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Abstract

Bene�t-Risk (BR) analysis plays an important role in evidence

based medicine. BR analysis is done to evaluate the safety and ef-

�cacy of di�erent medical compounds in, for example, drug regulation

and drug development processes. In order to generate bene�t and risk

pro�les, evidence synthesis is necessary to estimate e�ects from avail-

able evidence. Currently evidence synthesis is mostly done through

meta-analysis that allows only comparisons between two drugs on a

single criterion. The recently proposed mixed treatment comparison

(MTC) method allows synthesizing all the available evidence through

application of a Bayesian evidence network. Decision making prob-

lems in the context of drug BR analysis often involve multiple criteria

and uncertainties, therefore multicriteria decision analysis (MCDA)

methods are needed to identify the trade-o�s among di�erent medical

compounds. Stochastic Multicriteria Acceptability Analysis (SMAA),

a family of MCDA methods, has previously been applied with criteria

measurements from meta-analysis to analyze the relative BR pro�les

of four second-generation antidepressants. In this thesis, a new SMAA

model with criteria measurements from MTC is proposed and evalu-

ated with the same antidepressants. The MTC based SMAA model is

compared with the meta-analysis based SMAA model quantitatively

and qualitatively. This thesis concludes that the MTC based SMAA

model gives more discriminative results than the meta-analysis based

SMAA model does, and improves the transparency of decision making

process.

Key words: meta-analysis; mixed treatment comparison (MTC);

stochastic multicriteria acceptability analysis (SMAA); drug bene�t-

risk analysis; multicriteria decision analysis (MCDA)
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Glossary

ADR: Adverse Drug Reaction

BR: Bene�t-Risk

CI: Con�dence Interval

DM: Decision Maker

HAM-D: Hamilton Rating Scale for Depression

MADRS: Montgomery-Asberg Depression Rating Scale

MAUT: Multi-Attribute Utility Theory

MCDA: Multi-Criteria Decision Analysis

MTC: Mixed Treatment Comparison

NNT: Number Needed to Treat

OR: Odds Ratio

RR: Risk Ratio
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1 Introduction

1.1 Background

Drug regulation is aimed at ensuring the safety, quality and e�cacy of drugs

on the market. Current decision making in drug regulation relies on the

expert judgment of the assessors, and such reliance on subjective assessment

hides the reasoning supporting the decisions and consequently causes the

regulatory process to be insu�ciently transparent and traceable.

Nowadays, the regulatory authorities increasingly request an explicit Bene�t-

Risk (BR) analysis of drugs as it can provide a basis for rational decisions in

the use of a particular therapy [1]. Such authorities include the U.S. Food

and Drug Administration and the European Medicines Agency. Drug BR

analysis can be used for identifying the trade-o�s between bene�t and risk

[2], where bene�t is the e�cacy of a drug and risk relates to its safety. Drug

BR analysis is done everyday by health care professionals, such as regulators,

practicing physicians, and employees of insurance companies, to evaluate the

safety and e�cacy of di�erent medical compounds [3]. If there is only one

measure of e�cacy and one measure of safety, the BR analysis can be assisted

�easily� by plotting possible measurements on a plane [4]. However, normally

multiple (more than two) risk criteria have to be taken into account and the

standard two-dimensional visualization techniques cannot be applied.

In order to assess the strength of evidence of the bene�ts and risks of treat-

ments, evidence based medicine applies the available evidence to medical

decision making [5]. Evidence synthesis, which became the main issue in

evidence based medicine, is a set of formal processes for bringing together

di�erent types of evidences so that we can be clear about what we know from

research and how we know it [6].

Meta-analysis is a statistical method for quantitatively synthesizing evidence

from multiple trials in order to obtain overall pooled e�ect estimates [7, 8, 9].

It is based on pairwise treatment comparisons. Often the trials compare dif-

ferent treatments in a direct way, but as the number of available treatments
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increases the number of possible pairwise comparisons increases quadrati-

cally [7]. The pairwise comparison may be inapplicable due to it disallowing

indirect comparisons, and consequently it is impossible to decide upon the

�best� treatment in a class with no common comparator. For instance, an

initial trial compares drug A to drug B, while a di�erent trial studying a

similar patient population compares drug B to drug C. Pairwise comparisons

fail to de�ne the relationship between drug A and drug C without a trial

comparing them directly.

In order to allow indirect comparisons, network meta-analysis was developed

as an extension to meta-analysis. It is also called the mixed-treatment com-

parisons (MTC) method [7]. Compared to meta-analysis, which only allows

simple pairwise comparisons, the MTC method can combine all available ev-

idence from a network of trials. Diversity in treatment e�ects [9] may exist

across comparisons in a network, so trials directly comparing drug A and

drug C may systematically di�er from trials comparing drug A with drug B

and drug B with drug C from which an indirect estimate of drug A versus

drug C is obtained. MTC models allow to estimate such inconsistency in

the evidence structure, and in the absence of considerable inconsistency, to

comprehensively estimate e�ects by taking into account all evidence.

Decision making problems in the context of drug BR analysis often involve

multiple criteria (minimum one of each e�cacy and safety) and uncertain-

ties (results from clinical trials are estimates with probability distributions).

Therefore, only evidence synthesis is not enough, quantifying the trade-o�s

between bene�ts and risks under uncertainty is also needed. This can be

addressed through Multi-Criteria Decision Analysis (MCDA). MCDA is a

discipline aimed at supporting decision makers who are faced with decisions

involving multiple criteria [10]. Di�erent MCDA methods allow combining

value judgments along multiple dimensions. Multi-Attribute Utility Theory

(MAUT) [11] is a traditional MCDA method that assists in the decision

making process through maximization of the expected utility. It allows the

decision makers (DMs) to quantify the relative importance of the criteria by

identifying weights which re�ect the DMs' preferences regarding the criteria's

2



relative importance.

Mussen et al. [12] were the �rst to propose to use MCDA in the context of

drug BR analysis. Although they provided a general framework for construct-

ing a multicriteria decision model for BR analysis, their method requires the

DMs to provide precise weights for describing the relative importance of cri-

teria. However, in real-life decision problems, it is almost impossible for DMs

to provide such exact weights. Felli et al. [13] published a similar MCDA

approach in drug BR analysis. They proposed to use categorical value scales

for all BR attributes instead of using continuous measurements. Although

it simpli�es the application of the model, there is a substantial possibility

of loosing information by mapping measurements from a continuous scale

to ordinal categories. Judging from these two applications, it seemed that

applying the traditional MAUT couldn't provide a solution for taking into

account the uncertainties. In order to overcome the limitations of these two

approaches, Tervonen. et al. [3] proposed to use Stochastic Multicriteria

Acceptability Analysis (SMAA) in drug BR analysis.

SMAA [14] is a family of MCDA methods for supporting multicriteria de-

cisions in situations where neither criteria values nor weights are precisely

known. SMAA methods have proved applicable in risk assessment and also

other real-life decision problems including Helsinki general cargo harbor EIA

[15], elevator planning [16], forest ecosystem management [17], locating an

airport hub for centralizing cargo in Morocco [18] and strategic planning

of an electricity retailer [19]. Unlike MAUT and other traditional MCDA

methods, in SMAA the DMs need not express their preferences explicitly or

implicitly and consequently they don't need to know every weight exactly.

Hansen et al. [20] did a meta-analysis for a group of second-generation antide-

pressants and concluded that they do not di�er substantially for treatment

of major depressive disorder. Tervonen et al. [3] used a SMAA model to an-

alyze the same antidepressants based on the meta-analysis of Hansen et al.

and showed trade-o�s between e�cacy and safety. However, there still exists

a limitation in their work. Although they succeed in quantifying the trade-

o�s between the bene�ts and risks, only the evidence from direct comparison
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was included in the analysis. The indirect evidence which also contributes

to the trade-o�s was missing.

In order to overcome this limitation, this thesis evaluates a new approach

for drug BR analysis which includes construction of a decision model using

SMAA method with criteria measurements from a network meta-analysis.

Such model is able to take into account all the available evidence from both

direct and indirect comparisons.

In this thesis, the two evaluated approaches will be called the following:

1. �MA/SMAA� represents the old method (meta-analysis based SMAA)

proposed by Tervonen et al.

2. �MTC/SMAA� represents the new method (network meta-analysis based

SMAA) proposed in this thesis.

The related previous research is described in Table 1.

Table 1: Description of related previous studies and this thesis
Study Method Comparison Criteria Conclusion

Hansen et al. meta-analysis direct single No signi�cant di�erence among drugs.

Tervonen et al. MA/SMAA direct multiple There exists trade-o�s among drugs.

This thesis MTC/SMAA direct multiple Do the results di�er with the one above?

indirect Is MTC necessary for drug BR analysis?

1.2 Problem statement

This thesis aims to construct the MTC/SMAA model and �nd out the ad-

vantages and disadvantages of this model compared to the MA/SMAA model

in the context of drug BR analysis.

1.3 Disposition

In the beginning of this thesis, chapter 1, the background and the research

problem are described. In chapter 2, the extended background of the research
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is introduced in order to let readers understand the theory of the methods

and models used in this thesis. Chapter 3 describes the research methodology

applied during the research process. The case study is introduced and ex-

tended to evaluate MTC/SMAA and compare it with MA/SMAA in chapter

4, and also the analysis and discussion are conducted in this chapter. Finally

in chapter 5 the conclusion and recommendation for future work are given.

The results from the models are listed in Appendices A-C.
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2 Extended background

2.1 Network meta-analysis

In medical research, meta-analysis is applied frequently to aetiology, to di-

agnosis and to prognosis, as well as to answer questions of the e�ects of

interventions [21]. This method was initially developed more than a century

ago by Karl Pearson [22]. Meta-analysis is a statistical method for com-

bining evidence from multiple studies (often randomized controlled trials) in

order to obtain a quantitative synthesis. With the aim of detecting treat-

ment e�ects reliably, meta-analysis is applied broadly to summarize existing

evidence from all available trials as the size of individual trials is often too

small. As it tries to estimate a combined e�ect from a group of individual

trials, these individual trials should be similar enough so that the combined

estimate is meaningful. However, in practice these trials often vary because

of di�erences in study design. If such variation is excessive, it is called het-

erogeneity. With meta-analysis one can identify and measure the extent of

heterogeneity among the results of trials. As the meta-analysis is based on

pairwise comparisons, the results are expressed as ratios. For dichotomous

outcomes, e�ect size is often measured as in risk ratio (RR) or odds ratio

(OR). Risk is the probability of having an event, and odds describes how

likely an event is to happen, which is the ratio of events to non-events. RR

is the risk of the event in one group divided by the risk of the event in the

other group. OR is the odds of the even in one group divided by the odds of

the event in the other group. OR and RR are similar when the event is rare,

but di�er substantially when the event is common.

With the arrival of the information era, increasing amounts of information

from multiple sources need to be taken into account in analyses that support

medical decision making processes. Meta-analysis, which is based on pair-

wise treatment comparison, starts showing its limitation when dealing with

a large network of comparisons. As an example, consider the evidence struc-

tures of Figure 1, where the letters represent di�erent drugs and the lines

represent direct comparisons between two drugs. In this �gure, (1) shows a
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pairwise treatment comparison, (2) shows an indirect comparison, (3) shows

mixed treatment comparison with both direct and indirect comparison, and

(4) shows a realistically complex network of comparisons. The relationship

between trials can be arbitrarily complex, but meta-analysis can only access

the results from direct comparison between two drugs and fails in drawing

conclusions from the indirect comparisons. This causes �selection bias� in the

sense that evidence having an indirect relationship with the target will be ex-

cluded automatically. Meta-analysis also fails to control the bias which means

that it can not generate quali�ed results if the studies are badly designed. To

address this situation, there exists an extension to the meta-analysis which

allows multiple (more than two) treatments to be simultaneously compared.

This method is called network meta-analysis or mixed treatment comparison

(MTC) [7]. In MTC models, all available evidence can be taken into account

from both direct and indirect comparisons.

Figure 1: Network evidence structures.

The main contributions of the MTC method are that it includes all the

available evidence, it allows checking the consistency of the evidence formally

[23], and that it does not depend on the chosen comparator treatment. In

addition, the MTC method improves the transparency of evidence synthesis

process as treatments don't need to be grouped into multiple analyses or

excluded. Evidence synthesis through the MTC method provides a basis for

single-criterion decision making.
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2.1.1 Consistency model

Suppose we have three treatments: A, B and C, as shown in Figure 1 (3). The

three pairwise comparisons are AB, AC and BC. We derive three unrelated

estimates of the treatment e�ects dAB, dAC , dBC from the given studies by

carrying out three separate meta-analyses, which measure the treatment ef-

fects on a scale symmetric at zero [9], such as Log-OR. The consistency model

assumes a transitivity among the three parameters, so their relationship can

be described as follows:

dBC = dAC − dAB (1)

The assumption of consistency states that the parameter dBC can be esti-

mated using both direct BC comparison evidence and indirect comparison

evidence on AC and AB. In a consistency model, direct and indirect evidence

is clearly related. Under consistency, a Bayesian random-e�ects model can

be applied to estimate the treatment e�ect [8].

2.1.2 Inconsistency model

In order to assess inconsistency, an additional term is used to represent the

inconsistency [9], i.e.:

dBC = dAC − dAB + φ (2)

where φ represents the inconsistency between the BC treatment e�ect from

direct BC trial and the BC treatment e�ect based on indirect evidence from

AB and AC trials. For example, if dBC measured from direct BC trial is

0.5 and dAC and dAB from trials AC and AB are 0.7 and 0.3, the indirect

comparison of the treatment e�ect between B and C is 0.4. This then is

inconsistent with 0.5 from the direct comparison, and therefore φ = −0.1. In
general, the inconsistency can be expressed as a vector:

φ = (φ1, φ2, ..., φL) (3)

8



When φ=0, the model is a consistency model. When φ6=0, it is an inconsis-

tency model. The dimension L of φ describes the inconsistency degrees of

freedom (ICDF). Normally it can be identi�ed as the number of independent

loops in the graph representation of the evidence network. If all the trials

are two-arm trials, L can be calculated by L=J-(T-1), where J is the number

of di�erent pairwise comparisons and T is the number of treatments. Take

Figure 1 (4) as an example, where T=7, J=9, so L=3. If some trials have

more than two arms, the calculation of L is more complicated [24].

The inconsistency of a network could re�ect genuine diversity, bias or a com-

bination of both [9]. The lack of a demonstrable inconsistency does not prove

that the results are free of bias and diversity. It is particularly di�cult in

clinical or epidemiological areas to evaluate the inconsistency, because im-

portant characteristics may not be reported, many comparisons can have few

results or the results are reported in diverse formats.

The MTC method allows estimation of both heterogeneity in the e�ect of

any given treatment and inconsistency in the evidence from di�erent pairs of

treatments [7]. Assume that drug A is found to be superior to drug B in the

�rst trial, and drug B to be equivalent to drug C in a second trial. Network

meta-analysis then allows one to say that drug A is also superior to drug C

for this particular patient population.

2.1.3 Implementation of MTC

Network meta-analysis can model various types of outcome data through dif-

ferent probability distributions. For example, a binomial distribution can be

used to model numbers of events, or a normal distribution to model sam-

ple means [9]. The MTC model is implemented as a Bayesian estimation

procedure through su�ciently �exible software, such as WinBUGS or JAGS,

which uses Markov Chain Monte Carlo simulation [8, 9]. For more details on

algorithmic parametrization of MTC models, see [24].
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2.2 Stochastic Multicriteria Acceptability Analysis

SMAA methods have been developed for supporting discrete group decision

making problems in situations where neither DMs' preferences nor criteria

measurements are precisely known. Such decision making problems occur

often in practice. According to Lahdelma et al. [25] the reasons why the

preference information is often di�cult to obtain include DMs not having

su�cient time to study the problem or them having di�culties in comparing

criteria so that they cannot provide precise preference information, and the

DMs being afraid of revealing their preferences in public. The reason could

also be that the DMs do not want to �x their their preferences because they

may change during the process, or that the analysts are unable to elicit the

preferences. However, even if the preference information can be obtained

from the DMs, the preferences of several DMs that disagree are hard to com-

bine and any subjective weight information should be considered uncertain

since di�erent weight elicitation methods provide di�erent weights for the

same problem [25]. Instead of trying to identify the best alternative based

on precise preference information [25], SMAA allows to identify the prefer-

ences that make each alternative the preferred one. The fundamental idea

of SMAA is to quantify the decision uncertainty and to aid decision making

through descriptive measures calculated as multidimensional integrals over

stochastic parameter spaces [26].

There exists a number of di�erent variants of SMAA. SMAA-2 [27] extends

the original SMAA method to consider any rank from best to worst for each

alternative. SMAA-3 [28] is based on pseudocriteria as in the ELECTRE III

decision-aid. SMAA-III [29] applies the full ELECTRE III outranking pro-

cess with uncertain criteria measurements, weights, and thresholds. SMAA-D

[30] uses, instead of a value function, the e�ciency score of Data Envelopment

Analysis. SMAA-P [31] is based on piecewise linear prospect theory where

alternatives are evaluated with respect to gains and losses from reference

points. SMAA-O [25] provides a solution to treat mixed cardinal and ordinal

criteria data. SMAA-A [32] compares the alternatives by applying reference

points and achievement functions. SMAA-TRI [33] is an ordinal classi�ca-
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tion method based on ELECTRE-TRI with uncertain criteria, thresholds,

and weights.

2.2.1 SMAA-2

The SMAA-2 method [27] is chosen in this thesis as it allows directly rank-

ing all the alternatives. It explores the multi-dimensional weight space based

on an assumed value function and stochastic criteria values, in which pref-

erences and uncertainties are quanti�ed and arbitrarily distributed criteria

measurements can be used.

Consider that a group of DMs have a set of m alternatives {x1, x2, . . . , xm},
which are evaluated in terms of n criteria. A real-valued utility function

u (xi, w) is assumed to represent the DMs' preference structure, where w is

an individual weight vector for a DM to quantify their subjective preferences.

The weights are assumed to be non-negative and normalized, and the feasible

weight space W is de�ned as

W =
{
w ∈ Rn : w ≥ 0 and

n∑
j=1

wj = 1
}

(4)

The uncertain or imprecise criteria values are represented by stochastic vari-

ables ξij corresponding to assumed or estimated joint probability distribu-

tion and density function f(ξ), where i ∈ {1, ...,m} index alternatives and

j ∈ {1, ..., n} index criteria. Similarly, the DMs' unknown or partially known

preferences are represented by a weight distribution with density function

f (w) in the feasible weight space W. Total lack of DMs' preference informa-

tion is represented by a uniform weight distribution in W :

f (w) = 1/vol (W ) (5)

where the (n-1)-dimensional volume of the feasible weight simplex is

vol (W ) = n1/2/ (n− 1)! (6)
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Figure 2: The feasible weight space in the three-criteria case.

In the three-criteria case W is a two-dimensional simplex as illustrated in

Figure 2.

If criteria values and weights are precisely known, the problem can be easily

solved by evaluating the utility function for each alternative and choosing

the one with largest utility. However, normally neither criteria values nor

weights are precisely known in real-life decision-making problems. The rank

of each alternative is de�ned as an integer from the best rank (1) to the worst

rank (m) by means of a rank function,

rank (ξi, ω) = 1 +
∑

ρ (u (ξk, ω) > u (ξi, ω)) (7)

where ρ (true) = 1 and ρ (false) = 0. The set of favorable rank weights

W r
i (ξ) for each alternative are de�ned as

W r
i (ξ) = {w ∈ W : rank (ξi, ω) = r} (8)

For aiding the decision making, SMAA-2 de�nes three descriptive measures,
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the rank acceptability index, the central weight vector, and the con�dence

factor.

Rank acceptability index bri The rank acceptability index is a measure

of the variety of di�erent valuations making an alternative the most preferred

one, and also takes into account the acceptability for a certain rank. The rank

acceptability index measures the variety of di�erent values granting alterna-

tive xi rank r. It is computed as an integral over the criteria distributions

and the favorable rank weights as

bri =

ˆ
X

f (ξ)

ˆ
W r

i (ξ)

f (w) dwdξ (9)

Normally the most acceptable alternative should be the one with the highest

acceptability for the best rank. The rank acceptabilities can be used directly

in the multicriteria evaluation of the alternatives [27].

Central weight vector wci The central weight vector is de�ned as the

expected center of gravity of the favorable weight space. It is computed as

an integral over the criteria and weight distributions by

wci =

ˆ

x

f (ξ)

ˆ
wr

i (ξ)

f (w)w dwdξ/b1i (10)

The central weight vectors represent the typical valuations resulting in the

decision [14], and they can be presented to the DMs to help them understand

how di�erent weights correspond to di�erent choices [27]. Under such circum-

stance, the DMs can know which actions should result from what preferences

without providing any preference information.

Con�dence factor pci The con�dence factor is de�ned as the probability

for an alternative to be the preferred one with the chosen central weight

vector. It is computed as an integral over the criteria distributions as
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pci =

ˆ
ξ∈u(ξi,wc

i )>u(ξk,wc
i )
f (ξ) dξ (11)

Con�dence factors measure whether the input data is accurate enough for

making an informed decision [14]. They quantify whether a decision is certain

when the DMs' preferences correspond to certain central weights.

As mentioned above, SMAA is developed for the situations where neither the

criteria nor the preferences are precisely known. However, in some decision

problems, it is possible to obtain some speci�c weight information. Under

such circumstance, the density functions is de�ned with a uniform distribu-

tion in the restricted weight space W
′
as f ′ (w) = 1/vol (W ′) when w ∈ W ′

and f ′ (w) = 0 when w ∈ W \W ′
. In particular, SMAA-2 introduces the

following types of restrictions on the weight space [27]:

1. Partial or complete ranking of criteria (wj > wk).

2. Intervals for weights (wj ∈
[
wminj , wmaxj

]
).

3. Intervals for weight ratios (trade-o�s) (wj/wk ∈
[
wminjk , wmaxjk

]
).

4. Linear inequality constraints for weights (Aw 6 c).

5. Nonlinear inequality constraints for weights (f (w) 6 0).

The feasible weight space W with interval constraints for weight w1 in the

three-criteria case is shown in Figure 3. A complete ranking can be obtained

by asking the DMs to identify the most important, second important, etc.

criterion. The complete ranking of the criteria can be expressed as a sequence

of inequality constraints of the weights

wj1 > wj2 > ... > wjn (12)

The feasible weight space W in the three-criteria case is showed in Figure 4

with the ranking w1 > w2 > w3. The preference information from multiple

DMs can be combined using union, intersection, or averaged density [27].
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Figure 3: The feasible weight with constraints on w1 in the three-criteria
case.

Figure 4: The feasible weight space with complete ranking of the weights in
the three-criteria case.
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From Figures 3 and 4 we can see that the preference information limits the

size of weight space. The central weights are generally considered only if

there is no preference information included in the model, as their descriptive

power is limited in case of being computed within a restricted weight space.

2.2.2 Implementation of SMAA

SMAA computations are based on multidimensional integrals, which in prac-

tice are impossible to calculate manually because the distributions can be

arbitrarily complex. Straightforward integration techniques are also not fea-

sible because they are based on exploring the distributions with respect to

each dimension and the required e�ort depends exponentially on the number

of dimensions. However, Monte Carlo simulation provides a proper solution

because a very high precision answer is not necessary. Monte Carlo simu-

lation is widely used in mathematics for the evaluation of de�nite integrals,

and it is particularly useful for multidimensional integrals with complicated

boundary conditions.

The computation of SMAA algorithm is done in four parts, which are the

generation of the criteria measurement matrix, the generation of weights, the

computation of bri and w
c
i , and the computation of pci . For more details about

the algorithm, see [34].
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3 Research methodology

3.1 Research type

In order to address the research problem stated in section 1.2, di�erent ap-

proaches were considered to perform the research at the beginning.

First alternative is to perform qualitative comparison between the MA/SMAA

and MTC/SMAA models. The qualitative comparison can provide an in-

depth understanding of the two models and draw the conclusion by compar-

ing the principle of construction and implementation processes of the two

models. The advantages and disadvantages of the MTC/SMAA model are

mainly according to the comparison between MTC model and meta-analysis

as discussed in section 2.1. The strength of this approach is that the compar-

ison is based on the model structure design, free of data and gram processing,

and the conclusions are not limited in any speci�c case or area. However,

there is no veri�cation to support such conclusions. For instance, one ad-

vantage of the MTC model is that it allows taking into account all available

evidence, but how this allowance will in�uence the results from SMAA model

is not illustrated, e.g. whether the results will assist the decision making or

not in�uence the results at all, etc. Therefore the general conclusions pro-

duced through such qualitative comparison are only hypotheses, and evidence

to verify the hypotheses is missing [35].

Second alternative is to study multiple cases and use quantitative analysis

for concluding which model outperforms the other. The case study method is

chosen as it is based on in-depth investigations and provides a systematic way

of looking at the case, collecting and analyzing the data, and reporting the

results [36]. With case studies, the hypotheses can be generated and veri�ed

by themselves [37]. The MTC/SMAA model is constructed and evaluated

through case studies so that the construction and implementation processes

are shown clearly, and the results will be supported by large amount of data

with which a general conclusion can be drawn through quantitative analysis.

The strength of this approach is that the applicability of the models can

be tested through di�erent cases, and quantitative analysis concludes the

17



advantages and disadvantages of the MTC/SMAA model from the results

viewpoint with large amount of data supporting. However, unfortunately

due to limited suitable case data in drug BR analysis area, studying multiple

cases is not realistic. In addition, quantitative analysis mainly draw the

conclusion based on observation of these empirical evidences from multiple

cases on the e�ectiveness of the two models, but is unable to provide a

su�cient comparison on the models structure design and their functionality

which are important for how the DMs apply the models.

Considering the pros and cons of the two alternatives discussed above and

properties of research problem, another method is applied, which is study-

ing a single case and concluding the advantages and disadvantages of the

MTC/SMAA model by both quantitative and qualitative comparisons with

the MA/SMAAmodel. The property of research problem in this thesis, which

is the need of a speci�c scenario to develop and analyze the models so that

the results are comprehensible and measurable, decides case study method.

Due to limited suitable data resource and the fact that the MA/SMAA model

was only applied in one case, the same case study, e�cacy and safety anal-

ysis of second-generation antidepressants, will be applied and extended in

this thesis. Using the same case allows the comparison of the MA/SMAA

and MTC/SMAA model under the same criteria and scenarios. In order to

draw a conclusion based on the comparison between the two models, both

quantitative and qualitative comparisons are applied. Quantitative compari-

son is performed on the results (parameters) from the models as it evaluates

the e�ectiveness of the models. Qualitative comparison is performed from

the model structure design and implementation requirements point of view

as it evaluates the functionality and complexity of the models. The strength

of this method is that the MTC/SMAA model is applied in the same case

with the MA/SMAA model which allows a feasible and fair comparison be-

tween them, and the results from the MA/SMAA model already existed. In

addition, combination of quantitative and qualitative comparisons allows a

holistic perspective analysis and also a veri�cation supporting the hypotheses

made in the qualitative comparison. However, the limitation of this method

is that the applicability of the MTC/SMAA model in other cases or areas is
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unknown.

3.2 Research steps

The research is conducted with several steps including literature review, data

collection, model construction, analysis, and concluding. During these steps,

di�erent methods could be applied, and each chosen method is motivated by

the speci�c properties and requirements of the research problem.

Literature review This thesis requires knowledge from cross-disciplines of

information systems, decision sciences, statistics and pharmacology, so large

amount of literature needs to be reviewed. This literature review mainly

covers areas of drug information system, MCDA, SMAA, meta-analysis, net-

work meta-analysis, decision making, BR analysis, and Bayesian analysis.

Most of the literature is obtained from the digital library at KTH and RuG.

Data collection Data collection is the process of gathering related infor-

mation to identify this speci�c topic [38]. Di�erent methods could be applied

to collect data, such as personal interviewing, observing, extracting available

information, searching Internet, group discussion, questionnaires, etc. [38].

In this thesis, the required data is the information of treatments with de-

pressive patients, such as study groups, patient characteristics, number of

treatment responders, number of dropout patients, number of patients who

get adverse drug events. The number of treatment responders and number

of patients who get adverse drug events are most important as they generate

the criteria measurements to e�cacy and safety of the drugs (see the detailed

de�nition in section 4.1.1 and 4.1.2). The data mostly comes from published

clinical trials results in literature, therefore the approach extracting avail-

able information is the only feasible way to collect data in this thesis. The

data was extracted from 44 original studies, listed in Appendix D, comparing

di�erent antidepressants which were cited by Hansen et al. [20].
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Model construction The MTC/SMAA models were constructed in the

chosen case study: �rst a network meta-analysis was performed to synthesize

the evidence, and then a SMAA decision model was constructed using its

results. Limited knowledge and technology results in two separate steps in

the MTC/SMAA model generation, the MTC model and the SMAA model.

The MTC model can be constructed manually or by using speci�c software.

Due to the complexity of the model construction, in this thesis �drugis.org

MTC library� [24] is chosen to generate the models, JAGS [39] is used to

calculate the models, and the post-processing to transform the results into a

comprehensible format is conducted through R [40]. The SMAA model can

be constructed by hand or generated automatically, and in this thesis it was

built up by inputting the parameters manually into JSMAA [41] as those

parameters are generated from another separated model, the MTC model.

Analysis In this thesis, the analysis focuses on comparing the MTC/SMAA

and MA/SMAA models so that the advantages and disadvantages of the for-

mer are evaluated. As discussed in section 3.1, combination of the quanti-

tative and the qualitative comparisons allows a systematic method to draw

the conclusion and also provides an analysis of the result from multiple per-

spectives. With the analysis of results the following questions are answered:

1. Do the SMAA decision analysis results di�er signi�cantly with the cri-

teria measurements are constructed from network meta-analysis from

those that are constructed from meta-analysis?

2. How do the two models di�er qualitatively from the decision support

viewpoint?

3. How easily can the two models be implemented as alternative evidence

synthesis options in a decision support system?

To answer the �rst question, the quantitative comparison is conducted from

the results perspective, which refers to the performance of each antidepres-

sant under di�erent scenarios. The corresponding outputs from the two meth-

ods are compared by estimated e�ects, rank acceptabilities, central weights
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and con�dence factors, which are the parameters of shown results from the

models. These criteria are chosen as not only they are the indices of the

decision model results but also they re�ect the outcome of incorporating

all available evidence (by estimated e�ects), which model produces more

discriminative results (by rank acceptabilities), and whether the trade-o�s

between bene�t and risk are identi�ed (by central weights and con�dence

factors). The quantitative comparison veri�es the hypotheses made in the

qualitative comparison and deals with how the DMs can make decisions by

applying the models. However, the scales for di�erent measurements in the

two models should be consistent to perform the quantitative comparison so

that those numbers have the same meaning, as otherwise di�erent results will

not tell much about the di�erences between the two models.

To answer the rest two questions, the qualitative comparison is processed

from the requirements perspective which refers to what is required to imple-

ment the method, what is the di�erence in the complexity of the methods and

what additional information is required in application of the MTC/SMAA

model for pharmacological decision making. The complexity is measured

by analyzing the steps required to implement the method, model generation

and format of the results. These criteria tell the di�erence between the two

models with respect to how easily the DMs can understand and apply the

models. Through the qualitative comparison the reasons for the di�erences

in the quantitative comparison are explained.

Concluding The MTC/SMAA model is constructed and evaluated in the

context of drug BR analysis. The evaluation is processed according to the

results from quantitative and qualitative analyses. The conclusion is drawn

by the answers to the three questions in analysis step.

The �rst question (with quantitative comparison) is answered by the discrim-

ination of the results, where the term �discrimination� refers to the di�erence

between each drug's rank acceptability in the best and worst rank and the

scale of one drug outperforms the others in a certain scenario. Under the sit-

uation that the parameters are generated from available evidence correctly,
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the more discriminative the result is, the easier for DMs to make the decision

based on the result. However, to treat �discriminative� as an advantages or

disadvantage of the MTC/SMAA model is not suitable for all the situation.

For example, in the case chosen by this thesis, more discriminative results

mean better results from decision making model, but sometimes in other

cases it is not guaranteed. Therefore, in the conclusion, discrimination is

considered as a criterion to evaluate the applicability of the MTC/SMAA

model in this speci�c case, but not as the advantage or disadvantage of the

model in a general.

The second question (with qualitative comparison) is answered by indicating

the transparency of the decision making process, where the term �trans-

parency� refers to dealing with those under-table information, such as the

inconsistency and the automatic excluded studies or evidence. Also this

question is answered by the functionality of the models which refers to their

ability of synthesizing evidence and supporting the decision making.

The third question (with qualitative comparison) is answered by the com-

plexity of using the models for DMs, where the term �complexity� refers to

how easily can DMs understand and implement the models.

The recommendation for the future work is made according to the observation

during the research and the limitation of applied method.
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4 Case study

In order to go beyond pure theoretical discussion, a real case, e�cacy and

safety analysis on second-generation antidepressants, is introduced and an-

alyzed with the MTC/SMAA method. The whole process of case study is

presented in Figure 5. The results from the MA/SMAA method are listed

in Appendix A (adapted from [3]), and the results from the MTC/SMAA

method are listed in Appendix B.

Figure 5: Process diagram of case study.

Forty-four head-to-head randomized, controlled trials compared ten com-

monly prescribed second-generation antidepressants. The network of all

available studies is depicted in Figure 6, where each line indicates the di-

rect comparison between two drugs. The number close to each line indicates

the number of studies which include this comparison, and the dotted circle
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Figure 6: Evidence network of existing studies comparing e�cacy of second-
generation antidepressants.

around Escitalopram means that there is no direct comparison between it and

Fluoxetine which is chosen as the common comparator. Since meta-analysis

is based on pairwise comparisons, a common comparator is required to per-

form the analysis. Figure 6 shows that only 20 comparisons are available out

of 45 (n (n− 1) /2, n = 10) possible comparisons in the included studies.

4.1 Previous related studies

4.1.1 Meta-analysis

Meta-analysis has been applied in a published treatments comparison by

Hansen et al. [20]. They reviewed and analyzed the 44 studies compar-

ing second-generation antidepressants and performed 3 meta-analyses (the

bold lines in Figure 6) on Paroxetine, Sertraline and Venlafaxine with Flu-

oxetine as the baseline. In these meta-analyses, 5 studies among Sertraline,

Paroxetine and Venlafaxine were excluded (see Figure 7). They used treat-

ment response as the bene�t criterion to evaluate e�cacy, de�ned as 50% or

greater improvement on the Hamilton Rating Scale for Depression (HAM-D)

or the Montgomery-Asberg Depression Rating Scale (MADRS) from baseline

to the endpoint.
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Figure 7: Evidence network of chosen antidepressants.

Hansen et al. concluded that the four antidepressants do not di�er substan-

tially for treatment of major depressive disorder. For example, the meta-

analysis of Fluoxetine compared with Paroxetine is described by a forest

plot, shown in Figure 8 (adapted from [20]). Five studies comparing Fluox-

etine with Paroxetine were pooled. The numbers on each side of the 95%

con�dence intervals (CI) are the number of responders over the total number

of participants who were randomly allocated to receive that drug, and the

relative bene�t is a risk ratio. The forest plot tells us that the combined

relative bene�t overlaps with 1, which means that there is no signi�cant dif-

ference between Paroxetine and Fluoxetine (relative bene�t, 1.09 [CI, 0.97 to

1.21]) [20].

4.1.2 MA/SMAA

Based on the safety and e�cacy data from the meta-analysis done by Hansen

et al., Tervonen et al. [3] constructed a SMAA-2 model for the therapeu-

tic group of antidepressants. In their study, four antidepressants for which

su�cient quantitative data was available were selected for the analysis: Flu-

oxetine, Paroxetine, Sertraline, and Venlafaxine. They used the same e�cacy

criterion as in Hansen et al. [20]. The risk criteria to evaluate safety were

the �ve most common adverse drug reactions (ADRs): diarrhea, dizziness,
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Figure 8: Meta-analysis of Fluoxetine compared with Paroxetine.

headache, insomnia, and nausea. The criteria are summarized in Appendix

A Table 4. The e�cacy and safety data from the meta-analysis is shown in

Appendix A Table 5.

Tervonen et al. used the meta-analyses of Hansen et al. as estimates of the

relative e�cacy of Paroxetine over Fluoxetine, Sertraline over Fluoxetine,

and Venlafaxine over Fluoxetine. The pooled ADRs were also taken from the

published results of Hansen et al. The pooled incidences of the ADRs as well

as the log of the pooled e�cacy ratios were assumed to be independently and

normally distributed random variables [42]. The means of these distributions

are equal to the (log of the) pooled e�ect size estimates, and the standard

deviations σ are derived from the corresponding 95% CI as reported in the

meta-analysis [3]. For example, the pooled dizziness for Paroxetine was found

to be equal to 10.6 with a 95% CI of [7.5-13.7] [20]. The estimated standard

deviation of the pooled incidence of dizziness for Paroxetine can be calculated

as σParoxetinedizziness = 13.7−7.5
2∗1.96 = 1.58 as the upper (lower) bound of this CI was

computed by adding (subtracting) 1.96σ to (from) the e�ect-size estimates

of 10.6.

The analyses were performed under three scenarios: one with missing pref-

erence information, and two with a criteria ranking elicited from an expert
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in the �eld of antidepressants: separately for mild and severe depression.

The �rst scenario was with no preference information. Its rank acceptability

indices are listed in Appendix A Table 6 and visualized as a column chart in

Appendix A Figure 14. The central weights are listed in Appendix A Table 7.

These results indicate that all drugs have reasonable BR pro�les and there

are clear trade-o�s among the four drugs. For instance, if the DMs have a

prior preference for Paroxetine, then according to the BR pro�les expressed

through the central weights, apparently the ADR nausea displays the highest

importance. To make a rational decision, the DMs should favor lowering �rst

nausea from the worst scale value (34%) to the best scale value (11.1%).

In the remaining two scenarios, the strict preference relation is denoted by

�, where �A � B� means �A is preferred to B�. The preference ranking for

mild depression is Diarrhea � Nausea � Dizziness � Insomnia � Headache

� E�cacy, and for severe depression is E�cacy � Diarrhea � Nausea �
Dizziness � Insomnia � Headache 1. The rank acceptability indices for the

scenario of mild (severe) depression are listed in Appendix A Table 8 (Ap-

pendix A Table 9) and visualized as column charts in Appendix A Figure 15

(Appendix A Figure 16). From the �gures we can see that both the mild and

severe depression scenarios result in a relatively high �rst rank acceptability

for Paroxetine. Since it also has a good rank in the �rst scenario, it can be

considered to have the �best� overall BR pro�le if no additional information

is available. The rank acceptabilities for other drugs are more sensitive to

the preference information.

4.2 MTC/SMAA

To evaluate the MTC/SMAA method, a multicriteria model is constructed

for the same group of second-generation antidepressants to demonstrate the

applicability of the MTC/SMAA model in drug BR analysis, as described in

section 3.2. The same criteria are chosen as in the study of Tervonen et al. [3]

so that the MTC/SMAA method is processed under the same scenario with

1The ranking was provided by an expert in the �eld of antidepressants for mild depres-
sion and severe depression.

27



the MA/SMAA method. The criteria characteristics are listed in Appendix

B Table 10.

4.2.1 MTC model

In the network meta-analysis part, as shown in Figure 9, at �rst an inconsis-

tency MTC model is constructed, and its results are checked for a signi�cant

amount of inconsistency. If there is no relevant inconsistency, the consistency

MTC model can be constructed which will be then used for constructing the

SMAA model. If there is inconsistency, the reason for the inconsistency

must be determined. Then, the explanation of inconsistency will be judged

by medical experts. If the explanation is su�cient to identify the source of

inconsistency, the causing study is removed, and a new inconsistency MTC

model is constructed and inconsistency evaluation is repeated.

To make the whole network meta-analysis clear, consider an imaginary anal-

ysis of three second-generation antidepressants, Fluoxetine (F), Paroxetine

(P) and Venlafaxine (V). Assume that there are 8 studies comparing F and

P, 10 studies comparing F and V, and 5 studies comparing P and V (see

Figure 10). The inconsistency model shows that the result from direct com-

parison V-P is inconsistent with the result from indirect comparison V-P

through comparisons F-P and F-V. After the judgment from medical ex-

perts, the reason for the inconsistency is that in the studies comparing F-V

and F-P, all the patients are female, but in two of the studies comparing V-

P, the patients they research on are male, so these two studies are removed.

This step is done repeatedly until there is no relevant inconsistency, and then

the consistency model is constructed.

The analysis with Fluoxetine, Paroxetine, Sertraline, and Venlafaxine is con-

ducted using Fluoxetine as the baseline. The criteria measurements from the

network meta-analysis are listed in Appendix B Table 11. Markov Chain

Monte Carlo simulation with 50,000 iterations is used to estimate each MTC

model. The results of a consistency MTC model 2 for the e�cacy (HAM-D)

2In this thesis, the inconsistency model is not shown as the analysis of inconsistency is
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Figure 9: Diagram of MTC model application.

criterion are shown in Table 2. Each cell gives the OR (95% CI), where the

row-de�ning treatment i is baseline and the column-de�ning treatment j the

comparator: odds(j)
odds(i)

. ORs higher than one indicate a higher response-rate for

the column-de�ning treatment. In order to input these measurements into

JSMAA, the results are transformed to Log-OR (±SD), where SD stands

for Standard Deviation. For example, the OR (95% CI) for Paroxetine com-

pared to Fluoxetine is 1.20 (0.91,1.58), so the corresponding Log-OR (±SD)
is 0.17657 (±0.13745), which can be used for the SMAA model.

The criteria measurements in the MTC/SMAA model are Log-OR relative

to Fluoxetine, which are meaningless to DMs. Therefore the result is trans-

formed into an absolute risk value (except for e�cacy) in order to have similar

complicated and requires medical domain knowledge. The result of inconsistency analysis
for this case is that there is no signi�cant inconsistency in this model.
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Figure 10: An imaginary example of a study network.

Table 2: Consistency model results

Fluox
1.20 1.27 1.42

(0.91, 1.58) (1.00, 1.62) (1.14, 1.76)

0.84
Parox

1.06 1.18
(0.63, 1.10) (0.75, 1.50) (0.87, 1.61)

0.78 0.94
Sertr

1.11
(0.62, 1.00) (0.67, 1.32) (0.82, 1.51)

0.71 0.84 0.90
Venla

(0.57, 0.88) (0.62, 1.15) (0.66, 1.22)

scale units with the MA/SMAA analysis. The MTC/SMAA results under

absolute measurements are listed in Appendix C.

4.2.2 SMAA model

For the SMAA analysis, three scenarios are processed: no preference infor-

mation, mild depression, and severe depression. In the �rst scenario, no

preference information, the rank acceptability indices are listed in Appendix

C Table 18 and visualized as a column chart in Appendix C Figure 20. The

central weights are listed in Appendix C Table 19. From the central weights,

clear trade-o�s among the four drugs are identi�ed. For instance, if the DMs

display a higher preference of Fluoxetine, apparently from Appendix C Ta-

ble 19 we can see that nausea has the highest relative importance. Then if

this model is accepted by DMs, they should favor lowering �rst nausea from

the worst scale value (40.89) to the best scale value (13.81). By looking at

DMs' preferences for scale swings (Appendix C Table 16) with the central

weights (Appendix C Table 19), the DMs can decide the preferable drug un-

der speci�c circumstances. For example, if the DMs consider the scale swing
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of e�cacy (0.86) more important than the scale swing of headache (27.64),

then Fluoxetine should be out of their preference compared to other drugs

as it is the only drug whose central weight of e�cacy is considerable lower

than the central weight of headache.

In the remaining two scenarios, rank acceptability indices for the scenario of

mild (severe) depression are listed in Appendix B Table 14 (Appendix B Ta-

ble 15) and visualized as column charts in Appendix B Figure 18 (Appendix

B Figure 19). From the �gure we can see that in the mild depression scenario,

Fluoxetine has considerably higher �rst rank acceptability and much lower

last rank acceptability than the others. This result can already give DMs

the supportive information that in the mild depression scenario Fluoxetine

should be preferred over the other three drugs if no additional information

is available. In the severe depression scenario, Venlafaxine performs better

compared to the rest. In addition, compared to Paroxetine and Sertraline,

the rank acceptabilities of Fluoxetine and Venlafaxine are much more sensi-

tive to the preferences, since their rank pro�les completely depend on pref-

erences. In the mild depression scenario Fluoxetine achieves a signi�cantly

higher �rst rank acceptability (0.77) than in the severe depression scenario

(0.03). The situation is completely opposite with Venlafaxine: its �rst rank

acceptability in severe depression scenario (0.49) is much higher than in the

mild depression scenario (0.02).

4.3 Analysis

4.3.1 Quantitative comparison

Before conducting the quantitative comparison between the MA/SMAAmodel

and the MTC/SMAA model, the measurements in the MTC/SMAA model

need to be modi�ed in order to be consistent with the MA/SMAA model.

In the MTC/SMAA model, the incidences of ADRs are measured in rela-

tive value (Log-OR) to Fluoxetine, which are hardly meaningful to DMs as

it is di�cult to interpret them without knowledge of the risk of ADRs inci-

dences with Fluoxetine. Therefore, after the absolute odds for Fluoxetine are
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assumed, the results are transformed into absolute risk value using the sam-

pled odds as risk = odds/(1+odds). Tervonen et al. [3] also used absolute

risk measurements for ADRs in the MA/SMAA model, and the conversion

of MTC/SMAA ADRs measurements to this scale is necessary to perform a

fair comparison and to reuse the criteria rankings.

By contrasting the result tables and �gures from the MA/SMAA model and

the MTC/SMAA model, we can see that the outputs from two models do not

con�ict, but the latter is more discriminative. The di�erences are described

below.

Estimated e�ect After contrasting OR (95% CI) of e�cacy from meta-

analysis and network meta-analysis, it turns out that almost all the OR

from network meta-analysis are larger than those from meta-analysis. The

larger OR is, the larger di�erence between the other drugs and the baseline

(Fluoxetine) is. In addition, the OR CI for the measurement are smaller in

MTC/SMAA than in MA/SMAA since the former combines more evidence.

The interval is 95% CI which describes the uncertainty, so the smaller it is,

the lower uncertainty is.

Rank acceptabilities The rank acceptabilities in three scenarios from

the two models are visualized as column charts shown in Figures 11, 12

and 13. From these �gures we can see that in general the results from the

MTC/SMAA model are more discriminative than the MA/SMAA ones, es-

pecially in the mild depression scenario. For instance, see Figure 12, the

rank acceptability for Fluoxetine at the �rst rank is much higher and it at

the forth rank is much lower in the MTC/SMAA model result compared with

the MA/SMAA one. In this case the DMs could almost make the decision

of choosing Fluoxetine for mild depression through these results.
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Figure 11: Rank acceptability indices without preference information. Left
one is from MA/SMAA and right one from MTC/SMAA.
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Figure 12: Rank acceptability indices in mild depression scenario. Left one
is from MA/SMAA and right one from MTC/SMAA.
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Figure 13: Rank acceptability indices in severe depression scenario. Left one
is from MA/SMAA and right one from MTC/SMAA.

By comparing the rank acceptability indices between the two methods, we

can see that the performances of the drugs vary in the di�erent scenarios.
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Signi�cant variations (>0.05) are reported in Table 3. It tells us that in gen-

eral Fluoxetine's performance is better in any scenario in MTC/SMAA than

in MA/SMAA as its �rst and second rank acceptabilities increase while the

fourth decrease. However, the situation for the other three drugs is mostly the

opposite, with the exception of Venlafaxine in the severe depression scenario.

From equation 9 we can see that rank acceptability is decided by criteria dis-

tribution f (ξ) and weight distribution f (w). According to equations 5 and

6, the weight distribution does not vary in the MA/SMAA model and the

MTC/SMAA model as the number of criteria does not change. Therefore the

changes of rank acceptabilities come from the di�erences in criteria distribu-

tions. By contrasting Appendix A Table 5 and Appendix C Table 17, it tells

us that the SDs of ADRs for Paroxetine, Sertraline and Venlafaxine increase

a lot in the MTC/SMAA model compared to the MA/SMAA model. The

increased SDs are the result of using a statistic model to estimate the e�ect

instead of just the pooling applied by Hansen et al. [20]. So the criteria dis-

tributions with higher standard error contribute to the worse performances

in terms of rank acceptability indices for these three drugs. Besides this, an-

other reason for Fluoxetine's better performance in the MTC/SMAA model

might be the original study design. According to Hansen et al. [20], majority

of the trials were funded by pharmaceutical companies, and sponsorship was

associated with a 5% di�erence in treatment response (favoring the sponsor's

drug).

Table 3: Variation of rank acceptability indice in MTC/SMAA compared
with MA/SMAA and the value is expressed as rank (di�erence)

drug no preference mild depression severe depression

Fluoxetine +1(0.06),-4(0.06) +1(0.23),-3(0.15),-4(0.06) +2(0.07),-3(0.13),-4(0.21)

Paroxetine no signi�cant variation -1(0.15),+2(0.05),+3(0.07) -1(0.14),+4(0.08)

Sertraline -2(0.07),-3(0.07),+4(0.12) no signi�cant variation -2(0.05),-3(0.1),+4(0.15)

Venlafaxine -1(0.09),+3(0.07) -1(0.12),-2(0.06),+3(0.13) +1(0.11),-3(0.07)

Central weight vectors Appendix A Table 7 and Appendix C Table 19

show that there are clear trade-o�s among the drugs in both methods. By
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contrasting the DM's preferences for scale swings with the central weights,

the DMs can decide the preferred drug quickly. For example, if the DMs

consider the scale swing of e�cacy more important than the scale swing of

dizziness, then with the MA/SMAA result they should prefer the BR pro�le

of the three other drugs over Fluoxetine, because it is the only drug for which

the central weight of e�cacy is considerably lower than the central weight of

dizziness [3]. With the MTC/SMAA result they should prefer the BR pro�le

of only Venlafaxine, because it is the only drug for which the central weight

of e�cacy is considerably higher than the central weight of dizziness.

Con�dence factors The con�dence factors quantify the risk associated

with the decision, which means that the low con�dence factor shows the

uncertainty of making a truly informed decision. Through comparing the

con�dence factors from two models (Appendix A Table 7 and Appendix C

Table 19), we can �nd that results of Fluoxetine decreased less than of the

other three drugs. The possible explanation for this phenomenon can be also

the higher SDs of ADRs in the MTC/SMAA model, as the other drugs have

less precise ADR measurements than Fluoxetine.

Overall results The di�erences between results from the two models come

from the indirect comparisons among Fluoxetine, Paroxetine, Sertraline and

Venlafaxine. In Figure 7 we can see that besides the three comparisons

analyzed in the three meta-analyses (bold lines), three more comparisons

between Paroxetine and Sertraline, between Sertraline and Venlafaxine, and

between Paroxetine and Venlafaxine are taken into account by network meta-

analysis.

4.3.2 Qualitative comparison

The qualitative comparison is conducted by answering the following ques-

tions:
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What is required to implement the method? To implement the

MA/SMAAmethod, systematic review is applied for data collection, the eval-

uation criteria are chosen, random-e�ect meta-analysis is applied for evidence

synthesis, and SMAA is used to construct the decision model. To implement

MTC/SMAA method, the only di�erence is that instead of a meta-analysis,

a (Bayesian) MTC model has to be constructed. In the Bayesian analysis,

the model is constructed (or generated, see [24]) at �rst and then Markov

Chain Monte Carlo simulation is applied to run it.

What is the di�erence in the complexity of the methods? Evalua-

tion on complexity of the methods considers three perspectives:

1. Steps required to implements the methods:

In the MA/SMAA method, data is collected through systematic review of

multiple studies, and by statistically combining the data from similar studies

the precision of the estimates of treatment e�ects is improved. In order to

combine the results from similar studies, a weighted average is calculated

which is an average where the results of some of the studies make a greater

contribution to the total than others. Normally trials with higher event rates

and smaller CI get a higher weight. Meta-analysis uses statistical techniques

to calculate such a weighted average. In the MA/SMAA method, a random

e�ects model is applied to calculate RR, which is an approach to meta-

analysis that assumes the true treatment e�ects in the individual studies are

di�erent from each other. As a result, there is a distribution to estimate the

treatment e�ects, and this is used to construct the SMAA model.

In the MTC/SMAA method, the data is also collected through a systematic

review but more studies can be included as studies with indirect comparisons

are also counted in. All the MTC models are �tted by using Bayesian infer-

ence which allows to estimate the relative e�ects of pairs of drugs. Through

Markov Chain Monte Carlo simulation with 50,000 iterations, distributions

of numbers are generated in the form of OR (95% CI) which are the relative

e�ects of di�erent drugs. Before constructing the SMAA model, one addi-

tional step is needed: construction of inconsistency and consistency models.

36



The detailed process of this step was shown in Figure 9.

2. Model generation:

Compared to the MA/SMAAmethod, the MTC/SMAAmethod di�ers mainly

in the MTC part which is more complex than a normal meta-analysis. The

MTC is a Bayesian model with a di�cult model speci�cation step. In meta-

analysis, Escitalopram cannot be included in the analysis as there is no direct

comparison between it and Fluoxetine (see Figure 6). In network meta-

analysis, all drugs can be included.

3. Format of the results:

The results under absolute measurements are slightly di�erent with the re-

sults under relative measurements from the MTC/SMAA model (see Appen-

dices B and C), which illustrates that the scale also in�uences the results

besides the parameters in this model. In the scenario with mild depression

(see Appendix A Figure 15 and Appendix B Figure 18), e�cacy is the last one

in the preference list and it is also the only one under the same measurement

(Log-OR) in both methods. The di�erences in scales of ADRs contribute a

lot in this scenario, which explains why the results change more than in the

other two.

In meta-analysis, the e�ects can be in RR or OR, but in network meta-

analysis, only OR is feasible. From the mathematical point of view, OR of

event is reciprocal with OR of non-event. However, with RR there is no

such clear relationship between event and non-event, so it requires care in

choosing whether to analyze the RR of the event or non-event. Moreover, in

consistency model of network meta-analysis, take Figure 10 as an example, if

through direct comparison we can get OR between F and P (ORPF ) and OR

between V and F (ORFV ), then through indirect comparison OR between

P and V equals to ORPF×ORFV . The equation does not work with RR.

Therefore, almost all the MTC models only use OR.

The scales of the MA/SMAA model are in Log-RR and absolute risk that

are easier to understand, whereas the scales of the MTC/SMAA model are in

Log-OR. The latter has better mathematical properties (symmetric at zero)
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and easier to switch �good� and �bad� outcomes3 than Log-RR and absolute

risk, but the numbers are meaningless to the DMs.

What additional information is required in MTC/SMAA? The

analysis of inconsistency MTC model is required in MTC/SMAA, and the

analysis additionally includes determination of inconsistency, source of in-

consistency, and elimination of inconsistency.

Understandable scales are extremely important for a decision model to be of

any use. Using relative e�ects (Log-OR) and absolute e�ects (risk) to mea-

sure the criteria give slightly di�erent results. Although the results under

relative e�ects represent the e�ects more precisely, a relative scale is mean-

ingless to DMs as it cannot represent the results in clinical terms. However,

with absolute risk we can get numbers needed to treat (NNT) as NNT =

1/(risk di�erence), where risk di�erence is the di�erence between the risk for

the baseline and the risk for the other drug. NNT is a common used way to

express e�ect in clinical terms as it gives the number of people who would

have to be treated with the experimental intervention to prevent one event

compared with the reference. Therefore, the results from the MTC/SMAA

model need to be transformed before they can contribute to decision mak-

ing. To transform the e�ect into absolute measurement, the risk of baseline

must be �rst assumed and then the absolute risk for each alternative can be

calculated with its Log-OR and the assumed baseline risk.

3Most dichotomised outcomes will be a dichotomy between a good and a bad event [43],
and in the RR and OR sense, �good� refers to event and �bad� refers to non-event. There
is no direct relationship between the RR of the good outcome and of the bad outcome,
but the OR of the good outcome and of the bad outcome is reciprocal with each other.
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5 Concluding remarks

5.1 Conclusion

This thesis introduced a multicriteria decision model with criteria measure-

ments from network meta-analysis (MTC/SMAA) for drug BR analysis which

helps pharmacological decision making. A MTC/SMAA model was con-

structed for four second-generation antidepressants as an example. The re-

sults showed clear trade-o�s among these antidepressants with multiple crite-

ria model including uncertain criteria measurements, and it is easier for DMs

to make decision as the results from this model are shown more discrimina-

tive than from the previous model (MA/SMAA) proposed by Tervonen et

al. [3]. Compared to the MA/SMAA method, the MTC/SMAA method has

three main advantages.

The �rst advantages is the possibility of taking into account all the avail-

able evidence no matter whether the treatments are directly or indirectly

related. In the MA/SMAA method, the SMAA model is constructed with

criteria measurements from pairwise treatment comparisons which means

that only the evidence from direct comparisons can be included. With the

MTC/SMAA method, the SMAA model is built with criteria measurements

from mixed treatment comparisons which estimate the treatment e�ect by

synthesizing all the available evidence.

The second advantage is the possibility to decide upon the �best� treatment in

a class without a common comparator. In the MA/SMAA method, one drug

is chosen to be the common comparator and all the other drugs included in

the analysis must have a direct relationship with it, otherwise the MA/SMAA

model cannot be applied. If the common comparator is changed, the results

might change. With the MTC/SMAA method, it does not matter which

drug is the common comparator as it doesn't change the results.

The third advantage is the possibility to detect evidence inconsistency when

the studies providing evidence have di�erent designs and consequently im-

prove the transparency of decision making process.
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However, according to the qualitative analysis in this thesis, the disadvan-

tage is its considerable complexity of implementation compared with the

MA/SMAA method.

5.2 Future work

In this thesis, the constructed model is speci�c to the antidepressants and has

to be done in two steps, by �rst constructing the MTC models and then the

SMAA model, separately and manually, which requires speci�c knowledge

from DMs and is not easy for them to apply the models. Especially in

the MTC model generation, the analysis of inconsistency is complicated and

beyonds the knowledge of normal DMs, and the criteria measurements need

to be transformed into understandable format. The future research should

focus on the follows.

1. Simplifying the analysis of inconsistency.

2. Automation transformation of the criteria measurements into under-

standable format.

3. Applicability of the MTC/SMAA method to other therapeutic areas.

4. Integration of the MTC model construction, the SMAA model con-

struction and the BR analysis into a single automated decision support

process (undergoing research, see: www.drugis.org).
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Appendices

Appendix A

Table 4: MA/SMAA, criteria characteristics
Name Measurement unit Preference direction Scale range

E�cacy Relative value compared with Fluoxetine Ascending [0.98,1.23]

Diarrhea Absolute% Descending [1,20.6]

Dizziness Absolute% Descending [4.4,24.4]

Headache Absolute% Descending [8,31.3]

Insomnia Absolute% Descending [3.4,21.3]

Nausea Absolute% Descending [11.1,34]

Table 5: MA/SMAA, criteria measurements. The values are given as mean
± standard deviation. The measurement units are as presented in Table 4.

Drug Ln(E�cacy) Diarrhea Dizziness Headache Insomnia Nausea

Fluoxetine 0±0 11.7±2.5 7.2±1.45 16.6±3.27 13.7±1.89 18.6±1.79

Paroxetine 0.086±0.056 9.2±1.86 10.6±1.58 21.2±5.15 14.3±2.93 18.3±3.7

Sertraline 0.095±0.044 15.4±2.56 7.5±1.48 20.2±3.78 15±3.21 19.5±2.6

Venlafaxine 0.113±0.048 5.5±2.32 15.7±4.44 12.8±2.45 11.2±3.98 31±1.68

Table 6: MA/SMAA, rank acceptability indices from the analysis without
preference information

Drug Rank1 Rank2 Rank3 Rank4

Fluoxetine 0.20 0.28 0.30 0.22

Paroxetine 0.25 0.29 0.27 0.19

Sertraline 0.17 0.25 0.29 0.30

Venlafaxine 0.39 0.18 0.15 0.29
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Figure 14: MA/SMAA, rank acceptability indices for the model without
preference information.

Table 7: MA/SMAA, central weights and corresponding con�dence factors
from the analysis without preference information

Drug Con�dence Central weight

factor E�cacy Diarrhea Dizziness Headache Insomnia Nausea

Fluoxetine 0.48 0.08 0.14 0.23 0.18 0.16 0.22

Paroxetine 0.45 0.18 0.17 0.15 0.13 0.15 0.22

Sertaline 0.34 0.21 0.10 0.22 0.13 0.15 0.20

Venlafaxine 0.74 0.18 0.21 0.12 0.21 0.19 0.09

Table 8: MA/SMAA, rank acceptability indices from the scenario of mild
depression

Drug Rank1 Rank2 Rank3 Rank4

Fluoxetine 0.30 0.35 0.26 0.08

Paroxetine 0.45 0.33 0.17 0.05

Sertraline 0.04 0.10 0.26 0.60

Venlafaxine 0.21 0.23 0.30 0.26

47



Table 9: MA/SMAA, rank acceptability indices from the scenario of severe
depression

Drug Rank1 Rank2 Rank3 Rank4

Fluoxetine 0.01 0.05 0.23 0.71

Paroxetine 0.42 0.31 0.20 0.07

Sertraline 0.18 0.31 0.37 0.14

Venlafaxine 0.40 0.32 0.20 0.08
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Figure 15: MA/SMAA, rank acceptability indices from the scenario of mild
depression.
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Figure 16: MA/SMAA, rank acceptability indices from the scenario of severe
depression.
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Appendix B

Table 10: MTC/SMAA, criteria characteristics
Name Measurement unit Preference direction Scale range

E�cacy relative value compared with Fluoxetine Ascending [0.90-1.76]

Diarrhea relative value compared with Fluoxetine Descending [0.11-10.03]

Dizziness relative value compared with Fluoxetine Descending [0.33-4.98]

Headache relative value compared with Fluoxetine Descending [0.36-2.38]

Insomnia relative value compared with Fluoxetine Descending [0.34-6.66]

Nausea relative value compared with Fluoxetine Descending [0.77-3.03]

Table 11: MTC/SMAA, criteria measurements. The values are given as mean
± standard deviation. The measurement units are as presented in Table 10.

Drug E�cacy Diarrhea Dizziness Headache Insomnia Nausea

Fluoxetine 0±0 0±0 0±0 0±0 0±0 0±0

Paroxetine 0.169±0.138 -0.75±0.6 0.512±0.382 -0.137±0.28 0.213±0.595 0.29±0.25

Sertraline 0.242±0.124 1.07±0.63 -0.336±0.376 0.279±0.3 0.594±0.664 0.29±0.28

Venlafaxine 0.348±0.111 -0.759±0.72 1.06±0.279 -0.414±0.31 0.143±0.62 0.62±0.25

Table 12: MTC/SMAA, rank acceptability indices from the analysis without
preference information

Drug Rank1 Rank2 Rank3 Rank4

Fluoxetine 0.33 0.31 0.25 0.11

Paroxetine 0.23 0.33 0.28 0.15

Sertraline 0.15 0.19 0.23 0.43

Venlafaxine 0.29 0.17 0.24 0.30
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Figure 17: MTC/SMAA, rank acceptability indices for the model without
preference information.

Table 13: MTC/SMAA, central weight and corresponding con�dence factors
from the analysis without preference information

Drug Con�dence Central weight

factor E�cacy Diarrhea Dizziness Headache Insomnia Nausea

Fluoxetine 0.76 0.08 0.16 0.20 0.14 0.18 0.24

Paroxetine 0.33 0.16 0.19 0.14 0.18 0.16 0.15

Sertaline 0.30 0.23 0.11 0.24 0.12 0.14 0.16

Venlafaxine 0.61 0.24 0.18 0.10 0.21 0.16 0.11

Table 14: MTC/SMAA, rank acceptability indices from the scenario of mild
depression

Drug Rank1 Rank2 Rank3 Rank4

Fluoxetine 0.77 0.21 0.01 0

Paroxetine 0.19 0.55 0.21 0.06

Sertraline 0.02 0.12 0.32 0.53

Venlafaxine 0.02 0.12 0.46 0.41
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Table 15: MTC/SMAA, rank acceptability indices from the scenario of severe
depression

Drug Rank1 Rank2 Rank3 Rank4

Fluoxetine 0.03 0.18 0.40 0.39

Paroxetine 0.25 0.31 0.24 0.19

Sertraline 0.22 0.25 0.22 0.31

Venlafaxine 0.49 0.26 0.14 0.11
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Figure 18: MTC/SMAA, rank acceptability indices from the scenario of mild
depression.
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Figure 19: MTC/SMAA, rank acceptability indices from the scenario of se-
vere depression.
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Appendix C

Table 16: MTC/SMAA in absolute measurement, criteria characteristics
Name Measurement unit Preference direction Scale range

E�cacy Relative value compared with Fluoxetine Ascending [0.9,1.76]

Diarrhea Absolute% Descending [-2.24,46.95]

Dizziness Absolute% Descending [1.69,29.02]

Headache Absolute% Descending [6.34,33.98]

Insomnia Absolute% Descending [-0.27,44.94]

Nausea Absolute% Descending [13.81,40.89]

Table 17: MTC/SMAA in absolute measurement, criteria measurements.
The values are given as mean ± standard deviation. The measurement units
are as presented in Table 16.

Drug E�cacy Diarrhea Dizziness Headache Insomnia Nausea

Fluoxetine 0±0 7.8±3 6.7±2 16.8±4.4 10.5±4.2 17.9±3.4

Paroxetine 0.169±0.138 4.5±3.4 11.1±5.2 15.2±5.4 13.9±9 22.8±6

Sertraline 0.242±0.124 21.3±12.1 5±2.4 21.3±7.2 19.2±12 22.8±6.4

Venlafaxine 0.348±0.111 4.8±4.1 17.2±6.1 12.1±4.8 13.3±8.7 28.8±6.8

Table 18: MTC/SMAA in absolute measurement, rank acceptability indices
from the analysis without preference information

Drug Rank1 Rank2 Rank3 Rank4

Fluoxetine 0.26 0.3 0.28 0.16
Paroxetine 0.27 0.3 0.27 0.17
Sertraline 0.17 0.18 0.22 0.42
Venlafaxine 0.3 0.22 0.22 0.25
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Figure 20: MTC/SMAA in absolute measurement, rank acceptability indices
for the model without preference information.

Table 19: MTC/SMAA in absolute measurement, central weight and corre-
sponding con�dence factors from the analysis without preference information

Drug Con�dence Central weight

factor E�cacy Diarrhea Dizziness Headache Insomnia Nausea

Fluoxetine 0.49 0.09 0.16 0.2 0.15 0.18 0.22
Paroxetine 0.34 0.16 0.19 0.16 0.17 0.17 0.16
Sertaline 0.23 0.19 0.12 0.23 0.14 0.15 0.17

Venlafaxine 0.52 0.23 0.18 0.11 0.2 0.17 0.12
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Table 20: MTC/SMAA in absolute measurement, rank acceptability indices
from the scenario of mild depression

Drug Rank1 Rank2 Rank3 Rank4
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Paroxetine 0.3 0.38 0.24 0.07
Sertraline 0.08 0.1 0.22 0.61
Venlafaxine 0.09 0.17 0.43 0.3

Table 21: MTC/SMAA in absolute measurements, rank acceptability indices
from the scenario of severe depression

Drug Rank1 Rank2 Rank3 Rank4
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Figure 21: MTC/SMAA in absolute measurement, rank acceptability indices
from the scenario of mild depression.
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Figure 22: MTC/SMAA in absolute measurement, rank acceptability indices
from the scenario of severe depression.
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