction in heterogeneity.

Compared to the unadjusted models there is at least a 40% reduction in between-study

heterogeneity.

5 DISCUSSION

We have shown how methods for baseline risk covariate adjustment can be extended from pair-

wise to network meta-analysis (NMA) when it is of interest to account for differences in

underlying risk across trial populations. This type of analysis can help identify potential

treatment effect modifiers which may give rise to heterogeneity in effect estimates and/or

inconsistency in the direct and indirect evidence on pair-wise contrasts in a network of trials.

The pain relief example shows how adjusting for baseline risk can greatly reduce heterogeneity

and improve overall model fit. Similar results and conclusions have been reported before, for

example, by Lu et al. [32] in a NMA at multiple follow-up times where the baseline effects
17



were adjusted at different follow-up points. However, there was no evidence of baseline effect
in the FSA example and the inconsistencies identified in Cooper et al. [17] were not resolved
by baseline risk adjustment. In meta-analyses of studies evaluating complex and or public
health interventions such as the FSA data, interventions may not always be clearly defined and
studies are often of variable quality, and conducted in populations with different characteristics.
These factors can introduce heterogeneity in both meta-analyses of clinical trials and studies of
non-complex and or public health interventions, but the problem is more pronounced in public
health. The FSA network included both RCTs and non randomised observational studies both
of which are of variable quality. Although care was taken to categorise the interventions
appropriately, ‘lumping’ of interventions within categories could not be completely ruled
out[17]. Lumping of interventions creates relative contrasts that are unevenly distributed across
contrast and has been cited as a possible source of heterogeneity and inconsistency in NMA

[33] .

The main advantage of the approach described in this paper is that the models can be easily
implemented by making simple modifications to freely available WINBUGS code for NMA
[22] (see code in the accompanying web appendix file). Specifying the models in WinBUGS,
and analysing them using Markov Chain Monte Carlo simulation, is beneficial as it allows the
adjustment to be carried out without excluding trials with missing placebo or no treatment
control group (hence no baseline risk covariate). The imputation step is implemented
automatically in WinBUGS through the model jointly specified by the likelihood and prior

distribution placed on the ‘baseline risk’ (described section 3.3). Since parameters are
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considered as random variables within the Bayesian framework requiring a distribution [34],
the ‘missing covariate’ is treated as any other unknown parameter to be estimated under
exchangeability (see Mason 2009[35], page. 117). Alternatively, the analysis can also be
carried outside a Bayesian framework using multivariate meta-analysis methods (for example
Stijnen et al.[16]) fitted in standard statistical software or self written programs. However,
validity of the results obtained from either classical or Bayesian analyses will depend on
appropriateness of the assumption that the non-active intervention arm of studies without a
baseline risk are missing at random. Fitting models with separate and or exchangeable
regression slopes described in Cooper et al. [9], in addition to the common slope model can be
useful for assessing the appropriateness of these assumptions. For example, the common slope
assumption can be tested by first calculating the difference between estimates of any two slopes
in the separate slope model followed by a probability that this difference is greater than zero
using the step function in WinBUGS [27]. A two-sided P-value can then be derived using the
formula 2 X minimum(probability, 1 — probability) [25]. However, as shown by the FSA
example, fitting models with separate/independent slopes may not always be feasible, possibly
because of limited availability of data. In those circumstances, the exchangeable slope or even
common slope models can be considered as a compromise [9]. Under the exchangeable
regression slope assumption, power is improved by borrowing strength across regression slopes
which shrinks treatment effect estimates towards each other. This can have policy implications
especially in a decision making context where manufacturers of alternative interventions may
see the effectiveness of their products "shrink™ towards that of the competitor. Also the

exchangeable slope assumption can reduce heterogeneity in the effect estimates (o), but the
19



regression slopes themselves can be quite variable as illustrated by the pain relief example
where the og’s are more variable than . This shows that the regression slopes are much more
variable and therefore a common regression coefficient may not be the best model for this

example.

Finally going back to the review of pair-wise meta-analysis models presented in section 2, a
much debated issue in modelling the relationship between treatment effect and baseline risk has
been whether or not to assume a parametric distribution for the baseline risk and what form if
any such a distribution should take. Ghidey et al.[19] examined the issue in a recently
published methods review paper using real and simulated data for pair-wise meta-analysis. The
simulated results found no difference between models that assumed normality for the baseline
risk and those that did not with both models producing robust/unbiased estimates of the
regression slope when the baseline risk is normally distributed across studies [19]. However,
the estimate of the regression slope was found to be less biased under the functional modelling
approach when normality of the baselines was violated but the relative difference in bias was
small. The results from the approach outlined in this paper for network meta-analysis appear
consistent with the findings from Ghidey et al.[19] and also with Arends et al [10]. Estimates
of regression slopes from both FSA and pain relief examples were slightly less negative, and
tended to shrink towards zero in models that assumed normally distributed baselines (models
A2, A3, B2, B3 in table 2 and models A2-A3, B2-B3 and C2-C3 in table 3) compared to the
unconstrained or minimally informative prior distributions for the baseline risk (models Al-
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C1). The effect of different distributional assumptions about the baseline risk were however,
very minimal as both unconstrained and normally distributed baseline risk models produced

practically identifiable estimates of regression slopes.
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Table 1: Summary of methods for modelling the relationship between treatment effect and baseline risk in pair-wise meta-analysis with a binary outcome

Method Outcome Likelihood model Distribution Method of Further notes
data of baseline estimation
risk

Method 1 (RE): Armlevel  Two normal distributions ( Observed treatment and None ML or WSL with  Gives only fixed effects results as no allowance for excess
Walter (1997) [1] control group log-odds with normal errors bias correction heterogeneity. Narrow standard errors for regression slope S
Method 2 (RE): Trial level  Bivariate normal (BVN) approximation: - Normal (RE ML & Bayesian BVN assumption may be inappropriate if there are trials with
Mclntosh (1996) [2] Log-OR & control group log-odds assumed bivariate on baseline small number of events. May result in more extreme estimates of

normal with known variance and covariance-matrix risk) slope B and lower estimates of between-study heterogeneity, o2

estimated from data)

Normality of baseline risk across trials may be hard to justify

Method 3 (RE): Arm level  Bivariate normal (BVN) approximation for binary Normal (RE EM algorithm &
van Houwelingen outcome data (treatment & Control group log-odds or on baseline SAS Proc Mix
et al. (2002) [4] observed treatment effect & control group log-odds risk)

assumed BVN with known covariance-matrix estimated

from data)
Method 4a (RE): Arm level  Exact binomial model (Observed number of eventsin  Fixed, flat Bayesian Eliminates need for zero-cell corrections
Thompson et al. (1997 [6], each treatment-arm assumed binomial) prior
2000[8]) ; Arends et al. Useful situations where trials with small sampled sizes are
(2000) [10] included in the meta-analysis
Method 4b (RE): Arends Arm level  Exact binomial model (Observed number of eventsin ~ Normal (RE) Bayesian
etal. (2000) [10] each treatment-arm assumed binomial)
Method 4c (RE): Arends Arm level  Exact binomial model (Observed number of eventsin  Mixture of Bayesian Eliminates need for zero-cell corrections
etal. (2000)[10] each treatment-arm assumed binomial) two normal Useful situations where trials with small sampled sizes are

distributions

included in the meta-analysis
Flexible distributional assumptions for the baseline risk measure

ML = Maximum Likelihood, WLS = Weighted least square, Log-OR = Log-odds ratio; MA=Meta-analysis, FE=Fixed effects, RE=Random effects
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Table 2: NMA with baseline risk adjustment applied to functional smoke alarm data: - Estimates of residual heterogeneity o and regression coefficients; By of intervention k relative to usual care (control intervention) measuring the
relationship between intervention effect (log-odds ratio) and baseline risk (control group log-odds)

Regression slopes

Model 0:
Unadjusted model

Median (95% Crl)

Model Al:
Unconstrained
baseline; common
slope

Median (95% Crl)

Model A2: Baseline
normally distributed;
common slope

Median (95% Crl)

Model A3: Baseline

mixture of two normal;

common slope

Median (95% Crl)

Model B1:
Unconstrained
baseline;
Exchangeable slopes

Median (95% Crl)

Model B2: Baseline
normally distributed;
exchangeable slopes

Model B3:Mixture
model; Exchangeable
slopes

Median (95% Crl)

Median (95% Crl)

Common B

Education (B,)

Education + Equipment (B3)
Education + Equipment + HIS (,)
Education + Equipment + Fitting (Bs)
Education + HIS (B,)

Education + Equipment + Fitting + HIS (8,)
Mean random effects

Residual heterogeneity, ¢

SD for random effects 3

Model fit statistics

Residual deviance (D)

Effective number of parameters (pD)

Deviance information criteria (DIC)

0.77 (0.34,1.47)

41.72
35.28

77.00

-0.08 (-0.41, 0.28)

0.83 (0.39, 1.56)

41.49
35.85

77.34

-0.03 (-0.41, 0.35)

0.84 (0.40, 1.59)

40.86
35.70

76.56

-0.03 (-0.39, 0.34)

0.84 (0.40, 1.59)

40.99

36.65

-0.13 (-0.42, 0.22)
0.19 (-0.59, 1.38)
-1.08 (-2.75, 0.201)
0.26 (-0.32, 1.05)
-0.07 (-3.34, 3.02)
0.09 (-1.69, 2.48)
-0.09 (-1.55, 1.28)
0.59 (0.16, 1.35)

0.88 (0.07, 3.31)

40.33
35.53

75.86

-0.09 (-0.39, 0.25)
0.26 (-0.57, 1.54)
-1.20 (-2.81, 0.163)
0.35 (-0.25, 1.20)
-0.07 (-3.45, 3.08)
0.19 (-2.01, 2.66)
-0.07 (-1.58, 1.42)
0.57 (0.167, 1.30)

1.02 (0.12, 3.45)

39.98
34.97

74.95

-0.09 (-0.40, 0.27)
0.25 (-0.57, 1.50)
-1.16 (-2.63, 0.28)
0.35 (-0.28, 1.22)
-0.08 (-3.55, 2.54)
0.165 (-1.98, 2.38)
-0.07 (-1.63, 1.30)
0.59 (0.14, 1.38)

0.97 (0.09, 3.41)

40.04
35.091

75.131

B,= interaction term for Education relative to Usual care; SD = standard deviation in treatment effect estimate; Crl = Credible interval
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Table 3: NMA with baseline risk adjustment applied to pain relief data: - Estimates of the residual heterogeneity, o, and the regression coefficients; S, of intervention k relative to usual care (control intervention) measuring the
relationship between treatment effect (mean difference in 24 hour morphine use in mg) and placebo group morphine use in mg

Regression slopes

Model 0:
Unadjusted
model

Mean (95% Crl)

Model Al:
Unconstrained

baseline; common

slope

Mean (95% Crl)

Model A2:
Baseline
normally
distributed;
common slope

Mean (95% Crl)

Model A3:
Baseline
mixture of two
normal;
common slope

Mean (95% Crl)

Model B1:
Unconstrained
baseline;
exchangeable
slopes

Mean (95% Crl)

Model B2:
Baseline
normally
distributed;
exchangeable
slopes

Mean (95% Crl)

Model B3:

Mixture model;
exchangeable

slopes

Mean (95% Crl)

Model C1:
Unconstrained
baseling;
separate slopes

Mean (95% Crl)

Model C2:
Baseline
normally
distributed,;
separate slopes

Mean (95% Crl)

Model C3:
Mixture model;
separate

slopes

Mean (95% Crl)

Common f

Paracetamol (8,)

NSAIDS (B5)

COX-2 (8,)

Random effects mean 3

Residual heterogeneity, o

SD for random effects

Model fit statistics

Residual deviance (D)

Effective number of parameters
(pD)

Deviance information criteria
(DIC)

5.44 (4.50, 5.98)

124

90.63

214.63

-0.34 (-041, -
0.27)

3.19 (2.15, 4.47)

119.5

84.11

202.61

-0.31 (-0.38, -
0.23)

3.19 (2.14,

451)

121.90

81.97

203.87

-0.31 (-0.38, -
0.23)

3.22 (2.15,
4.56)

1211

82.31

203.41

25

-0.22 (-0.39,
0.003)

-0.36 (-0.44, -
0.28)

-0.34 (-0.450, -
0.18)

-0.30 (-0.93,
0.34)

3.20 (2.15,
4.49)

0.35 (0.01,
2.18)

117.60

85.27

202.87

-0.18 (-0.35,
0.04)

-0.34 (-0.42, -
0.25)

-0.27 (-0.43, -
0.09)

-0.26 (-1.00,
0.47)

3.13 (2.06,
4.50)

0.39 (0.01,
2.37)

121.10

82.58

-0.19 (-0.36,

0.01)

-0.33 (-0.42, -

0.25)

-0.27 (-0.42, -

0.09)

-0.27 (-0.98,

0.48)

3.13 (2.04,
4.50)

0.36 (0.01,
2.32)

120.30

82.57

202.87

-0.16 (-0.36,
0.04)

-0.36 (-0.45, -
0.28)

-0.35 (-0.53, -
0.19)

3.28 (2.20,

457)

116.40

85.56

201.964

-0.15 (-0.34,
0.06)

-0.34 (-0.43, -
0.26)

-0.25 (-0.44, -
0.06)

3.16 (2.06,

451)

120.60

82.58

203.18

-0.13 (-0.34,
0.10)

-0.34 (-0.43, -
0.26)

-0.26 (-0.44, -
0.05)

3.20 (2.06,

453)

119.70

82.96

202.66
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Figure 1: Intervention network for A) Possession of Functional Smoke Alarm and B) Post-operative pain relief
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Figure 2: NMA adjusting for baseline morphine use assuming independent slopes for different treatment effects and unconstrained baseline risk
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