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Abstract

Network meta-analysis is a technique for comparing multiple treatments, overcoming the
limitations of traditional meta-analysis. However, the quality of evidence of NMA affects
the accuracy of clinical decision-making, especially the bias in the studies included.
Therefore, it is essential to evaluate the quality of evidence based on the risk of bias in

individual studies.

Based on the proportional contribution and Risk of Bias (RoB) of each trial, the
robustness index for quantitatively assessing the quality of evidence in NMA was derived
by considering the evidence flow networks that can be compared to two-terminal series-
parallel graphs. To present the results of the assessment of evidence quality, the study
developed a Shiny application including new interactive visualization techniques based

on network plots and bar charts.

The robustness index improves the accuracy of the assessment of NMA quality by
considering the structure of evidence flow networks. The Shiny application facilitates the
interpretation of the quality of evidence in NMA. In this application, the network plots
enable users to identify treatment contrasts with low robustness and to further examine
the structure and robustness of flow networks. The bar chart visualizes the distribution of
the risk of bias in studies of each stream. These results prevent clinical practitioners from
placing confidence in the NMA estimation with a high risk of bias and inform clinical

decision-making about interventions; hence improving the prognosis of patients.

Keywords: Network meta-analysis, Proportion contributions, Flow networks,

Robustness, Visualization

111



Contents

R2E2B - FFIFFIH°2 rRLAREF LT i, i
B2 g R e s ii
ADSEIACE ... 111
COMEEIMITS ...ttt e b e e s b b e e e be e e e ke e e s bn e e snbeeeanneeeas v
LISt Of FIGUIES ..o vi
LSt 0f TADIES ... s viii
I INErodUCHiON .......oooviiiie e 1
2. Literature ReVIEW ...........ccooiiiiiiiiiiiii e 4
2.1. Quality of Evidence from Network Meta-Analysis.........cccccovvvereiinennene. 4
2.2. Proportion Contributions and Flow Networks ..........cccccvvviiiiiiniiiiiiinnnns 7
2.3. Visualization of the Quality of Evidence...........ccccovvvviiiiiiiiiniciienns 12
2.4. SUMMATY ... 13
2.5. AIms Of This Study .....ocovviiiiiiiiii 14
B IMEtROMS ... e 15
3.1. Theoretical Foundation...........cccoouviiiiii i 15
3.2. Estimation of Network Robustness ...........c.cccooveiiiiinnicnc 22
33 VISUAIIZATION .. 27
e RESUILS ..o s 29
4.1 RODUSINESS TNACK ... 29
4.2. Shiny App, an Interactive User Interface...........cccceveveiiiiiiiiieniiiinnienns 32
4.2.1. Visualization of Network RoObustness...........cccocvervenieenieeninennene 32
4.2.2. Visualization of Flow Network and Robustness.............cccccerene. 37

4.2.3. Visualization of Streams RoB and Proportion Contributions of

Studies 41

LT D 11T 1 L) 1) 1 1T 44

LT 1) 1 1ol L1 1) 10 1 1 49

v



| 2 S (2 W 1 (S T TR, 50

APPEIAIX A ..o e 54
APPENAIX B s 56
APPENAIX C ..o 59



List of Figures

Figure 1. Visual representation of direct and indirect evidence toward the comparison

OF A VEISUS Bl .ottt he e 2
Figure 2. Hypothetical presentation of risk of bias assessments for studies. ................ 5
Figure 3. Hypothetical evidence network plot comparing the effects of four drugs..... 6

Figure 4. Hypothetical contributions matrix: percentage contribution of each direct

estimate to the network meta-analysis €StMALES. .........cccveririiiniiiiiiiesie e 7

Figure 5. Hypothetical bar chart displaying the study proportion contributions to
treatment contrast estimates with low (green), moderate (yellow), and high (red)
0] 2 SRR PPRPRRR 8

Figure 6. Concentration (a) and dispersion (b) of high RoB evidence among streams in

A reaAtMENT CONITAST ESTIMIALE. 1eevrrreeseeeeeeeeeee e e e e e e eeeeee e eaeeeeeeeeeeenneaeseseesreennnnnaaseseeereenns 9

Figure 7. Concentration (a) and dispersion (b) of high RoB evidence among edges in a

SETCAIML. .viiuiiiiiiii ittt 10
Figure 8. Hypothetical network plot..........cccooeiiiiiiiiiiiii 12
Figure 9. Hypothetical network plot with four interventions x, y, u, and v................. 17
Figure 10. Decomposition of streams from the hypothetical network plot. ................ 19
Figure 11. Proportion contributions of direct evidence. ...........c.ccevvveriniiiieninicnnenn. 20
Figure 12. Series circuit (a), and parallel circuit (b)........cccooveviiiiiiiie 23

Figure 13. Network plot of the antihypertensive drugs on incident diabetes mellitus

Fo <1 A% o) o SRR 28

Figure 14. Network plot of Calcimimetic agents for secondary Hyperparathyroidism
T AAULES. 1ot 28

Figure 15. The first tab “Upload file” of the Shiny app “Network Robustness

VISUALIZALION . ...eeeeeeeeee ettt et ettt e e e e e e eeteee e e seeeeeseeetanasseeeesseenssnnnnsseeeeseenes 33

Figure 16. Module network robustness in the second tab “NMA Robustness” of the
Shiny app “Network Robustness Visualization™. ..........cccoceviiiiiiiniininiiiiienene 33

vi



Figure 17. Histogram of contrast robustness in the second tab “NMA Robustness” of

the Shiny app “Network Robustness Visualization”. ...........ccoceviviiiiieniineniiiain. 34
Figure 18. Demonstration of hovering over the elements in network robustness plot.34
Figure 19. Demonstration of selecting multiple contrasts in network robustness plot.34
Figure 20. Network robustness plot with low robustness contrasts highlighted. ........ 35

Figure 21. Network robustness with the dataset of the effects of Calcimimetic agents

for secondary HyperparathyroidiSm. ..........c.ccooiiiiiiiiiniiiiesee e 36

Figure 22. Histogram of contrast robustness with the dataset of the effects of

Calcimimetic agents for secondary Hyperparathyroidism. .........cccccoovveiiiiiiinniinnninnns 36

Figure 23. Module stream network and robustness plot in The third tab “Contrast

Robustness” of the Shiny app “Network Robustness Visualization™. ...............ceeueee. 37

Figure 24. Demonstration of hovering over and selecting a stream in the flow network

101 (0 SR UPRTPRP 38
Figure 25. Flow network plot with low robustness streams highlighted..................... 38
Figure 26. Streams network of the contrast estimate “ARB versus Diuretic”. ........... 39

Figure 27. Flow network plot with the dataset of the effects of Calcimimetic agents for

secondary HyperparathyroidiSm. ..........cooiiiiiiiiiiiiieiie e 40

Figure 28. Module stream RoB bar chart in the third tab “Contrast Robustness” of the

Shiny app “Network Robustness Visualization™. ..........cccoceviiiiiiiniiiiciiiiiieieee 41
Figure 29. Demonstration of selecting a study in the stream RoB bar chart................ 42
Figure 30. Stream RoB bar chart of contrast “ARB versus Diuretic”............c.c.cooe.ee. 42

Figure 31. Stream RoB bar chart with the dataset of the effects of Calcimimetic agents
for secondary HyperparathyroidiSm. ..........ccooviiiiiiiiiiiiiic e 43

Figure 32. A hypothetical streams network for comparing the weighted average

method and the TODUSINESS TNAEX. .. .ccoiiieeeiieie et e et ee s e e e e eeeeeseaaseeeeeeseenns 45

Figure 33. Comparison of different risk values of RoB. ..........cocooiiiiiis 47

vil



List of Tables

Table 1. H matrix for the network of four interventions X, y, u, and v. ......c..cccoeceenin. 17

Table 2. Matrix P of proportion contribution for the network of four interventions x, vy,

Table 3. Study proportion contribution matrix P* for the network of four interventions

DA I s Ld B TP SUTRTOPR PR 21

Table 4. Comparison between evaluations of quality of contrast estimate “ACE versus

Placebo” by weighted average and the robustness indeX. .........ccccevveerieiniieiiensiennen. 30

Table 5. Comparison between evaluations of the quality of contrast estimate “ARB

versus Diuretic” by weighted average and the robustness indeX..........cccocceevveiiieennnn. 31

Table 6. Comparison between evaluations of the quality of contrast estimate

“Cinacalcet versus Control” by weighted average and the robustness index............. 31

viil



1. Introduction

With the increasing number of clinical articles, comprehensively reviewing all the
relevant literature has been a considerable challenge to researchers. Besides, the large
variation among the results of each literature makes it difficult to provide a certain
conclusion for researchers. Meta-analysis, a statistical method to calculate a pooled
estimate of treatment effect based on a systematic review of multiple studies, has been
developed to address these problems. This method provides evidence of the efficacy of
interventions in healthcare by summarizing and evaluating research findings [1].
However, traditional pairwise meta-analysis (TMA) can only compare two treatments at
a time. When multiple treatments are available for a particular disease, TMA can only
provide pairwise comparisons and has limitations in conducting multiple comparisons,
such as inconsistency of results and lack of evidence for direct comparison between some
treatments. The outcomes of TMA cannot adequately inform clinical decision-making

since the whole picture of treatment effects cannot be captured [2].

Network meta-analysis (NMA) compares multiple treatments simultaneously by
synthesizing all available evidence into a single statistical model and generating a
coherent network of evidence, thereby increasing the certainty of all outcome estimates.
NMA also provides indirect evidence by comparing treatments to common comparators
in the absence of direct evidence. NMA provides a comprehensive assessment of
treatment effects by combining direct evidence and indirect evidence estimated by the

connection of the network, which surpasses the limitations of TMA [3-5].

We wish to compare three treatments, A, B, and C, as shown in Figure 1, but the
TMA method can only provide pairwise comparisons: direct evidence “A versus C” and

“B versus C”. NMA connects the two direct comparisons with common comparator C



and estimates the treatment effect size for the “A versus B” comparison. For example, if
A is superior to C by 3 units and C is superior to B by 2 units, it can be inferred that A is
superior to B by 5 units. The “A versus B” comparison is called an indirect comparison
as they are not directly connected in the network graph, and have not been directly
compared in previous studies. This cycle “A-B-C” in the network graph is called a

triangular loop.

Direct evidence

A versus B trials

Indirect evidence
A B

A versus C trials B versus C trials

Figure 1. Visual representation of direct and indirect evidence toward the

comparison of A versus B.

The appropriateness of interpreting the clinical effects of interventions is influenced
by the quality of evidence obtained from NMA, which usually can be impaired by the
within-study bias of the studies included in the evidence network. To evaluate the quality
of'evidence, the risk of bias (RoB) of each study and its contribution to the NMA estimates
must be considered. Past research has established various approaches for estimating the
proportion contribution of studies and guidelines for evaluating the RoB. Since an NMA
contrast estimate can be seen as a linear combination of direct estimates, the evidence

stream network should be considered when assessing the quality of NMA. Disregarding



the flow network and only taking the weighted average by contribution and RoB led to
neglecting the impact of the distribution of RoB in the network. To determine the potential
bias due to conflicting directions of bias from the studies, the assessment of NMA quality
must start with contributions of individual studies, instead of pooled direct evidence.
Previous studies have not developed a quantitative index that considers the proportion
contribution of individual studies and the structure of the evidence flow network for

evaluating the quality of NMA evidence.

Therefore, the purpose of this study was to develop a robustness index to
quantitatively assess the quality of NMA evidence based on the proportion contribution
and RoB of studies as well as evidence stream network structure. Moreover, the other
objective of the study was to develop new techniques for visualizing the quality of
evidence based on network plots and bar charts. These enable clinical practitioners to
easily interpret the quality of NMA estimates, increasing the accuracy of decision-making

about interventions.



2. Literature Review

2.1. Quality of Evidence from Network Meta-Analysis

It is imperative to evaluate the quality of evidence from an NMA before
incorporating it into clinical decision-making. The quality of evidence refers to the
reliability or certainty of treatment effect estimates. Puhan et al. [6] and Salanti et al. [7]
proposed methods of assessing the quality of evidence for NMA, based on the Grading
of Recommendations Assessment, Development, and Evaluation (GRADE) working
group approach. In the standard GRADE guidelines [6, 8], five criteria will be used to
downgrade the quality of evidence of randomized controlled trials (RCTs) based on the
results of a systematic review to determine whether there is (1) risk of bias (RoB); (2)
inconsistency; (3) indirectness; (4) imprecision; and (5) publication bias among the
studies included in NMA. The quality of evidence is then classified as high, moderate,

low, or very low according to the GRADE guidelines.

Risk of bias (RoB), one of the criteria in GRADE, refers to flaws in the design or
implementation of a study, which result in an estimated treatment effect that
systematically differs from the actual effect [9]. This kind of within-study bias is crucial
for the evaluation of evidence quality in both TMA and NMA, as biased studies impair
the validity of the estimates and, consequently, the appropriateness of clinical decisions.
In TMA, RoB assessment is straightforward; the Cochrane RoB tool can be used to
evaluate the included studies and generate a visual RoB table shown in Figure 2, to
further assess the impact on the results [10]. However, RoB assessments in NMA pose a
challenge since the contribution of direct evidence from individual studies to different
treatment contrast estimates varies and cannot be directly obtained from the analysis

results [11].
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Figure 2. Hypothetical presentation of risk of bias assessments for studies.

The approach for rating the quality of NMA evidence in each direct and indirect
estimate proposed by Puhan et al. is qualitative and lacks quantitative assessment. To
increase efficiency for evaluating the indirect estimate, this approach focused on the
assessment of the indirect evidence on the dominant first-order loop, the triangular loop
as mentioned in Introduction. For example, a comparison between four interventions was
presented as an evidence network shown in Figure 3, where the absence of lines between
nodes indicates no trials comparing two treatments. For the indirect comparison “C versus
D”, the red solid line represents the first-order loop, which includes only one additional
treatment “A” apart from the treatment being compared. The second-order loop involves
two additional single treatments “A” and “B”, as shown by the green dashed lines. Higher-
order loops involve even more additional treatments. When both direct and indirect
evidence are available for a specific comparison, the higher quality of the two estimates
is used to determine the evidence quality. In other words, this approach does not consider
the contribution of the remaining studies. Focusing on the first-order loop may lead,
however, to ignoring an important proportion of the evidence and to inappropriate ratings

of the certainty of estimates [12].



Figure 3. Hypothetical evidence network plot comparing the effects of four drugs.

Therefore, Puhan suggested researching on evaluating the contribution of individual
studies, i.e., weight, to assess the quality of NMA [6]. On the other hand, Salanti et al.
more extensively used weights in their approach and provided a more quantitative
evaluation of the quality of evidence, a weighted average of “downgrading levels” that
downgrades for the comparisons that are mostly contributed by studies with high risk of
bias [7]. The weighted average, however, is based on the contribution of pooled direct
evidence instead of individual studies. To understand the impact of RoB on the treatment
contrast estimates and the entire network estimates, the weight of direct evidence from

individual studies must be fully considered when assessing evidence quality [13].



2.2. Proportion Contributions and Flow Networks

Salanti's approach estimated the contribution matrix for each pooled direct estimate,
instead of each direct evidence from individual studies, as shown in Figure 4 [7]. The
approach, however, cannot be used to determine the potential bias in contrast estimates
due to conflicting directions of bias from the studies after pooling the same treatment
comparisons from several studies into a single direct estimate. Thus, it is essential to
estimate the amount of information that individual studies contributed to the estimation
to identify positions and directions susceptible to bias in a network, providing an

evaluation of the robustness of the evidence.

Direct evidence

AB AC BC BD CD

Mixed estimates

AB 15 37 10 33 5
8 AC 12 70 4 7 7
.g BC 2 2 67 10 19
2 BD 5 5 20 52 18
E CD 4 4 33 32 27

Indirect estimates

AD 9 28 23 23 17

Figure 4. Hypothetical contributions matrix: percentage contribution of each

direct estimate to the network meta-analysis estimates.

Salanti et al. suggested considering the relative contribution of different studies to
the overall NMA estimates to assess the impact of bias. To convert each entry in the
absolute contribution matrix to the proportion contribution, they suggested standardizing
the absolute values of each row and interpreting them as proportions [7]. However, each
row of the contribution matrix can be interpreted as an evidence flow network [14, 15],

7



including evidence streams with various paths and flows; the weight of each path is
assigned to direct evidence involved. Thus, taking standardized absolute values would
overestimate the contribution of direct evidence involved in long paths and underestimate

the weights of the shortest paths by ignoring the multiple occurrences of identical values.

Nikolakopoulou and Papakonstantinou addressed this issue and proposed a proper
method of converting contribution matrix entries into proportions based on the
observation that the contribution matrix represents the flow of evidence [16]. They
modified the H matrix from Konig et al.’s study [14] to proportions by decomposing flows
into proportion, where each row sums to 100%. The study presented a new iterative
algorithm that obtains the proportion contribution of pooled direct estimates and further
calculates the contribution of individual studies to a single contrast estimate. In addition,
the study visualized the proportion contributions of each study to each treatment contrast
estimate with bar charts using Confidence In Network Meta-Analysis (CINeMA) [17],
which were color-coded based on low (green), moderate (yellow), and high (red) risk of

bias, as shown in Figure 5 [16].

AB  [HEHEE R

AC [N I

BC AN I .

BD [ e — ]

co N I

AD [EHEE | | [ | |
0 50

100 (%)

NMA estimtates

Figure 5. Hypothetical bar chart displaying the study proportion contributions to
treatment contrast estimates with low (green), moderate (yellow), and high (red)

RoB.



However, the visualization of the contributions of direct evidence from different
studies and their RoB has limited applicability to clinical practice. A contrast estimate can
be decomposed into multiple evidence streams with respective paths and flows, each of
which is composed of evidence with varied amounts of contributions and qualities,
affecting the robustness of the NMA estimate. Take a contrast estimate comprised of a
high proportion of high RoB evidence for example, which would be like the contrast bar
“A versus D” consisting large proportion of red color in Figure 5. There are three streams
“A-B-D”, “A-C-D”, and “A-B-C-D” for the treatment contrast estimate “A versus D”, as
shown in Figure 6. The width of the lines represents the flow of evidence streams. The
high RoB studies would either mostly distribute in a single stream of the contrast estimate
as shown in Figure 6(a) or evenly disperse among several streams as shown in Figure
6(b). In the former case, stream I in Figure 6(a) would be a high RoB stream, requiring

cautious evaluation of the contrast estimate's quality if the stream also had a high flow.

(2) (b)

Stream 3 m High RoB evidence

B C B IiEEEEEEENEENER C
Stream 2

Moderate RoB evidence

Low RoB evidence
Stream [

- Stream 2

Stream [ anmn Ofream 3

>
W)
p
v}

Figure 6. Concentration (a) and dispersion (b) of high RoB evidence among

streams in a treatment contrast estimate.



Moreover, for the composition of a single evidence stream; the concentration and
dispersion of high RoB evidence among edges also affect the robustness of estimates.
This study compares the stream networks to two-terminal series-parallel graphs (TTSPG),
where two-terminal (source and sink) multi-graphs built from edges use two operations:
series and parallel compositions [18]. The networks can also be regarded as electrical
circuits, where high RoB is equivalent to the high risk of open circuits, and the robustness
of an evidence stream is equivalent to the probability of current flow through the stream.
Once high RoB evidence (i.e., high risk of an open circuit) is concentrated in one edge in
the stream as shown in Figure 7(a), the current is less likely to flow in the circuit,
resulting in lower robustness than when high RoB evidence is dispersed across different
edges as shown in Figure 7(b).  An assumption underlined the idea that the
concentration of high RoB evidence on one edge has lower robustness is that the evidence
comparing the same treatment comparison is likely to have the same direction of bias.
This within-edge correlation leads to an accumulation of bias with the same direction in
an edge. In contrast, the evidence comparing different treatment comparisons have
different directions of bias, which can be canceled out. If the quality of evidence was
evaluated merely based on proportion contributions and RoB, the outcomes would be the

same regardless of the distribution of high RoB evidence.

(a) (b) m— High RoB evidence
B
A C

Figure 7. Concentration (a) and dispersion (b) of high RoB evidence among edges

Low RoB evidence

in a stream.
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When assessing the quality of NMA evidence in clinical research, we should also
investigate the evidence flow network, including flow, proportion contribution
distribution, and RoB, to further identify the distribution of studies susceptible to bias in
the evidence network structure. This can provide a more nuanced understanding of the
quality of evidence from NMA contrast estimates; and further, indicates whether to

remove high RoB research evidence.

11



2.3. Visualization of the Quality of Evidence

The network structure of NMA can be visualized using a network plot to display the
relationships between different interventions, as shown in Figure 8. Lines that connect
nodes representing different treatments indicate comparisons made in RCTs, while the
absence of such lines indicates no studies (i.e., no direct evidence) comparing these two
treatments. Typically, the width of lines is proportional to the number of trials comparing
the treatments, and the size of nodes is proportional to the number of participants (sample
size) with random assignment. Various software, such as Stata and R, can be used to
generate network plots. Two articles published in 2017 and 2021 reviewed the differences
in features of packages for R network visualization [19, 20]. Based on these reviews, this
study estimated and visualized the robustness of NMA with the network plot and bar chart;

and further developed an interactive user interface using the Shiny package.

Figure 8. Hypothetical network plot.

12



2.4. Summary

Direct evidence from individual studies in NMA can be rated as low, moderate, or
high RoB according to the GRADE guidelines. The approach for assessing the quality of
NMA using RoB proposed by Puhan et al. [6] was qualitative and ignored the impact of
higher-order loops. Hence, Puhan et al. suggested considering the weights of studies for
evaluation. Although the quantitative approach developed by Salanti et al. [7] included
contributions of studies for evaluating the quality of evidence, the weighted average they
proposed was for “downgrading levels” of quality, instead of a general quantitative index
for assessing the impact of RoB of individual studies. In addition, Salanti et al.’s approach
only considered the contribution of pooled direct evidence rather than individual studies,
thus the potential bias in contrast estimates due to conflicting directions of bias from the

studies cannot be determined.

Methods for decomposing the flows in a network and estimating the proportion
contribution have been developed [16]. Each NMA treatment contrast estimate can be
decomposed into an evidence flow network. Without considering the flow network
structure and directly calculating the weighted average based on proportion contribution
for assessing the quality of NMA would result in a neglect of the influence of RoB
distributions in the network. Flow networks can be compared to two-terminal series-

parallel graphs (TTSPG).

13



2.5. Aims of This Study

This study aims to quantify the impact of evidence bias on NMA estimates. We
compared RoB to the probability of open circuits and combined it with proportion
contribution for constructing a robustness index that can be understood as the probability
of functioning circuits. Furthermore, to enhance the interpretability of the quality of direct
evidence in NMA, we developed an interactive Shiny app to visualize the robustness

estimation results, supporting clinical decision-making.

14



3. Methods

3.1. Theoretical Foundation

Based on the method proposed by Krahn and Konig [14, 21], the H matrix, also
known as the contribution matrix, can be estimated. The entries in the matrix represent
the generalization of the study weights between -1 and 1, depending on the precision of
the studies, heterogeneity between studies, and network structure. For the fixed-effects
models in NMA, the network can be expressed as the following generalized linear model

(GLM):
P = X0t +¢, €~ MVN(O,V)

The model represents a network containing T treatment nodes, with a total number of
D treatment effects of direct comparisons from the studies included. The vector 8P of
length D contains all the direct effect estimates. X is a design matrix with dimensions
D x (T — 1), representing the linear relationship between the direct effects and the basic
parameters. The vector 6™ of length T — 1 represents the basic parameters,
corresponding to T — 1 treatment effects of all comparisons to the reference treatment.
The vector € represents the measurement error associated with each estimate, assumed
to be independent across studies and distributed normally with a known covariance
structure cov(e) = V. If the network does not include multi-armed studies, V will be a

covariance matrix that has a diagonal form.

Hnet

The vector of the basic parameters can be estimated in a classical frequentist

manner by generalized least squares as follows:
é‘net — (le—lx)—lev—léD

15



GNMA = Yo" et= Y (X'VTIX) X'V 6P = HOP

The vector VM4 of length €] contains all the contrast estimates in NMA, including
direct, indirect, or mixed evidence. Y is a design matrix with dimensions C1 x (T — 1),
representing the linear relationship between the contrast estimates and the basic
parameters estimate. When direct evidence exists for all treatment comparisons, design

matrix X and Y are equivalent. The H matrix can be obtained from the above equation:

H: =YXV 1x)"1x'v-1

The dimension of the H matrix is D X C}. The rows of the H matrix contain all the NMA
effects estimates, and each column corresponds to a direct comparison. Each entry
indicates the weight of a direct comparison to a contrast estimate. These weights, also
known as contributions, may be positive or negative depending on the direction of

comparison.

Nikolakopoulou and Papakonstantinou translated the entries of the H matrix
proposed by Konig et al. [14] to proportion contributions, where the sum of each row is
100% [16]. The study developed a novel iterative algorithm for calculating the proportion
contribution of each direct evidence to a contrast estimate; and further, the proportion
contribution of each study. To demonstrate the concepts, the study used a network of
topical antibiotics for the treatment of chronic otitis media with ear discharge in patients

with eardrum perforations.

The network compared four treatments x, y, u, and v, as shown in Figure 9 [16]. The
treatment effect was measured using the odds ratio (OR). Direct evidence existed for all
comparisons except u versus X. The H matrix showing the contribution of each direct

evidence to a contrast estimate for the network was demonstrated in Table 1 [16], where

16



columns correspond to direct evidence and rows correspond to NMA treatment contrast
estimates.  Positive values favor the first treatment. The matrix P derived by
Papakonstantinou et al. showed the proportion contribution (%) of direct evidence
indicated in the columns to the NMA treatment contrast estimates indicated in the rows,

as shown in Table 2 [16].

<
-

Figure 9. Hypothetical network plot with four interventions x, y, u, and v.

Table 1. H matrix for the network of four interventions x, y, u, and v.

Xy XV yu yv uv
Xy 0.64 0.37 -0.11 -0.25 -0.11
Xu 0.60 0.40 0.63 -0.03 -0.37
XV 0.55 0.46 0.17 0.38 0.17
yu -0.03 0.03 0.75 0.22 -0.26
yv -0.09 0.09 0.28 0.63 0.28
uv -0.06 0.06 -0.46 0.40 0.54

17



Table 2. Matrix P of proportion contribution for the network of four interventions

X, Y, u, and v.

% Xy XV yu yv uv
Xy 63.5 16.4 3.8 12.6 3.8
Xu 30.1 19.4 311 1 18.4
XV 24.4 455 5.7 18.8 5.7
yu 1.1 1.1 74.5 111 12.2
yv 4.5 4.5 14.2 62.7 14.2
uv 1.9 1.9 22.1 20.2 53.8

To illustrate the algorithm of deriving the matrix P shown in Table 2, take one row
of the H matrix (i.e., a single contrast estimate) for example, the NMA effect estimate xy
is denoted as h*Y. Konig et al. [14] stated that h*¥ can be interpreted as a flow network
from source x to sink y and visualized with a directed acyclic graph (DAG), as shown in
Figure 10(a) [16]. The contribution of direct evidence uv to the NMA estimate xy is
denoted by h;. The flow of direct evidence uv to the NMA estimate xy is denoted
by fuv »

w = |l

corresponding to the absolute value of each cell (i.e., contribution) in the H matrix. Since
the example focused on the decomposition of the NMA estimate xy, the superscript “xy”

will be neglected in the following expressions.

The number of iterations I in this algorithm corresponds to the number of evidence

streams from source x to sink y as shown in Figure 10(b) [16]. A stream is obtained by
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searching for the shortest path from vertex x to y in each iteration, denoted by S;, where
i=1,..,1. Astream §; is defined as the composition of a path and its associated flow,
S; = (m;, @;). The flow of a stream ¢; is defined as the minimum value among flow of
direct evidence f,,,, alongthe path m; ofthe stream. For instance, the stream S, of path
m, in Figure 10(b) is composed of edge (i.e., direct evidence) “x to v’ and “v to y” with
the flow of f,,, = 0.365 and f,, = 0.251, respectively. The corresponding flow ¢, is
determined by the minimum value among f,,, and f,,, which is 0.251. The proportion
contribution of direct evidence xv to the NMA contrast estimate xy, denoted by pyy
(or pyp), is the cell corresponding to the column xv in the row xy in the matrix P. The

calculation of p,, first requires identifying the relevant paths.

(a) Comparison graph (b) Streams

fon =114

fop = 365

Figure 10. Decomposition of streams from the hypothetical network plot.

In this case, both path m, and m; with lengths |m;| of 2 and 3, flow through the
direct evidence xv. In other words, this direct evidence contributes to both streams S,

and S3. Thus, the formula of p,, can be expressed as follows:
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The calculations of reamaining direct evidence are shown in Figure 11 [16].

.1
Pyu = T =.038

251 .114 114
e p = =038
Pow =5~ + 3 51 Puy =73
= .164 =5
=.126
X . | y
Dyxy = .635

Figure 11. Proportion contributions of direct evidence.

The matrix P in Table 2 shows the proportion contribution of each direct evidence
to each NMA contrast estimate. The study further calculated the matrix P* consisting of
the proportion contribution of direct evidence from individual trials to each NMA contrast
estimate, as shown in Table 3. For simplification, the study considered that there are no
multi-arm studies. A direct estimate from TMA is a weighted average effect size
combining the results of multiple studies, where the weights refer to the amount of
information they contribute, usually the inverse variance of each effect-size estimate [22].
Accordingly, the proportion contribution of direct evidence to a contrast estimate can be
allocated to the studies contributing to the evidence based on their respective weight,
which can be seen as the proportion contribution of direct evidence from the individual

trial to a contrast estimate, denoted by p;. The equation is expressed as follows:
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p; =

Wi

Zf Wi

i =1,..,1 where I isthe number of studies included in each direct evidence; w; is the

weight of individual study within the direct evidence, obtained from TMA; p is the

proportion contribution of the direct evidence to a given contrast estimate.

For example, the proportion contribution of direct evidence xy to the contrast

estimate xy, denoted by p;?,/ (Or Ppyy), is 63.5%. The direct evidence xy is

contributed by two studies with weights of 0.69 and 1.54 from TMA, respectively. Thus,

the proportion contributions of the two studies to contrast estimate xy are 19.6% and

43.8%, respectively.

Table 3.

Study proportion contribution matrix

069

P17 069 + 1.54
. 154

P2 =069 + 1.54

interventions x, y, u, and v.

+63.5% = 19.6%

63.5% = 43.8%

P* for the network of four

Study 1 2 3 4 5 6 7 8 9 10 11 12 13
Xy 199 635 27 04 07 05 05 06 28 12 07 24 41
Xu 95 405 87 43 54 36 5 53 7 64 38 03 02
XV 78 672 41 07 1.1 07 08 09 42 19 11 35 6.1
yu 05 473 135 104 128 85 121 128 123 42 25 21 3.6
yv 1.6 236 12 1.9 25 1.7 22 23 123 49 29 114 20.6
uv 0.8 85 189 3 39 26 35 37 145 19 114 3.7 6.6
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3.2. Estimation of Network Robustness

This study modified and called several functions within the R package “flow
contribution” published by Papakonstantinou et al. [23], including “getHatMatrix”,

“comparisonStreams”, “getStudyContribution”, and “getComparisonContribution”. The

variables, function arguments, and return values are described in Appendix A.

To obtain a more nuanced evaluation and visualization of the quality of NMA
estimates, this study constructed a function of estimating the proportion contribution of
direct evidence from each study in each evidence stream to the interested treatment
contrast estimate, involved the further calculation of the matrix P and matrix P* (see

Appendix B).

A set of evidence streams of a single contrast estimate, also known as a flow network,
can be linked to electric circuits converted into a two-terminal series-parallel graph
(TTSPG) with a source and a sink. In this study, a method has been developed to estimate
the robustness of a network, where robustness is defined as the probability of current flow
through the whole stream. In contrast, the risk of open circuits is determined by the RoB

of the studies included in NMA.

Streams, edges, and direct evidence from an individual study can be compared to
two-terminal components in electrical networks, which can be connected in series or
parallel. An evidence stream network is composed of streams connected in parallel; a
stream is composed of edges connected in series; an edge is composed of direct evidence
from individual studies connected in parallel. Since NMA estimates are linear
combinations of direct evidence, a biased study will impair the quality of the entire
evidence flow, similar to how an open circuit can cause the entire circuit to fail. A high

RoB study exists in an evidence stream makes the entire stream susceptible to bias. The
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influence of biased studies on the stream network varies depending on their proportion

contribution to the network.

Therefore, the structure of an evidence streams network (flow network), the
proportion contribution of studies, and their RoB were considered for the robustness
index. The robustness index is defined as the probability of evidence successfully flowing
through the stream without the occurring of open circuits. The probability that an open
circuit occurs can be set to RoB levels of different risk values (low with 0.1, moderate
with 0.5, and high with 0.9 in the following demonstration), representing the probability
that an NMA contrast estimate is unlikely to be biased. Once the proportion contributions
of studies were obtained through a further calculation of matrix P, a function for

estimating the robustness of the flow network can be developed (Appendix C).

To illustrate the idea of the robustness index, firstly take two simple examples of
computing the probability that the current passes through a series and parallel circuit. The
example circuits were demonstrated in Figure 12, with the probability of failing to an

open circuit for each component (denoted by p;) assumed to be independent.

Circuit (a)
o
Circuit (b)

P3
/
Pa

/

Figure 12. Series circuit (a), and parallel circuit (b).
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For circuit (a), the probability that the current passes through can be expressed as
(1 —p,)(1 — p,) since only one opened component would fail the entire circuit. For
circuit (b), the probability that the current passes through can be expressed as 1 — p3p,
since only one working component is required to support the entire circuit. Since the
whole stream network can be seen as a series and parallel circuit, the robustness can be

evaluated based on the probability that the current passes through.

It is noteworthy that this study, however, did not employ the above calculation when
computing the probability that a parallel circuit works since it would overestimate the
robustness by ignoring the high RoB evidence as long as any low RoB evidence exists
regardless of how low its contribution might be. For parallel circuits, instead, the study
computed the probability by summing up the product of contribution and RoB of each

evidence, similar to the pooling of effects in TMA.

The algorithm to calculate the robustness index starts with the robustness of edges.
Since an edge consists of direct evidence from individual studies, the equation of the

robustness of an edge is expressed as follows:

I

R® = z ci(1—m)

Inanedge, i = 1,...,I where I isthe number of direct evidence from individual studies;
c; 1s the proportion contribution of direct evidence from an individual study, with a value
between 0 and 1; p; is the proportion contribution of direct evidence from an individual

study in a given stream to the contrast estimate, derived from the matrix P and matrix P*
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(see Appendix B); ¢ is the flow of the stream; |m| is the length (i.e., number of edges)

of the stream; 7; is the RoB of the study, converted to the risk value between 0 and 1.

Next, the robustness of streams will be calculated. Since a stream consists of edges

connected in series with the same contribution %, the expression of the robustness of a

stream is shown as follows:

In a stream, j = 1,...,J] where J is the number of edges; Rf is the robustness of an

edge, with a value between 0.1 and 0.9.

Then, the robustness of treatment contrasts will be calculated. Since a contrast can
be decomposed to streams connected in parallel with the contribution ¢, the expression

of the robustness of a treatment contrast is shown as follows:

K
R = Z ®k Ri
k=1

In a contrast, k = 1,...,K where K is the number of streams; ¢, is the proportion
contribution of each stream; Rj is the robustness of a stream, with a value between 0

and 0.9.

Finally, the robustness of the entire network estimates R™ can be calculated, with a
value between 0 and 1. Since a complete network consists of all NMA treatment contrasts
estimates, the expression of the robustness of a network is shown as follows:

L c
=1 Rl

R™ =
L
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In a network, | =1,...,L where L is the number of treatment contrasts estimates; R}

is the robustness of a contrast estimate, with a value between 0 and 0.9.
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3.3. Visualization

To present the above results for better supporting clinical decisions, several functions
for graphing were developed to build an interactive user interface with the Shiny package.
The modules of visualization include a robustness network plot of all NMA estimates, a
robustness network plot containing streams of a single contrast estimate, and a bar chart
of the proportion contributions of each study to a single contrast estimate. These modules
were integrated into a Shiny app and deployed to  Shinyapps.io

(https://maliang.Shinyapps.io/NMA-Robustness-Visualization/) [24].

One dataset for the demonstration was based on a systematic review of the effect of
different classes of antihypertensive drugs on incident diabetes mellitus up to 2006 by
Elliot et al., which included 22 clinical trials (143,153 participants). There were six
different drug therapy used in the trials [25], which is a well-connected network as shown
Figure 13. The other dataset was based on a systematic review and NMA of the
effectiveness of Calcimimetic agents for secondary Hyperparathyroidism in adults, with
36 trials (11,247 participants) included. The study compared three Calcimimetic agents
and their combinations [26], which is a sparse network as shown in Figure 14. The R
code of the Shiny application and demo datasets are available on GitHub

(https://github.com/ShibaNeko[L/NMA -Robustness-Visualization.git) [27].
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ACE

Placeb BBlocker

Figure 13. Network plot of the antihypertensive drugs on incident diabetes

mellitus network.

Vitamin D

Evocalcet \QW dose vitamin D

[

Parathyroidectomy

Cinacalcet
/
m/
Figure 14. Network plot of Calcimimetic agents for secondary

Hyperparathyroidism in adults.
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4. Results

4.1. Robustness index

Demonstrated with the dataset of antihypertensive drugs on incident diabetes
mellitus, the study estimated the robustness of each stream and overall robustness for the
treatment contrasts “ACE versus placebo” and “ARB versus Diuretic”’. The study
compared the results of evaluating the quality of evidence by taking weighted averages
of RoB and proportion contributions of studies with the robustness index considering flow

networks.

The RoB was set to the same risk values between the two conditions, where high as
0.1, moderate as 0.5, and low as 0.9. The overall quality of the contrast estimate “ACE
versus Placebo” evaluated by the robustness index was 0.76, whereas the estimate without
considering the flow network was 0.85, as shown in Table 4. This indicates that
evaluating the quality of evidence based merely on RoB and proportion contributions
leads to an overestimation compared to the robustness index that takes into account the
evidence flow network. Moreover, the more the length of an evidence stream (i.e., the
number of edges) increases, the larger difference between the two evaluations becomes.
The robustness index of a longer stream is significantly lower due to the property of
calculating the probability of a serial circuit being open. Since the evidence stream in
NMA is a linear combination of various direct evidence, if single direct evidence (edge)
is biased, the quality of the entire stream will be impaired. Therefore, longer evidence

streams including more edges are more susceptible to bias.

The quality of the contrast estimate “ACE versus Diuretic” evaluated by the

robustness index was 0.48, whereas the estimate without considering the flow network
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was (.74, as shown in Table 5. The disparity of estimates between the two methods was
larger than that of the contrast estimate “ACE versus Placebo”. In “ARB versus Diuretic”,
the streams with higher flow had lower robustness, thus the overall robustness was a lot
lower than the overall weighted average. The low robustness of a stream was due to the

high RoB direct evidence connected inside, which would be visualized in section 4.2.2.

Demonstrated with the other dataset of Calcimimetic agents for secondary
Hyperparathyroidism in adults, the study estimated the quality of contrast estimate
“Cinacalcet versus Control” and compared it with the weighted average of RoB and
Proportion Contributions, as shown in Table 6. The contrast estimate consists of one
stream with the length of one direct evidence, hence the evaluation of the weighted

average and the robustness index were the same.

Table 4. Comparison between evaluations of quality of contrast estimate “ACE

versus Placebo” by weighted average and the robustness index.

Path of evidence streams of ACE versus Flow Weighted Robustness
Placebo contrast estimate Average Index
ACE:Placebo 0.59 0.90 0.90
ACE:Diuretic:Placebo 0.14 0.86 0.75
ACE:CCB:Placebo 0.10 0.82 0.66
ACE:BBlocker:Placebo 0.04 0.74 0.51
ACE:BBlocker:CCB:Diuretic:Placebo 0.01 0.86 0.47
ACE:BBlocker:ARB:Placebo 0.06 0.73 0.37
ACE:BBlocker:CCB:Diuretic:ARB:Placebo  0.00 0.84 0.37
ACE:CCB:ARB:Placebo 0.03 0.65 0.26
ACE:BBlocker:CCB:ARB:Placebo 0.03 0.66 0.17
ACE:BBlocker:Diuretic:Placebo 0.01 0.58 0.17
Overall evaluation 1.00 0.85 0.76
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Table 5. Comparison between evaluations of the quality of contrast estimate “ARB

versus Diuretic” by weighted average and the robustness index.

Path of evidence streams of ARB versus Flow Weighted Robustness
Diuretic contrast estimate Average Index
ARB:Diuretic 0.01 0.90 0.90
ARB:Placebo:Diuretic 0.25 0.78 0.60
ARB:Placebo:ACE:Diuretic 0.13 0.84 0.59
ARB:BBIlocker:CCB:ACE:Diuretic 0.02 0.85 0.51
ARB:BBIlocker:ACE:Diuretic 0.08 0.79 0.46
ARB:CCB:Diuretic 0.31 0.70 0.45
ARB:Placebo:CCB:ACE:Diuretic 0.01 0.82 0.43
ARB:Placebo:BBlocker:CCB:ACE:Diuretic  0.00 0.82 0.37
ARB:CCB:ACE:Diuretic 0.02 0.71 0.33
ARB:BBlocker:Diuretic 0.17 0.63 0.32
Overall evaluation 1.00 0.74 0.48

Table 6. Comparison between evaluations of the quality of contrast estimate

“Cinacalcet versus Control” by weighted average and the robustness index.

Path of evidence streams of Cinacalcet Flow Weighted Robustness
versus Control contrast estimate Average Index
Cinacalcet:Control 1 0.23 0.23
Overall evaluation 1 0.23 0.23
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4.2. Shiny App, an Interactive User Interface

The modules for visualizing the results of network robustness were integrated into a

Shiny app and deployed to Shinyapps.io (https://maliang.Shinyapps.io/NMA-

Robustness-Visualization/) [24].

4.2.1. Visualization of Network Robustness

The interactive user interface (UI) of the robustness network with antihypertensive
drugs on incident diabetes mellitus was shown in Figure 16. The nodes represent
interventions; the solid lines represent direct evidence or mixed evidence, while the dotted
edges represent indirect evidence. The width of the edges is proportional to the robustness
index, and the color also depends on the robustness index, from red, yellow to green. The
values of robustness are displayed in the table in the lower part of the UI. The UI allows
for the adjustment of parameters including color display, node size, edge width, and filter.
Besides, it displays a prompt window when hovering over any element on the network to
show detailed information, as shown in Figure 18. When hovering over a contrast (edge),
the prompt window shows the robustness index, mean length, and the number of streams.
When hovering over a treatment (node), the prompt window shows the sample size and
the number of studies. Multiple contrasts can be selected for further analysis by either

clicking on any rows in the table or the edges of the network plot, as shown in Figure 19.
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Figure 15. The first tab “Upload file” of the Shiny app “Network Robustness
Visualization”.
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Figure 16. Module network robustness in the second tab “NMA Robustness” of the

Shiny app “Network Robustness Visualization”.
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Figure 17. Histogram of contrast robustness in the second tab “NMA Robustness”

of the Shiny app “Network Robustness Visualization”.
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Robustness: 0.71
Mean length: 2.6

Number of Streams: 10

» | Sample size: 23351
Number of studies: 8

Diuretic Placebo Diuretic Placebo

Figure 18. Demonstration of hovering over the elements in network robustness

plot.
o .
BBlocker ARE\\
ccB E

.

Diuretic Placebo
Selected contrasts

Contrast Robustness Mean_stream_length Number_of_streams Sample_size

1 ACE:ARB 0.515 3 10 37536
5 ACE:Placebo 0.757 29 10 46333
8 ARB:Diuretic 0.485 29 10 32884
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Figure 19. Demonstration of selecting multiple contrasts in network robustness

plot.
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Figure 20. Network robustness plot with low robustness contrasts highlighted.

This UI allows users to comprehensively evaluate the quality of evidence in NMA.
In the demonstration shown in Figure 16, the overall robustness of the network was 0.618,
which indicated that the quality of evidence was acceptable since there was no contrast
estimate (edge) with extremely low robustness (in red). There was still low-quality
evidence such as “ARB versus Diuretic” and “ARB versus ACE”, though. The latter
comparison consisted of only indirect evidence and was therefore presented as a dotted
line. It is important to cautiously interpret the results of these comparisons in clinical
decision-making. The histogram of the robustness of comparisons shown in Figure 17
indicated that attention should be paid to the peak of the number of evidence with lower
robustness on the left. The network robustness plot can also be switched to the display
that highlights the contrasts with low robustness, indicating which evidence has a high
risk to be biased, as shown in Figure 20. For example, the contrast estimate “ARB versus

Diuretic” with darken color was the one required to be noticed.
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The other demonstration used the dataset of the effects of Calcimimetic agents for
secondary Hyperparathyroidism. The sparse network shown in Figure 21 with an overall
robustness of 0.054 consisted of several dotted lines in red, representing the low
robustness of indirect evidence. In addition, the distribution of contrasts robustness was
right-skewed, as shown in Figure 22; hence, the quality of the NMA estimate of this

dataset was inferior.

Robustness of NMA Estimate
Overall NMA Robustness: 0.054

Robustness

o
o

05

0.0

Figure 21. Network robustness with the dataset of the effects of Calcimimetic

agents for secondary Hyperparathyroidism.
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Figure 22. Histogram of contrast robustness with the dataset of the effects of

15

Freq

Calcimimetic agents for secondary Hyperparathyroidism.

This module provides a comprehensive evaluation of the overall quality of NMA
and the identification of low-quality contrast estimates. To examine the composition of
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the quality of evidence within a single contrast, it is essential to visualize the flow network

shown in the following demonstration.

4.2.2. Visualization of Flow Network and Robustness

This UI module provides users with a further understanding of the structure of a
stream network, flow, and robustness of a single NMA contrast estimate. The
demonstration visualized the flow network and robustness of the contrast “ACE versus
Placebo”, as shown in Figure 23. The nodes represent treatments, and the lines in the
same color represent an evidence stream. The robustness of streams is displayed as
transparency, where lower transparency (darker color) indicates greater robustness. The
details of streams are shown in the table below the network plot. The UI allows users to
adjust parameters including the size of nodes, the width of edges, filters, and colors. It
also provides a hover-over prompt window and a select-to-highlight feature, as shown in

Figure 24.
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Figure 23. Module stream network and robustness plot in The third tab “Contrast

Robustness” of the Shiny app “Network Robustness Visualization”.

® 2.
BBlocke '
@ °
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Robustness:
ACE:Diuretic [0.9]
ACE:Diuretic:Placebo [0.75]
Contribution: 0.14
Order: 1/ 2

Figure 24. Demonstration of hovering over and selecting a stream in the flow

network plot.

It is important to note that streams with thicker edges and lighter colors, indicating
high flow but low robustness, can have an adverse impact on the overall evidence quality.
In the example shown in Figure 23, the robustness of the comparison “ACE versus
Placebo” is 0.757, indicating decent robustness since evidence streams with high flow,
such as “ACE-Placebo”, did not have low robustness. Figure 25 illustrates different
colors to represent robustness, whereas darker colors indicate lower robustness. This

enables easier identification of high-risk and susceptible streams in the flow network.
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Figure 25. Flow network plot with low robustness streams highlighted.

The other demonstration was the stream network of the contrast estimate “ARB
versus Diuretic” which had the lowest robustness of 0.485 in the network of
antihypertensive drugs, as shown in Figure 26. The streams with the higher flow were
“ARB-CCB-Diuretic”, “ARB-Placebo-Diuretic”, and “ARB-BBlocker-Diuretic”, as
shown in the left panel. The direct evidence “ARB-CCB”, “ARB-Placebo”, and
“BBlocker-Diuretic”, the lower robustness edges as shown in the right panel, were in the
higher flow streams. Any biased edge would cause the entire stream to be biased, thus

these streams with higher flow had low robustness.

Contrast estimate: [ARB:Diuretic] Contrast estimate: [ARB:Diuretic]
Robustness: 0.485 Robustness: 0.485
Robustness
pit——,, ® . o

ARB - ARB
| B8B/g ko

BBlocker

05

ccs ACE

01

Diuretic Placebo Diureti Placebo

Figure 26. Streams network of the contrast estimate “ARB versus Diuretic”.
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The other example using the dataset of the effects of Calcimimetic agents for

secondary Hyperparathyroidism showed the streams network of contrast estimate

“Evocalcet versus Placebo” in Figure 27. This comparison was only contributed by two

streams. In the left panel, the thicker stream has a lighter color, indicating that it had a

high flow but low robustness. Streams with high flow and low robustness have a negative

impact on NMA contrast estimates, hence they are essential to be identified. To gain a

nuanced understanding of why a particular evidence stream has low robustness, it is

essential to visualize the proportion contribution and RoB of each evidence from

individual studies, which will be shown in the following demonstration.

Contrast estimate: [Evocalcet:Placebo]
Robustness: 0.136

.
Control

L .

Etelcalcetide Cinacalcet + low dose vitamin D

Evocalcet

Cinacalcet

Parathyroidectomy Vitamin D

Contrast estimate: [Evocalcet:Placebo]
Robustness: 0.136

.
Control

Etelcalcetide Ginacalcet + low dose vitamin D
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.
Parathyroidectomy

Robustness

o
o
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Figure 27. Flow network plot with the dataset of the effects of Calcimimetic agents

for secondary Hyperparathyroidism.
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4.2.3. Visualization of Streams RoB and Proportion Contributions of

Studies

The bar chart consisting of the proportion contributions of each study and their RoB
to the contrast estimate “ACE versus Placebo” is shown in Figure 28. The vertical axis
represents each evidence stream; the horizontal axis represents the proportion
contributions of each study. The black diamonds represent treatments (i.e., nodes in the
network plot); the white lines separate the different studies. The RoB of each study is
presented as a high, moderate, or low risk in red, yellow, or green, respectively. The Ul
allows for zooming, and hovering over a bar displays information including study ID and
proportion contrition, as shown in Figure 29. Clicking on a bar highlights the

corresponding study, and multi-arms studies may occur multiple times.

Stream Risk of Bias Bar Plot

Contrast Estimate ACE:Placebo

Stream
&

Proportional Contribution (%)

Figure 28. Module stream RoB bar chart in the third tab “Contrast Robustness”

of the Shiny app “Network Robustness Visualization”.
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Figure 29. Demonstration of selecting a study in the stream RoB bar chart.

Another example revealed the streams and proportion contributions of each study
and their RoB for the contrast estimate “ARB versus Diuretic” which had the lowest
robustness in the network of antihypertensive drugs, as shown in Figure 30. The top three
high-flow streams “ARB-CCB-Diuretic”, “ARB-Placebo-Diuretic”’, and “ARB-
BBlocker-Diuretic” contained a large proportion of moderate and high RoB studies. The
large red bar on the second edge of the stream “ARB-BBlocker-Diuretic” indicated the

low robustness of the stream.

Stream Risk of Bias Bar Plot

Contrast Estimate ARB:Diuretic

ARB:BBlocker:CCB:ACE

ARB:Placebo:CCB

ARB:Placebo: BBlocker: CCB:ACE

Propartional Contribution (%)

Figure 30. Stream RoB bar chart of contrast “ARB versus Diuretic”
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The other demonstration for the contrast “Evocalet versus Placebo” with the dataset
of the effects of Calcimimetic agents for secondary Hyperparathyroidism showed two
streams, where the one with a larger flow consists mostly of studies with high RoB and
contribution, as shown in Figure 31. This caused low overall robustness of the contrast

estimate.

Stream Risk of Bias Bar Plot

Contrast Estimate Evocalcet:Placebo @

- [ }
. __.III|

50
Proportional Contribution (%)

Stream

Figure 31. Stream RoB bar chart with the dataset of the effects of Calcimimetic

agents for secondary Hyperparathyroidism.

This visualization module presents not only the number, length, and flow of evidence
streams but also the distribution of the proportion contribution and RoB of studies within
each stream. The distribution of RoB supports clinical decision-making at the level of
individual study. For example, both contrast estimate consists of multiple streams with
even contributions or a few with high and the concentration or dispersion of high RoB
evidence at the edges within a stream affect the assessment of robustness. This

information can be used as a reference for removing high RoB studies.
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5. Discussions

In this study, we derive a robustness index for quantitatively assessing the quality of
evidence in NMA, based on the proportion contribution and RoB of individual studies.
Instead of taking a weighted average, this study considered the ideas of evidence flow

networks that can be compared to two-terminal series-parallel graphs.

An approach for rating the quality of NMA treatment effect estimates has been
developed by Puhan et al. based on GRADE [6]. This approach considers within-study
bias in the most dominant one-step loop for each contrast estimate, thus neglecting
substantial amounts of information, which hinders its practical application in large
networks. Although the other approach developed by Salanti et al. [7] considered the
weights of studies, the weighted average of RoB was not a quantitative index for assessing
the impact of bias in individual studies. Besides, the weighted average did not consider
the evidence flow network structure, disregarding the impact of the distribution of bias in
studies in the network. In contrast to these approaches, the robustness index relies on the
proportion contribution and takes the impact of every study included in the network into

account, increasing the accuracy in evaluating the quality of evidence.

To derive the robustness index, this study compared the evidence flow networks to
two-terminal series-parallel graph (TTSPG) circuits, the RoB of an individual study to
the risk of an open circuit, and the robustness index to the probability of a functioning
circuit. A functioning circuit can be decomposed into compositions connected either in
series or parallel. The probability of a functioning series composition is the multiplication
of the probability of each component working, where the component represents the direct
evidence from an individual study. The characteristic of this multiplication method of a

stream is that it is more conservative for assessing the quality when the true size of bias
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is unknown. Since the effect estimate of a stream is a linear combination of the effect
estimate of each edge connected in series, the size of bias of the effect estimate of a stream
can be accumulated by each edge bias. In other words, the existing within-study bias can
flow through the entire stream. The impact of a single edge bias on a stream remains the
same regardless of the length of a stream, which cannot be obtained by the weighted

average of RoB and Proportion contributions.

For example, three streams were decomposed from the contrast “x versus y” in a
hypothetical network comparing x, y, u, and v, as shown in Figure 32. The effect estimates
of each direct evidence were shown along the edges. The true effect size of the contrast
“x versus y” was 2, while the effect estimates of stream ¢, and ¢5 are biased to 4 due
to the biased direct evidence xy. Thus ¢, and @5 are high RoB streams for the bias of
100% higher than the true value. The biased effect estimate of 4 of the direct evidence xy
was also 100% higher than the true effect size of 2, so the direct evidence was also high
RoB. The RoB was set to different risk values (low with 0.1, moderate with 0.5, and high
with 0.9) in the following estimation. Since the direct evidence xy was high RoB, the
quality of it was set to 1-0.9-0.1, where 0.9 corresponds to the risk value set for high RoB.
The desired quality of the stream ¢, and ¢5; would also be 1-0.9=0.1 since they were

also high RoB.

Figure 32. A hypothetical streams network for comparing the weighted average

method and the robustness index.
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The weighted average method for assessing the quality of streams is expressed as
follows:

1 1
Quality of ¢, = 0.1~ 3 + 0.9 5= 0.5

1 1 1 _
Quality of ¢3 = 0.1 -§+ 0.9 '3 +0.9- 3= 0.63

The robustness index for streams is expressed as follows:
Robustness of ¢, = 0.1-0.9 = 0.09
Robustness of ¢3 =0.1-0.9-0.9 = 0.081

Instead of being overestimated by the weighted average method, the quality estimated by
the robustness index was close to the desired value of 0.1. Besides, when the length of
streams increased, the impact of the bias of the direct evidence xy should not be decreased.
The weighted average method, however, weakened this impact with a raising of quality

estimation from 0.5 to 0.63.

The actual impact of a single edge bias on a stream depends on the effect size of the
other edges, thus this impact might be weakened by a large effect size from the other
edges. Since the true effect size of each edge is unknown, the study used the multiplication

method for evaluating the quality of a stream to obtain a more conservative assessment.

One underlying assumption for the multiplication method is that the RoB of direct
evidence from individual studies is independent, disregarding the positive correlation
between different trials induced by multi-arms studies. This may lead to an

underestimation of the robustness.
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Assuming that the RoB level was an interval scale, the study converted RoB to the
risk value of 0.1, 0.5, and 0.9 in the previous demonstration. The different risk value
settings were compared for the stream network of the contrast estimate “ACE versus
Placebo”, as shown in Figure 33. The patterns of the robustness index among different
risk values were the same, while the ranges of different settings were different. There
were three reasons for the setting of 0.1, 0.5, and 0.9 in the demonstration. First, the study
aimed to differentiate the quality of evidence, thus the settings with larger variation were
preferred. Second, if high RoB was set to 0, the robustness of a stream circuit would be 0
when any edge with a robustness of 0 existed, which was unrealistic. The study set high
RoB to 0.1 to avoid the situation. Finally, the study set low RoB to 0.9 instead of 1 based

on the concept that the long path will be more vulnerable.

m Flow
—Weighted Average (0, 0.5, 1)
Weighted Average (0.01, 0.5, 0.99)
—Weighted Average (0.1, 0.5, 0.9)
—Weighted Average (0.2, 0.5, 0.8)
—Robustness (0, 0.5, 1)
Robustness (0.01, 0.5, 0.99)
==Robustness (0.1, 0.5, 0.9)
—Robustness (0.2, 0.5, 0.8)

Streams

Figure 33. Comparison of different risk values of RoB.
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A Shiny app, an interactive user interface, was developed in this study to visualize
the flow network and the results of the robustness assessment. With the new visualization
techniques in this app, users can quickly assess the robustness of the entire network, spot
low-robustness contrast estimates, and gain a deeper understanding of the contribution
and robustness of streams in the evidence flow network as well as the distribution of RoB
and contribution of direct evidence from individual studies. In contrast to the CINeMA
approach for assessing and visualizing confidence of NMA [9], the app provides a more
nuanced reveal of the quality of evidence by considering how evidence streams flow in a
network, how direct evidence is connected in a stream, and what their proportion

contribution and RoB are.

The results of this study provide an assessment of the quality of evidence from NMA,
which informs inferences about the effect estimates of interventions. Future investigations
are necessary to validate the practical interpretation of the size of the robustness index

and the use of comparison between different networks.
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6. Conclusions

This study proposed a robustness index for quantifying the quality of evidence in
NMA by combining proportion contributions and RoB of individual studies, based on the
concept of flow networks that can be compared to two-terminal series-parallel graph
circuits. Moreover, a Shiny app with multiple new visualization techniques was
developed to present the results of the robustness assessment. The robustness index
improves the accuracy of the assessment of NMA quality by considering the structure of
evidence flow networks. The Shiny app facilitates the interpretation of the quality of
NMA evidence and informs clinical decision-making about medical interventions. Future
research is needed to investigate the interpretation of the size of the robustness index with

more datasets.
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Appendix A

R Function Documentation of the Revised “flow_contribution”

Package

‘getHatMatrix™ (path: “flow_contribution/R/hatmatrix.R”)
1.1. Arguments
1.1.1. indata": A csv file, the dataset for NMA.

1.1.2. type’: A character string indicating the data type of ‘indata’, either

“long_binary” or “long_continuous”.

1.1.3."'model": The type of NMA model, including “fixed” (default) for fixed

effect model, “random” for random effect model.

1.1.4. tau’: Square-root of between-study variance (additive model). 'NA" by

default.

1.1.5."sm": A character string indicating underlying summary measure, e.g.,

HRDH’ "RRH’ "OR"’ "ASDH’ HHRH’ "MD", HSMD"’ or HROM".

1.2. Returns: A list containing contribution matrix of direct evidence to each NMA

treatment contrast estimate.
‘comparisonStreams’ (path: “flow_contribution/R/streamStatistics2.R”)
2.1. Arguments
2.1.1. hatmatrix: A list returned from "getHatMatrix™ function.

2.1.2. comparison’: A character string indicating the treatment comparison user

interested in, with format “treatment A:treatment B”.
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2.2. Returns: Paths and flows of streams in a single NMA treatment contrast

estimate.

getStudyContribution (path: “flow_contribution/R/studycontribution.R”)

3.1. Arguments:

3.1.1. hatmatrix: A list returned from ‘getHatMatrix" function.

3.1.2. comparison’: A character string indicating the treatment comparison user

interested in, with format “treatment A:treatment B”.

3.2. Returns: Proportion contributions of direct evidence from individual studies to

a single NMA treatment contrast estimate.

getComparisonContribution (path: “flow_contribution/R/contributionrow.R”)

4.1. Arguments:

4.1.1. hatmatrix": A list returned from "getHatMatrix" function.

4.1.2. comparison': A character string indicating the treatment comparison user

interested in, with format “treatment A:treatment B”.

4.2. Returns: Proportion contribution of each direct evidence to a single NMA

treatment contrast estimate.

55



Appendix B

R Function Documentation: Estimating the Proportion Contributions
of Direct Evidence from Individual Studies to Evidence Streams in a

Single NMA Treatment Contrast Estimate.

1. “get.streams df’
1.1. Arguments
1.1.1. hatmatrix: A list returned from "getHatMatrix" function.

1.1.2. comparison: A character string indicating the treatment comparison user

interested in, with format “treatment A:treatment B”.

1.2. Returns: A dataframe containing paths, flows, length, proportion contributions

of direct evidence in a single NMA contrast estimate.

1.3. Algorithm: Call the ‘comparisonStreams’ function in the revised
‘flow_contribution” package to obtain the data of evidence streams and

construct to a dataframe.

N

“get.studies_df’

2.1. Arguments

2.1.1. hatmatrix: A list returned from "getHatMatrix™ function.

2.1.2. comparison’: A character string indicating the treatment comparison user

interested in, with format “treatment A:treatment B”.

2.2. Returns: A list containing two dataframes "StudyContributionPerFlow™ and

*StudyReport .
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2.2.1."StudyContributionPerFlow: A dataframe containing paths, flows, lengths
of each stream, proportion contributions of direct evidence, study ID,
proportion contributions of direct evidence from individual studies to a
contrast estimate, and proportion contributions of direct evidence from

individual studies to a stream in a single NMA treatment contrast estimate.

2.2.2.StudyReport: A simplified dataframe containing paths, source and sink of
each stream, study ID, and proportion contributions of direct evidence
from individual studies to a stream in a single NMA treatment contrast

estimate.
2.3. Algorithm

The function first merges two dataframe returned from ‘get.streams_df"
and ‘get.studies_df horizontally by the columns ‘contrastinflow’ (edges in

each stream) and "comparison’ (direct evidence from individual studies).

Then, the function calculates the proportion contributions of direct
evidence from individual studies in each stream to the contrast estimate
(column “study.cont’) based on the matrix P and matrix P* since the proportion
contributions of individual studies (p” ) may be distributed in multiple streams.
For example, py, (or pyy) in Figure 11 was distributed in two streams with
paths “x—v—y” and “x—v—u—y”, separately. The formula of the proportion
contribution of an individual study in a given stream S;, denoted by py,,;, can

be expressed as follows:
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i=1,..,1 where I isthe number of streams flow through the given edge xv;
Pxv 1S the proportion contribution of direct evidence from individual studies,
Gxv/|Txy| 1s the flow of each edge in the stream, p,, is the proportion

contribution of direct evidence to a treatment contrast estimate.
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Appendix C
R Function Documentation: Developing the Robustness Index
‘get.studies rob’
1.1. Arguments
1.1.1. indata’: A csv file, the dataset for NMA.
1.1.2. hatmatrix: A list returned from "getHatMatrix" function.

1.1.3. comparison': A character string indicating the treatment comparison user

interested in, with format “treatment A:treatment B”.

1.2. Returns: A dataframe merged from the dataframe *StudyContributionPerFlow"

returned from “get.studies df" function and the RoB of studies by study ID.
“get.robustness’
2.1. Arguments
2.1.1."indata’: A csv file, the dataset for NMA.
2.1.2. hatmatrix: A list returned from "getHatMatrix" function.

2.1.3. comparison’: A character string indicating the treatment comparison user

interested in, with format “treatment A:treatment B”.

2.2. Returns: A list containing three dataframes named as ‘allvariables’,
‘robustness_df’, “pathrobust’ and an array named as
‘network robustness.contrast’. The ‘edge p" and ‘path p’ columns represent

the robustness of edges of each stream and the robustness of streams in an NMA
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contrast estimate. The array ‘network robustness.contrast’ indicates the

robustness of the stream network.

2.3. Algorithm of developing the robustness index (see Method 3.2)

‘get.contrast_robust’

3.1. Arguments

3.1.1. indata": A csv file, the dataset for NMA.

3.1.2. " hatmatrix": A list returned from ‘getHatMatrix" function.

3.2. Returns: A dataframe containing all NMA treatment contrast estimates, their

robustness, average length of streams, numer of streams.

3.3. Algorithm: Collect data by looping "get.robustness’ function over all treatment

comparisons.
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