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Abstract 1 

Background: Network meta-analysis estimates all relative effects between competing 2 

treatments and can produce a treatment hierarchy from the most to the least desirable option 3 

according to a health outcome. While about half of the published network meta-analyses 4 

present such a hierarchy, it is rarely the case that it is related to a clinically relevant decision 5 

question.  6 

Methods: We first define treatment hierarchy and treatment ranking in a network meta-7 

analysis and suggest a simulation method to estimate the probability of each possible 8 

hierarchy to occur. We then propose a stepwise approach to express clinically relevant 9 

decision questions as hierarchy questions and quantify the uncertainty of the criteria that 10 

constitute them. The steps of the approach are summarized as follows: a) a question of clinical 11 

relevance is defined, b) the hierarchies that satisfy the defined question are collected and c) 12 

the frequencies of the respective hierarchies are added; the resulted sum expresses the 13 

certainty of the defined set of criteria to hold. We then show how the frequencies of all 14 

possible hierarchies relate to common ranking metrics.   15 

Results: We exemplify the method and its implementation using two networks. The first is a 16 

network of four treatments for chronic obstructive pulmonary disease where the most 17 

probable hierarchy has a frequency of 28%. The second is a network of 18 antidepressants, 18 

among which Vortioxetine, Bupropion and Escitalopram occupy the first three ranks with 19 

frequency 19%. 20 

Conclusions: The developed method offers a generalised approach of producing treatment 21 

hierarchies in NMA, which moves towards attaching treatment ranking to a clear decision 22 

question, relevant to all or a subset of competing treatments. 23 

 24 
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1 Background 1 

Providing a treatment hierarchy is often one of the objectives of systematic reviews that 2 

contain multiple interventions (1). To this aim, several ranking metrics have been developed 3 

and are commonly used to accompany network meta-analysis (NMA) results (2). A common 4 

output of NMA is a matrix showing the probability of each treatment being at each possible 5 

rank. The graphical display of such a matrix is called rankogram, the restriction of this matrix 6 

to the probabilities of occupying the highest rank constitutes the probability of being the best 7 

ranking metric, while the Surface Under the Cumulative RAnking curve (SUCRA) 8 

summarises the ranking distribution by calculating the area under the cumulative ranking 9 

curve (3). Mean and median ranks are further options to present a treatment hierarchy, with 10 

the former being a linear transformation of SUCRA. The P-score measure bypasses the need 11 

to calculate probabilities of being at each rank by averaging over probabilities of each 12 

treatment being better than any other in the network (4). P-scores are the frequentist analogue 13 

of SUCRAs given that the posterior distributions of relative effects are normal. 14 

Despite the plethora of ranking metrics and the popularity of deriving a treatment 15 

hierarchy in NMA, the clinical relevance of such a hierarchy is questionable. In fact, small 16 

differences in outcome values could lead to different hierarchies even if these differences are 17 

not clinically relevant (5,6). This has led to the development of several multi-dimensional 18 

approaches to treatment ranking including benefit-risk assessments (7–9), incorporation of 19 

clinically important values (3,9,10), consideration of multiple outcomes simultaneously 20 

(6,9,11) or consideration of a characteristic such as risk of bias when deriving a treatment 21 

hierarchy (12). Moreover, Salanti et al. recently proposed that each ranking metric answers a 22 

different treatment hierarchy question (13), and thus differences in the produced hierarchies 23 

are to be expected (14). Linking the ranking metrics with the respective hierarchy question 24 

they answer would greatly facilitate the interpretation of the derived hierarchy.  25 
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However, the hierarchy questions of interest are not limited to those that can be answered 1 

by the available ranking metrics. Often, more complex research questions are posed; in such a 2 

case, hierarchy should still depend on these questions, so that its interpretation is relevant and 3 

meaningful. In this paper, we suggest an approach for translating clinically relevant questions 4 

into hierarchy questions and quantify their uncertainty. To this aim, we use simulations to 5 

derive the relative frequency of all possible hierarchies in a network of interventions. Then, 6 

we define the set of all possible hierarchies that satisfy a specified criterion, for example that a 7 

specific order among treatments is retained in the network and/or a treatment is in a specific 8 

position, and the sum of their frequencies constitute the certainty around the criterion. 9 

2 Methods 10 

2.1 Definitions: treatment hierarchy and treatment ranking 11 

Let the entire evidence base form a set 𝕋 = {𝑡1, 𝑡2, … , 𝑡𝑇} (ordered alphabetically) of 𝑇 12 

treatments. NMA aims to estimate the set of (𝑇2) relative treatment effects 𝜇𝑡𝑖𝑡𝑗  where 𝑡𝑖𝑡𝑗  13 

denotes the treatment contrast (𝑖, 𝑗 = 1, … , 𝑇; 𝑖 < 𝑗) (15,16). The parameters 𝜇𝑡𝑖𝑡𝑗  denote 14 

additive effects, e.g. mean differences or log-odds ratios, where 𝜇𝑡𝑖𝑡𝑖 = 0. The model is 15 

parametrized using only 𝑇 − 1 relative treatment effects versus a randomly selected reference 16 

treatment, here 𝑡1. The so called ‘basic parameters’ 𝜇𝑡1𝑡𝑖  are estimated and collected in a 17 

vector �̂� and we denote their variance-covariance matrix as �̂�. The remaining (𝑇2) − 𝑇 + 1 = 18 

(𝑇 − 12 ) relative treatment effects are derived imposing the constraint of consistency 𝜇𝑡𝑖𝑡𝑗  =19 𝜇𝑡𝑘𝑡𝑗 − 𝜇𝑡𝑘𝑡𝑖 , 𝑘 ≠ 𝑖, 𝑗, 𝑘 = 1, … , 𝑇 (17,18).  20 

The ‘true’ underlying treatment hierarchy for the set 𝕋 is defined as the vector of 21 

treatment names, ordered from the most to the least effective. This hierarchy is imposed by 22 
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the ascending ordering of the ‘true’ underlying relative treatment effects, 𝜇𝑡1𝑡𝑖, assuming a 1 

direction, e.g. that large positive values are associated with a beneficial effect for the first 2 

treatment. The ‘true’ underlying treatment ranking is defined as the vector of integers 3 

between 1 and 𝑇 that indicates the rank of each treatment 𝑟𝑡𝑖. For example, if the treatment 4 

hierarchy vector is (A, C, D, B), then the treatment ranking vector is (1, 4, 2, 3). We denote 5 

the ‘true’ underlying treatment ranking as 6 

𝐑: = (𝑟𝑡1 , 𝑟𝑡2 , … , 𝑟𝑡𝑇) 7 

which has a 1:1 correspondence with the ‘true’ underlying treatment hierarchy 8 

𝐇 ≔ 𝕋 𝑜𝑟𝑑𝑒𝑟𝑒𝑑 𝑏𝑦 (𝑟𝑡1 , 𝑟𝑡2 , … , 𝑟𝑡𝑇). 9 

The estimated distribution of 𝐑 is denoted as 𝑅�̂� and is approximated from the 10 

estimated relative treatment effects �̂�𝑡𝑖𝑡𝑗  as follows. First, we sample from the multivariate 11 

normal distribution with point estimate �̂� as mean and variance-covariance matrix �̂�. In the 12 

case of a Bayesian analysis, we do not need to assume a normal approximation, but the whole 13 

posterior distribution of 𝝁 can be considered. Then, from the approximated normal 14 

distribution or the posterior, we can draw a 𝝁∗ vector and get corresponding ranks 15 (𝑟𝑡1 ∗, 𝑟𝑡2 ∗, … , 𝑟𝑡𝑇 ∗). Repeating the process a large number of times, say 𝑛, will produce a 16 

matrix of dimension 𝑛 × 𝑇, which is a sample from the distribution 𝑅�̂�. Then, by using the 1:1 17 

correspondence with the treatment names, we can produce a sample from 𝐻�̂�, which is the 18 

estimated distribution of 𝐇. The larger the number of treatments included in a network, the 19 

greater 𝑛 should be. A theoretical example of samples from 𝑅�̂� and 𝐻�̂� is presented in Table 1 20 

panel a for a hypothetical network of three treatments, results of which are shown in Figure 1. 21 

(Table 1 here) 22 
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The sample from 𝑅�̂� is summarized in what we will call the ranking matrix, in which 1 

each entry 𝑝𝑡𝑖,𝑟 = 𝑃(�̂�𝑡𝑖 = 𝑟|𝑑𝑎𝑡𝑎), 𝑟 = 1, … , 𝑇 shows the proportion of times (the frequency) 2 

each treatment 𝑡𝑖 being at each possible rank 𝑟. The estimated probability that treatment 𝑡𝑖 3 

occupies the 𝑟th rank means that it produces better values than exactly 𝑇 − 𝑟 treatments. 4 

These probabilities have been presented in the literature in graphs called rankograms. Table 1 5 

panel b shows the ranking matrix for the hypothetical network of Figure 1. 6 

The 𝑇! possible treatment hierarchies in a network of 𝑇 treatments are denoted as ℎ𝑙, 7 𝑙 = 1, … , 𝑇!. The probability mass function of ℎ𝑙 is derived by summarizing the sample from 8 𝐻�̂� in a matrix that we call the hierarchy matrix. A particular hierarchy ℎ𝑙 features 𝑥 times in 9 

the sample and this defines as 𝑝ℎ𝑙 = 𝑥/𝑛 the relative frequency that this hierarchy occurs. The 10 

hierarchy matrix is ordered by decreasing frequency that a hierarchy occurs, i.e., ℎ1 11 

corresponds to the most frequent hierarchy. It is also possible that more than one most 12 

probable hierarchy exists in a network due to ties. As is the case with 𝑝𝑡𝑖,𝑟, the estimated 13 

probability of each possible hierarchy 𝑝ℎ𝑙 depends on the data. For small n, several hierarchies 14 

will have an estimated probability of 0. Table 1 panel c shows the hierarchy matrix for the 15 

example in Figure 1. 16 

2.2 An approach for answering clinically relevant decision questions 17 

In the following, we propose a stepwise approach to express clinically relevant decision 18 

questions as hierarchy questions and quantify the uncertainty of the criteria that constitute 19 

them. We have developed an R package nmarank, which allows users to implement the 20 

suggested approach. In Appendix: Software, there is a description of the functions included in 21 

the nmarank package. The suggested approach is outlined below. 22 
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2.2.1 Step 1: Define a clinically relevant research question 1 

In the first step of the approach, investigators set a question that is considered 2 

clinically important. This question may include all treatments in the network or focus on a 3 

subset of them, as it is often the case in a clinical setting. For example, a question of clinical 4 

relevance might be whether a treatment 𝑡𝑖 has better outcome than another (possibly effective 5 

but more expensive) treatment 𝑡𝑗. Alternatively, clinicians and decision makers might be 6 

interested to know the top three treatments in the network. Other examples of questions 7 

include that a specific order 𝑡𝑖, 𝑡𝑗 , 𝑡𝑘 is retained anywhere in the hierarchy, that a treatment 𝑡𝑖 8 

occupies a specific rank 𝑟 or that it is among the best two ranks. It is also possible that we are 9 

interested in the case that a treatment 𝑡𝑖 has better outcome than treatment 𝑡𝑗, but against a 10 

clinically important value c (𝜇𝑡𝑖𝑡𝑗 > c) instead of their differences being zero (𝜇𝑡𝑖𝑡𝑗 > 0). 11 

Depending on the context, it might also be the case that a combination of criteria constitutes a 12 

clinically relevant question. As an example, we might be interested in the case where 𝑡𝑖 is first 13 

or second and 𝑡𝑗 has better mean outcome value than that of treatment 𝑡𝑘 plus a clinically 14 

important value c = 0.5. As a special case of a clinically relevant question could be that a 15 

specific treatment hierarchy occurs, for example that imposed by the estimated relative 16 

treatment effects, expressed as 𝑡𝑖 is first, 𝑡𝑗 is second, 𝑡𝑘 is third and so on.  17 

2.2.2 Step 2: Find hierarchies compatible with the defined question 18 

After setting the decision question of interest, the aim is to define the set of possible 19 

hierarchies out of all 𝑇! hierarchies that satisfy the criteria set in Step 1. This is done by 20 

selecting those hierarchies in the sample of 𝐻�̂� for which the criterion is satisfied, thus 21 

translating the decision question into a hierarchy question. Depending on the context, the 22 

selected hierarchies might be of interest on their own or might only be used for proceeding to 23 

Step 3. 24 
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If we are interested in a question involving a clinically important value c, then the 1 

respective criteria need to be applied to mark the hierarchies that satisfy them in the sampling 2 

process of 𝑅�̂� and 𝐻�̂� described in section 2.1. For example, if we are interested in the 3 

combination of criteria that 𝑡𝑖 is first or second and 𝑡𝑗 has better mean outcome value than that 4 

of treatment 𝑡𝑘 plus a clinically important value c = 0.5, then we need to differentiate 5 

between the two types of hierarchies: those where in the sampling the condition 𝜇𝑡𝑗𝑡𝑘 > c will 6 

be satisfied and those where it will not. 7 

2.2.3 Step 3: Define certainty that the criterion is satisfied 8 

In Step 3 of the framework, we add the frequencies of the hierarchies 𝑝ℎ𝑙 selected in 9 

Step 2 that satisfy the decision criterion set in Step 1. In our example from Figure 1, the 10 

estimated probability that treatment 𝑡1 is at higher rank as 𝑡2 is the sum of the frequencies of 11 ℎ1 , ℎ4 and ℎ6 hierarchies which amounts to 50% (see Table 1). Considering a case where we 12 

combine two criteria, say that we are interested in the case where 𝑡1 is first or second and 𝑡2 is 13 

higher in the hierarchy than 𝑡3. Then, we add the frequencies of ℎ2 and ℎ4 hierarchies, which 14 

amounts to 𝑝ℎ2 + 𝑝ℎ4 = 45%. It might be the case that not all 𝑇! possible hierarchies are 15 

included in the sample of 𝐻�̂�; this, however, does not pose a problem in the process as the 16 

most frequent ones are recorded and used to estimate the certainty of the criterion. 17 

2.2.4 Evaluation of certainty of the criterion 18 

As an extra step of the approach, the amount of certainty of the criterion can be 19 

evaluated. This is done by comparing the frequencies derived in Step 3 with the respective 20 

frequencies corresponding to other relevant questions, in a similar manner that Bayes factors 21 

are derived (19). For example, we may want to compare the estimated probability that three 22 

particular treatments from a family of interventions occupy the first three ranks, 𝑝𝐴, versus the 23 

respective probability that three other treatments from another family of interventions do, 𝑝𝐵, 24 
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and we do so by taking their ratio 
𝑝𝐴𝑝𝐵. Alternatively, in a similar setting where we are 1 

interested in the optimal family of treatments, consider that 𝑡𝑖 and 𝑡𝑘 are the best candidates 2 

for family A and 𝑡𝑗 and 𝑡𝑚 are the best candidates for family B, 𝑚 ≠ 𝑖, 𝑗, 𝑘, 𝑚 = 1, … , 𝑇. 3 

Then, we may compare the frequencies that 𝑡𝑖 has better mean outcome value than 𝑡𝑗 and 𝑡𝑘 4 

has better mean outcome value than treatment 𝑡𝑚 versus the probability that 𝑡𝑗 has better 5 

mean outcome value than 𝑡𝑖 and 𝑡𝑚 has better mean outcome value than treatment 𝑡𝑘. 6 

2.3 Relation of the hierarchy matrix with common ranking metrics 7 

2.3.1 Estimated NMA relative treatment effects 8 

The estimated 𝐻𝕋 and 𝑅𝕋 are 𝑇-dimensional distributions constructed from the 9 

estimated multivariate normal distribution of the relative treatment effects. A point estimate 10 

of the distribution 𝐻�̂� can be obtained by ordering the point estimates of �̂�𝑡1𝑡𝑖 for each 𝑡𝑖 ∈  𝕋. 11 

This estimated treatment hierarchy might or might not be the same as the mode of 𝐻�̂�, which 12 

is the hierarchy ℎ1 (the most probable hierarchy). Below we show a hypothetical example 13 

with three treatments, 𝑡1, 𝑡2, 𝑡3, of a network with three treatments where ℎ1 differs from the 14 

hierarchy imposed by the NMA estimated relative treatment effects. 15 

Figure 2 panel a shows the relative treatment effects of all treatments versus each other. 16 

The hierarchy that occurs from the resulted mean differences is {𝑡3, 𝑡2, 𝑡1}. Figure 2 panel b 17 

illustrates in a two-dimensional plot the probability density function for the bivariate normal 18 

distribution �̂� = (�̂�𝑡1𝑡2 , �̂�𝑡1𝑡3) = (0.5,0.6) with variance-covariance matrix �̂� = (25 00 25). 19 

The 𝑇! = 6 possible hierarchies are represented by the regions separated by the straight lines 20 

in Figure 2 panel b; each of the three straight lines divides the area according to whether each 21 

pairwise comparison favors the one or the other treatment. The region corresponding to 22 {𝑡3, 𝑡2, 𝑡1} includes the point estimate (0.5,0.6), noted as the black dot. However, this is not 23 
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the most probable hierarchy (frequency 15%) as the probability mass is smaller than for other 1 

regions; hierarchies {𝑡3, 𝑡1, 𝑡2} and {𝑡2, 𝑡1, 𝑡3} are more probable than that of the mean effects, 2 

each one having 25% probability of occurring. 3 

2.3.2 Probability of producing the best value  4 

The first column of the ranking matrix shows the frequency that each treatment occupies 5 

the highest rank and has been frequently used as a ranking metric usually referred as 6 

“probability of being best”. “Probability of being best”, however, has been recently indicated 7 

as an inaccurate name for the particular ranking metric as “being the best” may have a large 8 

variety of meanings and interpretations (13). “Probability of producing the best value” has 9 

been suggested instead as better reflecting the nature of the particular ranking metric and this 10 

name is also adopted in this paper.  11 

The hypothetical triangular network of Figure 1 is sometimes used to criticize the 12 

probability of producing the best value ranking metric. It holds that �̂�𝑡1𝑡2 = �̂�𝑡1𝑡3 = 0, 13 

rendering each treatment to have 50% probability of being better than any other, but the 14 

former relative effect is associated with greater precision than the later. In such cases, 15 

probability of producing the best value favours treatments estimated with greater uncertainty. 16 

As indicated in Table 1 panel b (and can be also easily derived from Table 1 panel c), 17 

treatment 𝑡3 has a probability of producing the best value 45%, followed by 𝑡2 with a 18 

probability of 30%, while 𝑡1 is associated with 25% probability of producing the best value. 19 

However, hierarchy {𝑡3, 𝑡1, 𝑡2} is equally probable with {𝑡2, 𝑡1, 𝑡3} (25%) and hierarchies 20 {𝑡3, 𝑡2, 𝑡1} and {𝑡1, 𝑡2, 𝑡3} are also equally probable (20%). The hierarchy matrix highlights 21 

that given that one of the three treatments is second, the other two have equal estimated 22 

probabilities of being first or third. The large tails of the distributions of relative treatment 23 

effects of 𝑡3 versus the other two treatments make it improbable that it ranks on the second 24 
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position, rendering hierarchies {𝑡2, 𝑡3, 𝑡1} and {𝑡1, 𝑡3, 𝑡2} occurring each in 5% of the 1 

simulations. 2 

2.3.3 SUCRAs and P-scores 3 

As shown in the example of section 2.3.2, the probability of producing the best value can 4 

be derived from the hierarchy matrix. For example, the probability that 𝑡1 produces the best 5 

value is the sum of probabilities of the hierarchies {𝑡1, 𝑡2, 𝑡3} and {𝑡1, 𝑡3, 𝑡2} which is 25%. 6 

Similarly, the SUCRAs or P-scores can also be derived from the hierarchy matrix. Consider 7 

for example the SUCRA (or P-score) for treatment 𝑡1 in the hypothetical triangular network 8 

of Figure 1; it is defined as  9 

𝑃(𝜇𝑡1𝑡2 > 0) + 𝑃(𝜇𝑡1𝑡3 > 0)2  10 

which can be calculated from the hierarchy matrix as  11 

𝑝{𝑡1,𝑡2,𝑡3} + 𝑝{𝑡1,𝑡3,𝑡2} + 𝑝{𝑡3,𝑡1,𝑡2} + 𝑝{𝑡1,𝑡2,𝑡3} + 𝑝{𝑡1,𝑡3,𝑡2} + 𝑝{𝑡2,𝑡1,𝑡3}2 = 0.5. 12 

3 Results 13 

3.1 Network of treatments for chronic obstructive pulmonary disease 14 

We illustrate the process using a network comparing mortality rates in four treatments 15 

for chronic obstructive pulmonary disease: SFC (Salmeterol Fluticasone combination), 16 

Salmeterol, Fluticasone and Placebo (20). Direct studies exist for all possible comparisons in 17 

the network, resulting in a fully connected network (Figure 3 panel a). We synthesize data 18 

using the odds ratio as effect measure and assuming a random effects model and common 19 

heterogeneity variance across comparisons. SFC is associated with the greatest lowering in 20 

mortality compared to Placebo (odds ratio 0.29, 95% confidence interval 0.06 to 1.36), 21 
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followed by Salmeterol (odds ratio 0.42, 95% confidence interval 0.14 to 1.26) and 1 

Fluticasone (odds ratio 0.55, 95% confidence interval 0.16 to 1.85) (Figure 3 panel b). 2 

Heterogeneity standard deviation was estimated as �̂� = 0 using a generalized method of 3 

moments estimate (21). The hierarchy matrix of Table 2 was created using 10,000 simulations 4 

from the multivariate normal distribution with mean and variance covariance matrix being the 5 

respective quantities from the estimated NMA relative treatment effects. Table 2 lists all 6 

possible treatment hierarchies (𝑇! = 24) along with their frequency of occurring. 7 

(Table 2 here) 8 

We consider the following alternative hierarchy questions of interest as Step 1 of the 9 

suggested approach: 10 

 Criterion A: Hierarchy is exactly ‘SFC, Salmeterol, Fluticasone, Placebo’ 11 

 Criterion B: Order ‘SFC, Fluticasone, Placebo’ is retained anywhere in the hierarchy 12 

 Criterion C: Fluticasone is among the best two options 13 

 Criterion D: SFC and Salmeterol are the two best options 14 

 Criterion E: Both criteria B and C are satisfied 15 

In Step 2 of the approach, we identify the hierarchies that satisfy the above criteria and in 16 

Step 3 we add their estimated probabilities (Table 2). Criterion A requires that an exact 17 

predefined hierarchy occurs and is thus fulfilled by a single hierarchy, ‘SFC, Salmeterol, 18 

Fluticasone, Placebo’, corresponding to the order of mean effects, which appeared with 19 

frequency 28%. The criterion that SFC is better than Fluticasone and Fluticasone is better 20 

than Placebo (criterion B) is satisfied by all hierarchies for which order ‘SFC, Fluticasone, 21 

Placebo’ is retained, with or without other treatments in between. Four hierarchies fulfill this 22 

criterion with frequencies 28%, 19%, 12% and 3%. Thus, the frequency for the particular 23 

order to be retained in the hierarchy is 62%. Half of the possible hierarchies should have 24 
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Fluticasone ranked first or second as required by criterion C. The sum of the frequencies of 1 

the respective 12 hierarchies is 44%. Criterion D specifies SFC and Salmeterol in the first two 2 

ranks, which is satisfied in four hierarchies with a total frequency of 53%. For the 3 

combination criterion E to be satisfied, hierarchies where SFC is better than Fluticasone, 4 

Fluticasone is better than Placebo and Fluticasone ranks among the best two options are the 5 

target hierarchies; these hierarchies are two (‘SFC, Fluticasone, Salmeterol, Placebo’ and 6 

‘SFC, Fluticasone, Placebo, Salmeterol’) with frequencies 19% and 3% respectively. 7 

Consider that we are interested in evaluating the certainty of criterion A. The 8 

frequency of 28% for the most probable hierarchy can be judged by comparing it with that of 9 

the subsequent hierarchies. The probability ratios of the frequency of the most probable 10 

hierarchy with the second and the third hierarchies are 1.47 and 2.33 respectively (Table 2). 11 

3.2 Network of antidepressants for major depression 12 

To illustrate the methods in a larger network of interventions, we take a published 13 

NMA of 18 antidepressants for major depression, illustrated in Figure 4 panel a (22). We 14 

focus on the primary binary outcome ‘efficacy’, defined as at least 50% reduction in the 15 

symptoms’ scales between baseline and 8 weeks of follow up. Studies were synthesized using 16 

odds ratio and NMA relative treatment effects of all antidepressants versus Fluoxetine are 17 

shown in Figure 4 panel b. Heterogeneity standard deviation was assumed common across 18 

comparisons and estimated as �̂� = 0.18 using a generalized method of moments estimate (21). 19 

The number of possible hierarchies is 18! rendering each hierarchy rare to occur. Out of the 20 

500,000 simulations, only 7 hierarchies appeared twice, with the rest hierarchies appearing 21 

only once; in Table 3, the 7 most frequent hierarchies are listed. 22 

(Table 3 here) 23 
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We consider the following alternative hierarchy questions of interest as Step 1 of the 1 

suggested approach: 2 

 Criterion A: Vortioxetine ranks first, Bupropion second and Escitalopram third 3 

 Criterion B: Vortioxetine, Bupropion and Escitalopram are the best three treatments 4 

 Criterion C: Vortioxetine has better outcome value than that of Bupropion and 5 

Bupropion has better outcome value than that of Escitalopram 6 

 Criterion D: Vortioxetine, Bupropion and Escitalopram have an odds ratio of 1.25 or 7 

higher against Fluoxetine 8 

 Criterion E: Vortioxetine, Bupropion and Escitalopram have an odds ratio of 1 or 9 

higher against Fluoxetine 10 

The estimated probability that Vortioxetine ranks first, Bupropion second and 11 

Escitalopram third (criterion A) is 9%. The estimated probability that these three treatments 12 

occupy any of the first three ranks (criterion B) is obviously higher; 19% of times 13 

Vortioxetine, Bupropion and Escitalopram were the three treatments with the highest odds 14 

ratios. The relative order of the first three treatments is also quite precise; in one third of 15 

simulations (33%), Vortioxetine performed better than Bupropion and Bupropion performed 16 

better than Escitalopram (criterion C).  17 

Comparisons with a clinically important value are often more of interest than 18 

comparisons to the null effect. In the original NMA, an odds ratio of 0.8 and its reciprocal 19 

1.25 was used for the examined outcome to judge upon imprecision of treatment effects and 20 

assess the confidence in NMA results. The estimated probability that all three treatments 21 

Vortioxetine, Bupropion and Escitalopram have an odds ratio of 1.25 or higher against the 22 

old, standard treatment Fluoxetine (criterion D) is 45%, while judging against the null 23 

(criterion E) the respective estimated probability is 92%. 24 
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4 Discussion 1 

In this paper, we suggest an approach to answer complex hierarchy questions in NMA 2 

and define the certainty around them. The approach that we took moves away from producing 3 

a plain, non-meaningful and difficult to interpret hierarchy and towards attaching treatment 4 

ranking to a clear decision question, relevant to all or a subset of competing treatments. 5 

 In decision making multiple outcomes are often of interest. The method presented in 6 

this paper can be extended to adapt to decision questions related to more than one outcome. 7 

For example, we could sample from two or more outcomes and measure the frequency for 8 

each combination of hierarchies for the considered outcomes. Taking for example a network 9 

with two outcomes, O1 and O2 we would calculate 𝑝ℎ𝑙,𝑂1 ∩ 𝑝ℎ𝑙,𝑂2. The two outcomes can be 10 

sampled either separately or simultaneously, calculating or imputing within and between 11 

outcomes correlation, as described elsewhere (23,24). As all combinations of hierarchies for 12 

two (or more) outcomes are to be considered, estimated probabilities for each specific 13 

combination will be smaller compared to those from a single outcome. 14 

The work presented in this paper is somehow related to the precision in the treatment 15 

hierarchy from a NMA as a whole. Preliminary suggestions have associated the uncertainty of 16 

the entire treatment hierarchy with the shape of the rankograms: rankograms which show 17 

large differences between each treatment being at each rank indicate a precise treatment 18 

hierarchy, while flat rankograms reflect uncertainty in the treatment hierarchy (25). This 19 

suggestion can be formalised with the use of the hierarchy matrix. A probability mass 20 

function where one hierarchy takes 100% probability and all others zero, has maximum 21 

possible precision. In contrast, when each of the 𝑇! possible hierarchies have probability 1/𝑇!, 22 

the precision is the minimum possible. Precision can be reflected by the magnitude of 𝑝ℎ1 (the 23 

closer to 1, the more precise the treatment hierarchy) or by summarizing the hierarchy matrix 24 
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in various ways (e.g. taking the variance of all ℎ𝑙). Alternatively, the rate at which ratios of 1 

frequencies as those calculated in Table 2 increase also give an indication of the precision of 2 

the treatment hierarchy. However, all these approaches suffer from the drawback that they are 3 

dependent on the number of treatments and thus cannot be used as a universal way to judge 4 

the precision of the entire treatment hierarchy. 5 

5 Conclusions 6 

Medical societies, national and international agencies, guideline panels and clinicians 7 

very often use evidence synthesis to make informed decisions and recommendations about the 8 

clinical effectiveness of alternative treatment options (26). Given the need to make treatment 9 

recommendations, producing a hierarchy is natural within the aims of NMA end-users. 10 

However, despite several recommendations, it is rarely the case that treatment hierarchies are 11 

attached to a specific decision question. The method described in this paper offers an 12 

approach to produce clinically relevant output from NMA, which is specifically related to the 13 

research question of the particular systematic review. 14 
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8 Appendix: Software 1 

We have developed an R package nmarank (https://github.com/esm-ispm-unibe-2 

ch/nmarank/tree/reproducible) to derive the hierarchies of interest and their probability of 3 

occurrence. The main function of the package is nmarank, which computes the hierarchies 4 

along with their calculated probabilities (the hierarchy matrix) and the probability that a 5 

specified criterion holds.  6 

The function nmarank has the following arguments: 7 

nmarank(x, nsim = 10000, small.values = "good" ,  predicate = 8 

list(fn = "alwaysTrue", args = list())) 9 

Main input (argument x) is either an object of class netmeta (27) or a list with the NMA 10 

relative treatment effects and their variance covariance matrix. The latter option should be 11 

selected when the NMA has not been conducted with R package netmeta, but another R 12 

package for NMA (e.g. pcnetmeta (28)), in Stata (e.g. using the network suite (29)), or in 13 

a Bayesian framework (e.g. using WinBUGS, JAGS or Stan). In this case, function 14 

prepareNMAEffects, included in nmarank package, should be used to check whether 15 

the inputed list adhere with label and dimension requirements of nmarank. Argument nsim 16 

is used to specify the number of simulations to be conducted and small.values is a 17 

character string specifying whether small treatment effects indicate a “good” (desirable) or 18 

“bad” (undesirable) effect. Argument predicate defines the criteria specified by logical 19 

functions; specifically it is a list including a function and its arguments, which specify the 20 

criterion to be applied. Some example functions are included in select-ranks, but users 21 

can build their own functions to accommodate to possibly more complex decision questions. 22 

Ready to use functions include isthesamehierarchy (testing a specified hierarchy), 23 

https://github.com/esm-ispm-unibe-ch/nmarank/tree/reproducible
https://github.com/esm-ispm-unibe-ch/nmarank/tree/reproducible
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treatmentInSpecificPosition (a treatment ranks in a specific position), 1 

retainOrder (a specified order of a series of two or more treatments is retained in the 2 

hierarchy), betterEqual (a treatment ranks in a specific position or higher), 3 

isbiggerCIV (the effect of the first treatment is bigger than that of the second by more 4 

than a given clinically important value) and %AND%, %OR%, %XOR% and opposite which 5 

can be used successively for pairs of criteria to create combinations that satisfy both, any, 6 

exactly one or the opposite of the defined criteria. 7 

Example definitions of the predicate argument for the fictional example of Figure 8 

1 are: 9 

A = list(fn = "retainOrder", args = c("t2", "t3")): treatment 𝑡2 10 

ranks higher than treatment 𝑡3. 11 

B = list(fn = "betterEqual", args = list("t1", 2)): treatment 𝑡1 ranks 12 

1st or 2nd. 13 

C = A %AND% B: treatment 𝑡2 ranks higher than treatment 𝑡3 and treatment 𝑡1 ranks 1st or 14 

2nd. 15 

 16 

  17 



 

 21 

9 Figure legends 1 

Figure 1. Network meta-analysis relative treatment effects for a hypothetical network of three treatments, 𝒕𝟏, 𝒕𝟐 and 2 𝒕𝟑. MD: mean difference; CI: confidence interval.  3 

Figure 2. Network meta-analysis relative treatment effects of a hypothetical network of three treatments, 𝒕𝟏, 𝒕𝟐 and 𝒕𝟑 4 

(panel a) and two-dimensional plot of the probability density function for the bivariate normal distribution 5 

corresponding to the network meta-analysis of panel a with the associated frequencies of all possible hierarchies 6 

(panel b). MD: mean difference. 7 

Figure 3. Network plot with edges proportional to the number of studies of each direct comparison (panel a) and 8 

network meta-analysis relative treatment effects (panel b) for a network of four treatments for chronic obstructive 9 

pulmonary disease. OR: odds ratio; CI: confidence interval; SFC: salmeterol fluticasone combination.  10 

Figure 4. Network plot of head-to-head studies (panel a) and network meta-analysis relative treatment effects (panel 11 

b) for a network of 18 antidepressants major depression. OR: odds ratio; CI: confidence interval. 12 

 13 
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11 Tables 1 

Panel a  

 

Panel b 

Ranking matrix: Summary of the 𝑯𝕋 ̂  sample to show uncertainty in 

the ranking of each treatment 

Panel c  

Hierarchy matrix: Estimated 

probability mass function of 

treatment hierarchy 

Sample from 𝑅𝕋 ̂  Sample from 𝐻𝕋 ̂    𝑟𝑡1∗ = 3 𝑟𝑡2∗ = 2 𝑟𝑡3∗ = 1 𝑡3 𝑡2 𝑡1  1st 2nd 3rd  ℎ𝑙                𝑝ℎ𝑙 𝑟𝑡1∗ = 2 𝑟𝑡2∗ = 1 𝑟𝑡3∗ = 3 𝑡2 𝑡1 𝑡3 𝑡1 25% 50% 25% {𝑡3, 𝑡1, 𝑡2} (ℎ1) 25% 𝑟𝑡1∗ = 1 𝑟𝑡3∗ = 2 𝑟𝑡2∗ = 3 𝑡1 𝑡3 𝑡2 𝑡2 30% 40% 30% {𝑡2, 𝑡1, 𝑡3} (ℎ2) 25% 𝑟𝑡1∗ = 2 𝑟𝑡2∗ = 3 𝑟𝑡3∗ = 1 𝑡3 𝑡1 𝑡2 𝑡3 45% 10% 45% {𝑡3, 𝑡2, 𝑡1} (ℎ3) 20% 𝑟𝑡1∗ = 1 𝑟𝑡2∗ = 2 𝑟𝑡3∗ = 3 𝑡1 𝑡2 𝑡3     {𝑡1, 𝑡2, 𝑡3} (ℎ4) 20% 𝑟𝑡1∗ = 2 𝑟𝑡2∗ = 1 𝑟𝑡3∗ = 3 𝑡2 𝑡1 𝑡3     {𝑡2, 𝑡3, 𝑡1} (ℎ5) 5% 𝑟𝑡1∗ = 2 𝑟𝑡2∗ = 3 𝑟𝑡3∗ = 1 𝑡3 𝑡1 𝑡2     {𝑡1, 𝑡3, 𝑡2} (ℎ6) 5% 𝑟𝑡1∗ = 1 𝑟𝑡2∗ = 2 𝑟𝑡3∗ = 3 𝑡1 𝑡2 𝑡3       𝑟𝑡1∗ = 2 𝑟𝑡2∗ = 1 𝑟𝑡3∗ = 3 𝑡2 𝑡1 𝑡3       𝑟𝑡1∗ = 3 𝑟𝑡2∗ = 2 𝑟𝑡3∗ = 1 𝑡3 𝑡2 𝑡1       

   …         

   …         

   …         

Table 1. Sample from 𝑹𝕋 ̂  and 𝑯𝕋 ̂ (panel a), ranking matrix (panel b) and hierarchy matrix (panel c) of the 2 

hypothetical network of three treatments 𝒕𝟏, 𝒕𝟐 and 𝒕𝟑 of Figure 1.   3 
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 1 

Hierarchy Frequency Ratios 

 

Criterion A 

Hierarchy is 

exactly ‘SFC, 

Salmeterol, 

Fluticasone, 

Placebo’ 

Criterion B 

Order “SFC, 

Fluticasone, 

Placebo” is 

retained 

Criterion C 

Fluticasone is 

among the best 

two options  

Criterion D 

SFC and 

Salmeterol are 

the two best 

options 

Criterion E: 

Both criteria 

B AND C are 

satisfied 

SFC, Salmeterol, Fluticasone, Placebo   28% -      

SFC, Fluticasone, Salmeterol, Placebo   19% 1.47      

Salmeterol, SFC, Fluticasone, Placebo    12% 2.33      

SFC, Salmeterol, Placebo, Fluticasone    9% 3.11      

Salmeterol, Fluticasone, SFC, Placebo    7% 4.00      

Fluticasone, SFC, Salmeterol, Placebo   6% 4.67      

Fluticasone, Salmeterol, SFC, Placebo   5% 5.60      

Salmeterol, SFC, Placebo, Fluticasone    4% 7.00      

SFC, Fluticasone, Placebo, Salmeterol    3% 9.33      

Salmeterol, Fluticasone, Placebo, SFC    2% 14      

Fluticasone, Salmeterol, Placebo, SFC    1% 28      

SFC, Placebo, Salmeterol, Fluticasone    1% 28      

Fluticasone, SFC, Placebo, Salmeterol    1% 28      

Salmeterol, Placebo, SFC, Fluticasone    1% 28      

Salmeterol, Placebo, Fluticasone, SFC    1% 28      

SFC, Placebo, Fluticasone, Salmeterol    0% Inf      

Fluticasone, Placebo, Salmeterol, SFC    0% Inf      

Fluticasone, Placebo, SFC, Salmeterol    0% Inf      

Placebo, Salmeterol, Fluticasone, SFC    0% Inf      

Placebo, SFC, Salmeterol, Fluticasone    0% Inf      

Placebo, Salmeterol, SFC, Fluticasone    0% Inf      

Placebo, Fluticasone, SFC, Salmeterol    0% Inf      

Placebo, SFC, Fluticasone, Salmeterol    0% Inf      
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Placebo, Fluticasone, Salmeterol, SFC    0% Inf      

Sum 100% - 28% 62% 44% 53% 22% 

Table 2. Hierarchy matrix of the network of four treatments for chronic obstructive pulmonary disease of Figure 3. 1 

Checks indicate the hierarchies that fulfil the criteria specified in the columns. Sum shows the probability of the 2 

criterion to hold. SFC: salmeterol fluticasone combination; Inf: infinity. 3 
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Vortioxetine, Bupropion, Escitalopram, Mirtazapine, Agomelatine, Amitriptyline, Duloxetine, Venlafaxine, Paroxetine, Citalopram, 

Milnacipran, Fluoxetine, Sertraline, Clomipramine, Fluvoxamine, Nefazodone, Trazodone, Reboxetine 

Vortioxetine, Bupropion, Escitalopram, Mirtazapine, Agomelatine, Milnacipran, Venlafaxine, Citalopram, Amitriptyline, Sertraline, 

Paroxetine, Duloxetine, Clomipramine, Fluvoxamine, Fluoxetine, Nefazodone, Trazodone, Reboxetine 

Vortioxetine, Bupropion, Escitalopram, Mirtazapine, Amitriptyline, Agomelatine, Duloxetine, Venlafaxine, Paroxetine, Milnacipran, 

Sertraline, Fluvoxamine, Citalopram, Fluoxetine, Clomipramine, Trazodone, Reboxetine, Nefazodone 

Bupropion, Vortioxetine, Escitalopram, Nefazodone, Mirtazapine, Agomelatine, Amitriptyline, Paroxetine, Milnacipran, Sertraline, 

Venlafaxine, Duloxetine, Fluvoxamine, Fluoxetine, Citalopram, Clomipramine, Trazodone, Reboxetine 

Vortioxetine, Bupropion, Mirtazapine, Escitalopram, Venlafaxine, Amitriptyline, Paroxetine, Agomelatine, Milnacipran, Citalopram, 

Sertraline, Clomipramine, Duloxetine, Nefazodone, Fluoxetine, Fluvoxamine, Trazodone, Reboxetine 

Bupropion, Vortioxetine, Escitalopram, Mirtazapine, Amitriptyline, Venlafaxine, Duloxetine, Sertraline, Agomelatine, Citalopram, 

Paroxetine, Clomipramine, Fluvoxamine, Milnacipran, Fluoxetine, Trazodone, Nefazodone, Reboxetine 

Vortioxetine, Bupropion, Escitalopram, Mirtazapine, Venlafaxine, Amitriptyline, Nefazodone, Sertraline, Agomelatine, Paroxetine, 

Citalopram, Clomipramine, Fluoxetine, Duloxetine, Milnacipran, Fluvoxamine, Trazodone, Reboxetine 

Table 3. Most probable hierarchies for the network of antidepressants of Figure 4.  1 



Figures

Figure 1

Network meta-analysis relative treatment effects for a hypothetical network of three treatments, t_1,t_2
and t_3. MD: mean difference; CI: con�dence interval.

Figure 2

Network meta-analysis relative treatment effects of a hypothetical network of three treatments, t_1,t_2
and t_3 (panel a) and two-dimensional plot of the probability density function for the bivariate normal



distribution corresponding to the network meta-analysis of panel a with the associated frequencies of all
possible hierarchies (panel b). MD: mean difference.

Figure 3

Network plot with edges proportional to the number of studies of each direct comparison (panel a) and
network meta-analysis relative treatment effects (panel b) for a network of four treatments for chronic
obstructive pulmonary disease. OR: odds ratio; CI: con�dence interval; SFC: salmeterol �uticasone
combination.



Figure 4

Network plot of head-to-head studies (panel a) and network meta-analysis relative treatment effects
(panel b) for a network of 18 antidepressants major depression. OR: odds ratio; CI: con�dence interval.


