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Aim: To illustrate that bias associated with indirect treatment comparison and network meta-analyses
can be reduced by adjusting for outcomes on common reference arms. Materials & methods: Approaches
to adjusting for reference-arm effects are presented within a causal inference framework. Bayesian and
Frequentist approaches are applied to three real data examples. Results: Reference-arm adjustment can
significantly impact estimated treatment differences, improve model fit and align indirectly estimated
treatment effects with those observed in randomized trials. Reference-arm adjustment can possibly re-
verse the direction of estimated treatment effects. Conclusion: Accumulating theoretical and empirical
evidence underscores the importance of adjusting for reference-arm outcomes in indirect treatment com-
parison and network meta-analyses to make full use of data and reduce the risk of bias in estimated
treatments effects.

Lay abstract: Indirect treatment comparisons (ITCs) and network meta-analyses (NMAs) can help decision
makers compare therapies that lack head-to-head randomized trials. However, these estimates are vul-
nerable to biases due to cross-trial differences in patient characteristics and other factors. In this study, we
outline methods to reduce biases associated with ITC/NMA and apply them to three real-world examples
(antiretroviral therapy for human immunodeficiency virus, treatments for Type 2 diabetes and biological
treatments for psoriasis). Our results show that reference-arm adjustment can have a significant impact on
indirectly estimated treatment effects and can improve consistency between indirect evidence and gold-
standard evidence from randomized trials. ITC and NMA without reference-arm adjustment present an
avoidable risk of misleading or biased treatment effects. We argue that reference-arm adjustment should
always be considered and reported when feasible in ITC and NMA.
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Meta-analysis has long been used to summarize direct comparative evidence from multiple head-to-head randomized
trials. Network meta-analysis (NMA), an extension of meta-analysis to indirect comparative evidence [1-3], has been
increasingly used over the past decade to synthesize data from complex networks of clinical trials to allow inferences
about the relative effects of treatments that have not been compared directly. Thus, NMAs have become important
tools for comparative research and health technology assessments [4-6]. In these approaches, the estimated effect
of drug A versus drug B may depend on direct evidence from head-to-head trials of these drugs, if available, as
well as on indirect evidence from trials involving drug A but not drug B and vice versa. When direct evidence
is unavailable, such as when head-to-head trials do not exist for new treatments, indirect treatment comparisons
(ITCs) may provide the only comparative evidence to inform clinical or economic treatment preferences.

Causal inference for direct comparison meta-analyses is relatively uncomplicated because each head-to-head
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randomized trial, if well conducted and reported, estimates a causal effect. ITCs pose greater challenges for %
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causal inference since they involve cross-trial comparisons of nonrandomized treatment groups. Without adequate
adjustment for cross-trial differences, ITCs may be biased [5,7].

The traditional adjusted ITC, introduced by Bucher ez a/. in 1997 [1], attempts to adjust for cross-trial differences
by measuring treatment effects relative to a common reference arm (e.g., placebo). For example, given one set of
trials providing a pooled odds ratio for response to drug A versus placebo (ORx.p) and another set of trials providing
a pooled odds ratio for response to drug B versus placebo (ORg.p), the odds ratio for response to drug A versus drug
B is estimated as ORa.p/ORg.p. As noted by Bucher ez 4/. (1], this approach relies on the assumption that relative
treatment effects are exchangeable across trials.

Detailed reviews and guidelines for ITCs have been developed for researchers and decision makers [5-9]. Some
reviews have appropriately questioned whether traditional adjusted ITCs can rightly be called ‘adjusted,” given that
they do not provide adjustment for cross-trial differences in the same sense as regression, matching or propensity
score-based approaches provide adjustment in observational studies [7,9,10]. The term ‘anchored’ ITC, as opposed
to ‘adjusted’ ITC, has been proposed as being more accurate. Anchored ITCs can still be limited by imbalances in
baseline characteristics of populations across clinical trials, which may in turn lead to bias. Moreover, although direct
adjustments (e.g., via meta-regression) for observed baseline differences are possible, not all differences between
populations may be observed. However, if a common comparator exists for a subset of the trials in the network of
evidence, the comparator-arm outcome can integrate the effects of many other trial-level variables, some of which
may not be observed. Thus, proper adjustment for the comparator-arm outcome can mitigate bias. It might at
first seem that adjusting for outcomes would be problematic, since in most cases, adjustment should be based only
on characteristics that are defined up to the time of treatment assignment. In fact, adjustment for outcomes is a
well-known design error in statistical analyses that can introduce overadjustment bias [11]. In the present setting,
however, it is important to note that the outcomes used for adjustment are occurring on the common reference
arms, rather than on the treatment arms that are the target of inference. Because of randomization, outcomes on
the reference arms can be treated as baseline characteristics for the treatment arms that are measured with error,
meaning that the outcomes on the reference arms are telling of the treatment population at baseline, how it may
differ across trials and when to account for cross-trial differences.

This paper considers indirect trial data under the potential outcomes framework for causal inference [12-14].
We focus on the elementary ITC in which no head-to-head trial exists for two treatments of interest, but each
has been studied against a common reference arm (e.g., placebo). In this setting, we show that the assumption of
exchangeable relative treatment effects across trials can lead to avoidable bias and can be formally tested without
additional data. In particular, despite attempted adjustment for placebo arm responses, the traditional ITC based
on OR,.p/ORp,p may remain biased by cross-trial differences in placebo arm responses. We show that adjustment
for placebo arm response, as described by Dias ez al. [15] in a Bayesian setting, can avoid such biases and we provide
a Frequentist version of this method. This approach to adjustment for the placebo arm response stems from models
used to investigate the impact of baseline risk in direct comparison meta-analyses [16].

Both Frequentist and Bayesian approaches to ITC, with adjustment for the placebo-arm response, require weaker
assumption for causal inference than the traditional anchored ITC model of Bucher ez 4/ (1), which occurs as a
special case. As we show below, analyses of real data examples indicate that significant departures from the traditional
anchored ITC can be detected and resolved by adjustment for reference-arm response. For example, adjustment for
the reference-arm response is shown to resolve a published discrepancy between direct and indirect meta-analyses
of highly active antiretroviral therapy (HAART) in the treatment of HIV [17].

Materials & methods

ITC meta-analysis under the potential outcomes framework

Data from a collection of randomized trials can be described by a two-level model in which one level describes
the distribution of underlying parameters across trials and the other level describes the distribution of observed
outcomes within trials [3,18,19]. To identify causal effects of interest, this section focuses on the distribution of
underlying parameters across trials and temporarily ignores within-trial sampling errors.

Let each trial be represented by (X, Yy, Y7, Z), where X governs the population’s response to placebo, Z indicates
which treatment (Z = 0 or Z = I) was trialed against placebo (Z can also be thought of as an indicator for trial
assignment) and ¥ and Y) govern responses to treatments 0 and 1, respectively. For example, X, ¥ and Y7 may
represent the true mean values of a continuous outcome or the log odds of a binary response. The causal effect
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of interest is the expected effect of treatment 1 versus treatment 0, £[Y;-Yp], under the same distribution that
generated the observed trials. This causal effect is defined at the trial level, rather than the individual patient level.

The trial-level variables Y and ¥7 are potential (or counterfactual) outcomes [12-14]. When no trial has directly
compared treatment 0 versus 1, it is not possible to observe both ¥; and Y; in the same trial. Under these
circumstances, a placebo-controlled trial of treatment 0 or 1 can be represented by (X, ¥, 2), with Y= Z¥; + (1-
2)Yy. Given data on (X, Y, Z), the goal of an ITC is to estimate the causal effect of Z on ¥, E[Y;-Yp]. Because
treatment assignment Z is not randomized, the distribution of X may differ between trials with Z = 0 and Z = 1.
Furthermore, because X measures the same quantity as Y'in a parallel treatment group, X is likely to be associated
with Y. In other words, X is a potential confounder of the causal relationship between Z and Y. Adjustment for
differences in X among trials is, therefore, important for causal inference in ITCs.

Estimation of E[Y;-Y;] given observations of (X, ¥, Z) is a standard problem in causal inference [20,21] that is
often addressed via regression adjustment (e.g., see Winship and Morgan [22)). A typical regression model for the
effect of Z on Y, with adjustment for X is:

Y=0a+ pBX+6Z2+ ¢ (Eq. 1)

where € represents a random error with mean zero. This model is considered to ‘adjust’ for X in the sense that
typical estimates of 6 (e.g., least squares) will be consistent estimates of the causal effect £[Y;-Y;] provided that:
the model for the conditional mean of ¥ given X and Z is correctly specified; and (Yp, ¥;) is uncorrelated with Z
conditional on X, which is often denoted as (¥5, ¥1) | | Z|X and referred to as ‘conditional exchangeability given X’
or ‘absence of unmeasured confounding’ [23). Formally, the effect of Z on Y adjusting for X should be considered a
controlled direct effect (controlling for X) of Z on Y. The controlled effect of Z on Y'is clearly the causal effect of
interest. Indeed, interest in the controlled effect is the motivation for attempting to incorporate information from
Xinto ITCs.

Causal inference via regression adjustment can be contrasted with traditional ITCs. Given data on (X, Y, 2), the
traditional anchored ITC of Bucher ¢z 4. 1] can be represented by the model

Y— X=a4 02+ ¢ (Eq. 2)

where Yis the log odds of response on the treatment arm, X'is the log odds of response on the placebo arm and
¢ represents a random error with mean zero. Note that Equation 2 is equivalent to fixing 8 = 1 in Equation 1, or

Y=a+1-X+6Z+ ¢ (Eq. 3)

Because the effect of Xis fixed at = 1, rather than estimated from the data, the model in Equations 2 and 3 cannot
adjust for Xin the usual sense described for the model in Equation 1. Sufficient conditions for estimates of 6 based
on the model in Equation 2 to be unbiased for E[Y;-Y;] are: correct specification of the conditional mean of ¥
given X and Z; and unconditional exchangeability of treatment contrasts: (¥;-X, ¥5-X) [ | Z. These assumptions
have been stated previously [1].

Note that unconditional exchangeability is a stronger assumption than conditional exchangeability given X and
is, therefore, more likely to be violated. In particular, estimates of 6 based on Equation 2 can have substantial
bias for £[Y;-Yp] if the placebo-arm response X is associated with the trialed treatment Z and with the treatment
effect Y-X. In other words, despite attempted adjustment for the placebo arm responses, via and assumed and fixed
coefficient B = 1, traditional anchored ITCs may remain biased by cross-trial differences in placebo-arm responses.
Compared with Equation 2, the model in Equation 1 requires weaker assumptions for causal inference, contains
Equation 1 as a special case, makes use of the data to estimate f rather than assuming a fixed value and it is more
consistent with generally accepted approaches to causal inference based on regression adjustment. The model in
Equation 1 could, therefore, improve causal inferences in I'TCs.

Two features of this data setting warrant a close inspection of the relevant graphical models. The use of directed
acyclic graphs to describe causal effects has been well described (e.g., see Greenland ez a/. (24] and Pearl ez al. 125)).
Briefly, Figure 1 depicts the causal models discussed above. Figure 1A gives a full model, in which outcomes on
the active and placebo arms are all affected by trialed active treatment (Z) and unmeasured confounders (U). The
arrow from Z to X may be justifiably excluded in some applications. However, knowing the active therapy under
investigation could influence outcome assessments (e.g., ascertainment of suspected adverse events, time period
associated with different background standards of care), even in the placebo arm. We have added this edge to
the graph for completeness. While U is a cause of both X and Y, the controlled direct effect of Z on Y is not
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" ‘Assumed
fixed
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Figure 1. Directed acyclic graphs. (A) Directed acyclic graph for model (1). (B) Directed acyclic graph for model (2)
assuming that ‘unobservables’ (U) have no direct effect on outcome (Y). (C) Directed acyclic graph for model (2),
which assumes that a specific relationship between X and Y, for example, (Y-X), is conditionally independent of X and
U given Z.

identifiable [26]. Arbitrary impacts of U on X and Y could explain any pattern of association regardless of the
presence or absence of a true causal relationship. Note that, while U'is arbitrary and represents ‘unobservables’ that
we will never be able to condition on in practice, the causal model is unchanged in any practical sense by adding a
double arrow between X and Y It is well known that the controlled direct effect of Z on Y cannot be identified in
this setting. To make progress, one can assume that U has no direct effect on ¥, such that all effects of U on Y go
through either X or Z. In this case it is possible to identify the controlled directed effect of Z on ¥'since all pathways
between U and Y can be blocked by conditioning on Z and X (Figure 1B). The more stringent assumption of
Bucher ez al. 1], unconditional exchangeability, is represented by Figure 1C.

Frequentist approach: structural equation model

In this section, we extend the model of Thompson ez al. [16] for relating treatment effect to underlying risk to the
ITC of multiple treatments. We also introduce measurement error in the observations of X and ¥ Building on the
notation of Equation 1, indirect data in trial 7 can be described by the structural equation model

Y;' = Q, + e},Z,‘ + BXi + €yi (Eq 4)

X, = a,+ 0,7 + & (Eq- 5)

where ¢,; and €,; are Gaussian random variables with mean zero and with variances 0% and 0;, respectively.
Independence of ¢,; and €); is implied by conditional exchangeability of Z and (Y, Y;) given X.

Let X7 and Y represent the observed data, which are assumed to be independent and to follow known
distributions given X; and Y. For example, in the case of a binary response, X; and ¥; may represent the log odds
of the response rates, such that X7|X; is binomially distributed with mean N, exp(X;)/{1 + exp(X;)} and Y}'|Y;
is binomially distributed with mean Ny;exp(¥;)/{1 + exp(Y;)}, where N,; and N, are known sample sizes in each
arm of trial 7. In the case of a continuous response, the variance of the response in each treatment arm of each trial
is assumed to be known.

It is convenient to express the model in Equations 4 and 5 as a generalized linear mixed effects model [27,28] for
the outcome in each arm of each trial. Define the treatment arm indicator Ti=j for j =0, 1 (where O represents
the reference treatment [e.g., placebo]) and let Wj; = 7;;Y; + (1 — 7;) X; be the linear predictor on the jth arm in
the 7th trial. The two Equations 4 and 5 can then be combined as

W= o +vT;+6.Z +nT;Z; + e + 8T (Eq. 6)
where y = a, + (B — Da,, n =0, + (B — 1)0, and &; = &, + (B — 1)e,;. The causal parameter of interest can

be recovered as:

0, =m — O.cov (e, &) /oo

This model can be fit in SAS (SAS Institute Inc., Cary, NC, USA) using GLIMMIX or in R using Ime4 with
adaptive Gaussian quadrature to maximize the likelihood. A maximum likelihood estimate for 6, can then be
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obtained by plugging the maximum likelihood estimates for 7, 6, cov(es, &;) and 62 into the above equation.
Standard errors for the maximum likelihood estimate of 0, are not readily available from model outputs from
GLIMMIX or Ime4, but statistical inference can be based on the profile likelihood. The traditional model of
Bucher ez al. 1] can be represented by setting = 1 in Equation 1, which results in cov(ey;, &;) = cov(ex, &) = 0
and therefore 7 = 6,. The key modeling assumption of Bucher ez 4/. (i.e., that f = 1), can therefore be tested via
a one degree of freedom likelihood ratio test comparing models with versus without a free covariance parameter
between the random effects ¢,; and &;.

Bayesian approach

The Bayesian framework for ITCs in the context of a meta-analysis has been extensively described (e.g., Hoaglin
et al. [7), Dias et al. [8]). In this section, we summarize this framework and extend its more basic formulation to
adjust for reference-arm response, which has also been shown as part of the National Institute for Health and Care
Excellence (NICE) guidance [15].

The Bayesian approach to meta-analysis combines the likelihood function of the data with a prior probability
distribution about the parameters of interest to obtain a posterior probability distribution of such parameters. For
the random effects network model of a binary outcome, the Bayesian formulation is as follows. The number of
events 7 is given by the binomial likelihood:

rij = Binomz'al(pij, n,])

where p;; and 7;; represent the probability of an event and the number of patients, respectively, in arm j of trial
i. The parameter p;; is modeled on the logit scale as:

logit (p;]) = W+ 8,',1]'[{/67/1} (Eq.7)

where [j,; = 1 if u is true and 0 otherwise, p; are trial-specific log odds of the outcome in the reference treatment
(i.e., the treatment indexed 1) and 3, ; ; are the trial-specific log odds ratios of ‘success’ on the j#h treatment group
compared with reference. Moreover,

8,'.1]' = N(ﬂlj,l]', 02) = N(ﬂ’,] — di,ls 02)

with o2 being between-trial heterogeneity (6% = 0 for a fixed effect model, which assumes homogeneity of the
underlying true treatment effects). In this framework, & and o are typically given independent noninformative
priors:

di;j=N(0,¢%), ¢>>0

o = Uniform (0, 5)

Adjustment for reference-arm response is conducted in a similar way as a meta-regression that seeks to adjust for
differences in a given baseline covariate (e.g., age). Specifically, the model in Equation 7 is modified to:

logit (pj) = wi + <5i,1]‘ + (Blt,,- —Bisy) (Mi— il)) Ly (Eq. 8)

with #;j representing the treatment in arm j of trial 7 and I is the mean of the log odds in the reference treatment
arm (j = I). Thus, the treatment effects are the estimated log odds ratios at the mean risk value.

We can then fita model that assumes a common interaction effect for all treatments, such thatB,; = & (for j > 1)
and P17 =0, which guarantees that the terms cancel out inactive versus active comparisons and no reference-arm
risk adjustment is performed for trials that do not include the reference treatment. The & parameter is also given a
noninformative prior: & = N(0, ¢?).

A
To assess whether the estimated 4 coefficient is notably different from 0, we can calculate the 95% credible
interval from the Markov chain Monte Carlo (MCMC) simulations. An interval not containing 0 would indicate
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substantial evidence against the ‘unadjusted’ model. The deviance information criterion (DIC), a measure of model
fit that penalizes model complexity, can also be compared between the adjusted and unadjusted models to assess the
evidence in favor of adjusting for reference-arm response. Additionally, we can check if the treatment effect from
the unadjusted model differs substantially from that obtained by the adjusted model; if so, this would indicate that
lack of adjustment for the reference-arm response may result in significant confounding and bias, which can in
turn have important implications for the comparative efficacy of the studied treatments.

An exploratory way to assess if the reference-arm response is a source of heterogeneity before conducting any
adjusted meta-analysis is to plot the treatment effect (e.g., log odds ratio for a binary outcome) against the reference-
arm rate (e.g., log odds of X) and fit a regression line (e.g., logistic regression of log odds of the outcome to the
effects of trial, treatment, reference-arm log odds and the interaction between treatment and reference-arm log
odds) [16]. Next, the plots and the regression results can be inspected to check if there are indications that the
treatment effects change significantly with increasing reference-arm response.

Results
Applications
Highly active antiretroviral therapy

Chou er al. 117) described a discrepancy between direct and indirect meta-analyses of HAART with a protease
inhibitor (PI-HAART) versus a non-nucleoside reverse transcriptase inhibitor (NNRTI-HAART). They identified
26 trials in total: 12 head-to-head trials directly comparing PI-HAART versus NNRTI-HAART, six trials comparing
NNRTI-HAART versus two nucleoside reverse transcriptase inhibitors (NRTTs) and eight trials comparing PI-
HAART versus two NRTTs. A direct comparison meta-analysis of the 12 head-to-head trials indicated a higher
odds of virological suppression with NNRTI-HAART versus PI-HAART (odds ratio: 1.60; 95% CI: 1.31-1.96).

In contrast, an ITC based on the 14 trials, with two NRTTs as a common reference and using the method of
Bucher ez al. 1], suggested that NNRTI-HAART was associated with a lower odds of virological suppression than
PI-HAART (odds ratio: 0.26; 95% CI: 0.07-0.91). The difference between these direct and indirect estimates was
statistically significant and presented as a cautionary example. Chou ez /. (17) hypothesized that rapid changes in
management and outcomes of HIV infection could have led to cross-trial differences and biased the ITC.

Chou et al. 117) considered several sensitivity analyses, but none resolved the discrepancy between the direct
comparison and the ITC. In our reanalysis of the Chou ez 4/. data, we take as a starting point the sensitivity analysis,
excluding from the indirect analyses three NNRTT trials that used delavirdine, which is not currently a recommended
therapy because of poor potency. None of the 12 trials included in the direct comparison meta-analysis included
delavirdine.

Differences in baseline characteristics among trials could result in discrepancies between the direct comparison
and ITC if the aggregate baseline characteristics modify the effect of treatment on the odds ratio scale. Chou
et al. 117) report baseline summary statistics for the proportion of females and CD4 count in each trial. However,
adjustment for these trial-level baseline characteristics in meta-regression models could not explain the discrepancy
between the direct comparison and the ITC (Figure 2 and Supplementary Table 1; see WinBugs code provided in
the Custom code section in the Supplementary Material).

Cross-trial differences in reference-arm responses could also be hypothesized to bias the traditional ITC of Chou
et al. (17). The odds of virological suppression on the reference arms (treatment with two NRTTs) did not differ
significantly between the trials of NNRTI-HAART versus those of PI-HAART in a logistic mixed effects model
(odds ratio: 2.69; 95% CI: 0.76-9.50; p = 0.12). However, after adjusting for the fixed effects of the proportion
of females and baseline CD4 count, trials versus NNRTI-HAART were associated with a significantly greater
odds of response to two NRTIs than trials versus PI-HAART (odds ratio: 3.89; 95% Cl: 1.17-12.90; p = 0.03).
Adjustment for reference-arm response (NRT1), in addition to the proportion of females and baseline CD4 count,
can eliminate the significant bias that Chou ez 4/. (17] identified in their earlier analysis.

Therefore, we applied the Bayesian and Frequentist approaches described in the previous sections to the Chou
et al. data to adjust for reference-arm risk in addition to the proportion of females and baseline CD4 counts. Both
methods reversed the estimated treatment effect in the ITC, giving it the same direction and a similar magnitude to
the pooled effect estimate based on head-to-head trials (Figure 2 and Supplementary Table 1). Note that, although
adjustment for additional baseline factors increases the width of the Cls on the odds ratio scale, the widths on the
log odds scale are nearly constant. Thus, the increased consistency between the indirect and direct analyses can be
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Bucher et al. (including delavirdine trials)
Bucher et al. (excluding delavirdine trials)
Common anchor-based ITC
With no covariate adjustment [DIC = 104.9]
Adjusted for baseline CD4 count [DIC = 104.7]
Adjusted for baseline % female [DIC = 104.9]
Adjusted for baseline CD4 count and % female [DIC = 104.8]
Adjustment for reference-arm risk
With no other covariate adjustment [DIC = 105.2]
. Adjusted for baseline CD4 count [DIC = 105.4]
8 Adjusted for baseline % female [DIC = 105.2]
. Adjusted for baseline CD4 count and % female [DIC = 105.5]

] Head-to-head trials

0.1 1.0 10.0
Odds ratio

Figure 2. Bayesian approach: estimated odds ratios for virological suppression with non-nucleoside reverse
transcriptase inhibitor-based versus protease inhibitor-based highly active antiretroviral therapy under different
models for indirect comparison and the results from the head-to-head trials.

CD4: Cluster of differentiation 4; DIC: Deviance information criterion; ITC: Indirect treatment comparison.

attributed to moving the point estimate, rather than just increasing uncertainty. Note also that in the Frequentist
analysis, a likelihood ratio test would reject the anchored ITC without adjustment for reference-arm risk or baseline
characteristics (log likelihood: -35.1) in favor of the full model adjusting for these factors (log likelihood: -29.7)
(likelihood ratio test: 10.8 on 3 degrees of freedom; p = 0.012).

In this ITC of NNRTI- and PI-based HAART, adjustment for multiple baseline differences, including reference-

arm risk, was important to providing an indirect effect estimate consistent with direct randomized experiments.

Dipeptidyl peptidase 4 inhibitors in diabetes

Oral dipeptidyl peptidase 4 inhibitors are an established drug class in the treatment of Type 2 diabetes mellitus. The
efficacy of two oral dipeptidyl peptidase 4 inhibitors, sitagliptin and vildagliptin, has been directly compared with
placebo as therapy for the management of Type 2 diabetes mellitus in randomized trials. However, no head-to-head
clinical trials have directly compared these two treatments in terms of their efficacy in reducing the percentage of
hemoglobin Alc (%HbA1Ic) from baseline over 12 weeks.

A prior study assessed the relative efficacy of sitagliptin versus vildagliptin in %HbA ¢ reduction, examining the
impact of adjustment for placebo arm effects [29]. A systematic literature review identified 11 randomized trials that
included sitagliptin 100 mg once daily (seven trials) or vildagliptin 50 mg twice daily (four trials) as monotherapies
for Type 2 diabetes. Random effects and fixed effects Bayesian NMAs were used to compare %HbA1c change from
baseline to week 12. Models were fit with and without adjustment for comparator arm effect and the differences
in %HbA]1c reduction between sitagliptin and vildagliptin were assessed using the posterior mean difference. The
results, provided in Table 1, indicate that adjustment for placebo-arm effects significantly impacted the ITC of
week-12 outcomes. Without adjustment, the difference in efficacy was modest and insignificant, whereas after
adjustment, the difference became larger and significant (95% credible intervals did not cross 0). Moreover, the
regression coefficient associated with the placebo arm adjustment was significantly different from 0 and the DIC
suggested better model fit after adjustment.
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Table 1. Results of Bayesian network meta-analysis comparing the percentage of hemoglobin A1c reduction between

sitagliptin and vildagliptin

Effects

Random effects

Fixed effects

Without placebo adjustment With placebo adjustment

Mean Mean
A %HbA1c A %HbA1c
(95% Crl) (95% Crl)

Sitagliptin 100 mg qd -0.81(-1.01, -0.61) -0.70 (-0.80, -0.60)

Vildagliptin -0.86 (-1.13, -0.58) -1.02 (-1.18, -0.87)
50 mg bid

Beta NA -0.95 (-1.35, -0.54)
Difference -0.05 (-0.39, 0.30) -0.32(-0.52, -0.12)
(vilda-sita)

DIC -27.2 -28.8

Sitagliptin 100 mg qd -0.82 (-0.90, -0.74) -0.7 (-0.76, -0.64)

Vildagliptin -0.9 (-1.03, -0.77) -1.02 (-1.11, -0.92)
50 mg bid

Beta NA -0.98 (-1.29, -0.66)
Difference -0.08 (-0.23, 0.07) -0.32 (-0.44, -0.19)
(vilda-sita)

DIC -11.7 -26.4

A': Difference; bid: Twice daily; Crl: Credible interval; DIC: Deviance information criterion; HbA1c: Hemoglobin Alc; NA: Not applicable; gd: Once daily.

Biological treatments for psoriasis

The advent of biological therapies has improved treatment outcomes in moderate-to-severe psoriasis. Head-to-head
randomized trials are currently unavailable for comparisons between most biological treatments given the number
of available treatments. Moreover, substantial cross-trial variation in placebo arm response rates was identified in a
recent systematic review [30] of trials of biological treatments for psoriasis. To assess the extent to which this variation
in placebo arm response rates was a source of significant bias in cross-trial comparisons of biological treatment
outcomes, Signorovitch er al. [31] conducted a Bayesian NMA that included an adjustment for reference-arm
response rates, while revisiting previous NMAs based on the same data but that did not adjust for variation in the
reference-arm response.

A total of 15 randomized trials of biological treatments for moderate-to-severe psoriasis were identified [32-46],
14 of which were placebo controlled. The primary efficacy outcome for this study was based on the Psoriasis Area
and Severity Index (PASI) score, with reductions of 50, 75 and 90% from baseline PASI score were defined as PASI
50, 75 and 90, respectively. The relative efficacy of the biological treatments was evaluated using an ordinal model
with a probit link for PASI 50, 75 and 90.

The analyses showed that the placebo-adjusted model fit the data significantly better than the previous unadjusted
models and that the reference-arm response was an important confounder of the relative biological treatment effects.
Specifically, the reference-arm adjustment coefficient was significantly different from zero, indicating that the
adjustment for the reference-arm response reduced unexplained heterogeneity and improved model fit. Moreover,
the placebo-adjusted model provided a considerable reduction in between-study heterogeneity compared with the
unadjusted model. Finally, the DIC for the adjusted model was lower than the DIC for the unadjusted model,
further indicating that the adjusted model was more parsimonious and fit the data better. Subsequent to this
publication, reference-arm adjustment has become the standard approach applied in economic evaluations and
network meta-analyses in psoriasis [47-49].

Discussion

Adjustment for baseline risk has been well-studied for pairwise meta-analyses, where it is rightly recognized as an
important step for identifying effect modification and assessing generalizability [18,50]. Previous publications and
guidance have also explained the value of reference-arm adjustment in ITCs and NMA [15]. However, despite this
background, adjustment for baseline risk has not been widely used in ITCs. This paper has summarized theoretical
principles and several real data applications that are supportive of broader use of reference-arm adjustment. We
have also added a Frequentist option to the already available Bayesian approach. There is a need for further
methodological research on reference-arm adjustment. However, based on the methods and examples available to
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date, we argue that ITC and NMAs involving multiple trials with a common reference arm should either attempt to
adjust for reference-arm response and report on the results of that attempt or provide a rationale for not adjusting.

The arguments in favor of further prioritizing conduct and reporting of reference-arm adjustment ITC and
NMA are as follows:

e Adjustment makes more use of the available data & avoids unnecessary, testable assumptions

The reference-arm adjusted model includes the unadjusted model as a special case. Therefore, if the unadjusted
model provided the best fit to the data, the adjusted and unadjusted models would return essentially equivalent
results. It is also possible to statistically test the key assumption of the unadjusted model, as illustrated in the
examples above — in other words, test whether there is a fixed relationship between reference and active arms, such
as an odds ratio, around which variation or random effects are independent of the reference-arm outcomes. If
sufficient trial data are available, this assumption should at least be tested rather than simply accepted. If sufficient
data are not available to test this strong assumption, this is worth reporting as a limitation of the available data.

e Consistency with long-accepted approaches to causal inference outside of ITCs & NMAs

NICE Decision Support Unit (DSU) guidance indicates that adjustment for reference-arm responses in NMAs is
in accordance with best practices in nonrandomized studies when a pretreatment characteristic varies substantially
across treatment groups and these characteristics are likely to be associated with treatment effects [15].

Taking this a step further, we suggest that lack of adjustment for reference-arm response may often be poor
practice. As described above, typical approaches to causal inference allow the observed data to inform adjustment for
potential confounding factors, rather than assuming fixed relationships. For example, in multivariable regression
analyses to estimate a treatment effect between nonrandomized groups, it would be unheard of to plug in an
assumed coefficient value for a major suspected confounding variable, rather than using the data to estimate the
value of that coefficient; however, as illustrated in Equations 2 and 3 above, this is akin to how the anchor-based
ITC/NMA model works without reference-arm adjustment.

e Supported by the same rationale for preferring anchor-based versus unanchored ITC

Preference for anchor-based ITC/NMA over unanchored naive comparisons is based on the belief that reference-
arm outcomes reflect important variation across trials that should be accounted for when estimating treatment
effects that incorporate indirect evidence. This is sound reasoning because reference-arm outcomes are likely to
reflect the integrated effects of multiple observed and unobserved trial-level factors that are also likely to impact
treatment arm outcomes [16]. However, following this reasoning further, we should aim to adjust for variation
in reference-arm outcomes in the best possible way, making full use of the data, rather than assuming a fixed
relationship.

e Statistical methods, both Bayesian & Frequentist, are available

Methodological guidance from the NICE DSU explains Bayesian approaches to adjust for reference-arm responses
in ITC/NMA (15]. The present paper lays out a Frequentist approach, which may be preferred by some decision-
makers.

e Multiple real data examples have already shown substantial impacts & clear improvements in estimated treatment
effects owing to reference-arm adjustment

The examples summarized here show that adjustment for reference-arm outcomes can lead to significantly better
model fit to the observed data and substantial changes in the estimated treatment effects. In particular, in the
re-analysis of the HIV data from Chou et al., the direction of the indirectly estimated treatment difference is
reversed after reference-arm adjustment and brought into alignhment with results from head-to-head randomized
trials. These findings highlight the potential importance of reference-arm adjustment to reduction in bias. In
addition, other sensitivity analyses that are typically conducted for ITC/NMA, such as use of fixed versus random
effects, typically have less impact on estimated effects and do not as directly address the potential for confounding
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as reference-arm adjustment. These considerations support greater priority on reference-arm adjustment, at least as
a sensitivity analysis, in ITC/NMA.

Bayesian & Frequentist approaches

The purpose of this study was not to compare Bayesian and Frequentist approaches. However, a clear advantage of
the Bayesian approach, compared with the Frequentist approach introduced here, is that the Bayesian calculations
can be readily extended to settings with multiple comparator treatments and to networks in which notall trials share
a single common reference arm (such as the third example related to psoriasis therapies). In the present example
based on HIV data, the Bayesian and Frequentist point estimates were similar (Supplementary Table 1); however,
the Bayesian approach had wider credible intervals. This is potentially a result of the use of vague priors for the
trial-specific baseline risks. Hierarchical priors could be considered, especially when the trials have small sample
sizes.

Effect heterogeneity, effect modification & confounding

Adjustment for reference-arm response in ITC/NMA is related to the issues of effect heterogeneity and modification
in the underlying trials. In model (2) above (anchored ITC without reference-arm adjustment), effect heterogeneity
is captured by e. That is, the model allows some fluctuation of the treatment effect ¥-X across trials, centered
around « + 6Z. However, effect heterogeneity that is associated with X constituted effect modification and can
lead to bias that cannot be adjusted away under the model in (2). Moreover, typical approaches to detecting effect
heterogeneity (e.g., Cochran’s Q [Cochran [51]] and 7 [Higgins et al. [50]) are global tests and are not powered to
detect effect heterogeneity associated with X, which can confound traditional adjusted ITCs. Likewise, accounting
for effect heterogeneity (e.g., using DerSimonian and Laird [18]) in the separate direct comparison meta-analyses
for Z= 0and Z = I will provide no adjustment for effect heterogeneity associated with X and will not remove bias
from the indirect estimation of causal effects.

For these reasons, effect modification and confounding are not separable for ITC/NMA in the way that they are
for pairwise meta-analyses of randomized controlled trials. That is, for pairwise meta-analyses, we always obtain
an unconfounded pooled effect estimate across trials due to within-trial randomization. Effect modification can
impact the generalizability of that estimate to populations that differ from the aggregate of the study populations,
but it does not introduce confounding bias. However, in an ITC effect modification will result in confounding bias
if the effect modifiers are not well balanced across studies. As shown in the examples reported in this paper, this
bias can be substantial. Therefore, accounting for effect modification seems necessary and central to ITC/NMA,
in contrast to pairwise meta-analyses where effect modification is often positioned as optional or secondary.

Good practices & appropriate interpretation

Several issues arise in the application and interpretation of anchor-based adjustment in ITC/NMA. First, since
reference-arm outcomes are an important potential confounding factor, it is helpful to report these outcomes across
trials and assess their heterogeneity, in addition to the usual reporting of relative treatment effects and assessment of
heterogeneity in baseline characteristics. Second, when reference-arm adjustment is attempted, it will be necessary
to decide which model should be preferred: the one with versus without adjustment. While DIC or other criteria are
helpful for model selection, they should not be seen as determining criteria for whether reference-arm adjustments
are needed. Rather, changes in the effect estimate, along with the clinical rationale for adjustment, should be
the primary indicators of confounding bias and need for adjustment as is standard in other approaches to causal
inference [52].

Limitations

There are a number of important limitations to reference-arm adjustment in ITC/NMA. First, even after adjusting
for reference-arm response, along with any other observed factors, there may still be confounding bias owing
to unobserved factors. Second, it is important to note that any attempt to infer causal effects at the individual
level using only trial-level data would be subject to ecological bias (53,54]. Finally, it is critical to acknowledge
that reference-arm adjustment is not always feasible in ITC/NMA. In general, if each treatment has only one
trial available, it will not be possible to estimate the reference-arm effect. Rather, multiple trials per treatment are
necessary to resolve the reference-arm effect. Similarly, it will often be necessary to assume that the reference-arm
effects are consistent across treatments (i.e., there are not interactions between reference-arm effects and treatment
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type) because of limited numbers of trials for some or all treatments. These limitations have been well described
previously [15].

Areas for future research

Reference-arm adjustment raises a number of choices for model specification and future research would be helpful
to inform these choices. In many cases, a single type of reference arm and outcome is widely available across trials
and presents itself as an obvious choice for adjustment. However, in other cases, an evidence network might include
multiple treatment arms and outcomes that could be used for adjustment. Research on how to select the treatment
arm and outcome(s) to use for adjustment would be valuable. Second, if not all trials have a common reference
arm, then reliance on the prior will increase and use of vague priors could become problematic (i.e., it may be
better to use a hierarchical prior to help fill in the missing data in trials without the reference arm). There is a need
for better understanding of approaches to address this situation. Finally, the sensitivity of anchor-based ITC/NMA
to choice of effect measure (e.g., odds ratio vs risk difference) has been noted [55. A hypothesis, which could be
investigated in the future, is that reference-arm adjustment should reduce sensitivity to effect measure choice, since
this sensitivity is exacerbated by differences in reference arm outcomes.

Conclusion

This paper has provided theoretical arguments and empirical examples that underscore the importance of adjusting
for reference-arm effects in ITC/NMA. Based on these considerations, we advocate for higher priority to reference-
arm adjustment in I'TC/NMA design, reporting and interpretation. In particular, we recommend either attempting
to adjust for reference-arm response and reporting the results of the attempt, reporting that adjustment is not feasible
because of a limited number of trials and/or providing clinical arguments as to why reference-arm adjustment is
not appropriate.

Summary points

e Indirect treatment comparison (ITC) approaches, such as network meta-analysis (NMAs), can provide valuable
estimates of relative effects of treatments that have not been compared directly.

e Despite the value of ITC/NMA, estimates can be biased by imbalances in both observed and unobserved baseline
characteristics and other factors that differ across clinical trials.

e Many cross-trial differences are manifested in differences in outcomes observed in reference arms (e.g., placebo
arms) across trials. Methods to adjust for reference-arm outcomes have been proposed and included in guidance
documents and have demonstrated value across multiple applications, but are not widely used in ITC/NMA.

e In this study, we first present strategies to adjust for reference-arm effects within a causal inference framework
and lay out existing Bayesian and new Frequentist approaches that are then applied to three distinct examples of
real world data related to antiretroviral therapy for human immunodeficiency virus, treatments for Type 2
diabetes and biological treatments for moderate-to-severe psoriasis.

e Results showed that reference-arm adjustment has a meaningful impact on estimated treatment effects,
significantly improving model fit to observed data and yielding indirect estimates that are more consistent with
the findings of randomized trials.

e Both the theoretical arguments and empirical examples highlighted in this work underscore the importance of
adjusting for reference-arm effects in ITC/NMA to avoid potential bias.

e Reference-arm adjustment, while not always feasible, should be more consistently considered and reported in ITC.
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