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[bookmark: _Toc488490625][bookmark: _Toc373597603]STATISTICAL BACKGROUND 
In this section we present the statistical background on which we relied to develop the MSC meta-analysis, mainly related to which performance measure to use, how to take advantage of indirect comparison through network meta-analysis.
[bookmark: _GoBack][bookmark: __Fieldmark__191_1374788089][bookmark: __Fieldmark__212_1114282649][bookmark: __Fieldmark__196_931786406][bookmark: __Fieldmark__200_1374788089][bookmark: __Fieldmark__219_1114282649][bookmark: __Fieldmark__203_931786406][bookmark: __Fieldmark__209_1374788089][bookmark: __Fieldmark__226_1114282649][bookmark: __Fieldmark__210_931786406][bookmark: __Fieldmark__220_1374788089][bookmark: __Fieldmark__233_1114282649][bookmark: __Fieldmark__217_931786406]The first task was to determine an appropriate endpoint for comparison of prediction models. The chosen performance measure should be a single value, should have a scale independent of the data considered, should not be dependent on any grouping, and should have a defined variance estimate. We considered area under the ROC curve (AUC), Brier score, the Hosmer-Lemeshow test [1–3], the calibration slope[4] and the net reclassification index (NRI)[5]. The scale of the Brier score depends on the data and the score has no meaningful variance estimate. The Hosmer-Lemeshow test is highly dependent on the grouping used[2, 6], and was therefore also excluded. NRI has defined scales and variance estimates (Pencina 2008). However, NRI has been shown not to be a proper score in that even an uninformative new variable can lead to significant improvement in NRI (Pepe 2015) and some authors have suggested that it may give misleading results. The calibration slope has a defined variance estimate, and is represented by a beta coefficient from a regression model; thus, has maximum likelihood estimation (MLE) properties (e.g. approximate normality).(Snell 2016) However, the calibration slope has of difficult interpretation in a comparative setting because the optimal value of 1 is not an extreme of its range  Furthermore, its trend would make it difficult to give a meaning to difference of performance and then to eventually rank the scores. Finally, the AUC has a set range of values regardless of the cohort to which it is applied [0,1], it is easy to provide a ranking with its values (the higher the better the model), it has an analytical form its variance (Hanley 1982), it is easy to interpret, insensitive to outcome incidence and commonly accepted by the prediction model community. 
[bookmark: __Fieldmark__238_1374788089][bookmark: __Fieldmark__249_1114282649][bookmark: __Fieldmark__227_931786406][bookmark: __Fieldmark__253_1374788089][bookmark: __Fieldmark__261_1114282649][bookmark: __Fieldmark__237_931786406]Therefore, we selected AUC for our methodology. AUC gives an estimate of a prediction model’s discriminative ability, [7] and therefore we consider differences in AUC, as a comparative measure of model performance. In principle, ratios of AUCs could have also be considered but in the literature the difference of AUCs has received more attention. Variance estimates for differences in AUC can be estimated[8, 9] .
[bookmark: __Fieldmark__269_1374788089][bookmark: __Fieldmark__279_1114282649][bookmark: __Fieldmark__249_931786406][bookmark: __Fieldmark__280_1374788089][bookmark: __Fieldmark__288_1114282649][bookmark: __Fieldmark__257_931786406][bookmark: __Fieldmark__291_1374788089][bookmark: __Fieldmark__299_1114282649][bookmark: __Fieldmark__266_931786406]The next step was to examine the features of the network, and find an appropriate method for performing the MSC. Already considering the difference in performance between two scores evaluated on the same patients a correlation is introduced(Hanley 1983). A guide was recently published to highlight the correct procedure for an overview of the performance of a score by performing a systematic review and meta-analysis across studies.[10] However, in general, more than 2 scores per cohort can be assessed. Franchini et al[11] have shown that incorrect results can be obtained if the correlation in multi-arm trials is ignored. Simple meta-analysis of prognostic scores was performed for the comparison of 2 scores (one obtained from the other adding a biomarker, thus, for performance measure the Net Reclassification Index was used).[12] We extend this approach (by MSC meta-analysis) to multiple comparisons. We therefore needed to critically consider how correlations between performance measures within a cohort are incorporated into the network meta-analysis.
[bookmark: __Fieldmark__304_1374788089][bookmark: __Fieldmark__315_1114282649][bookmark: __Fieldmark__277_931786406][bookmark: __Fieldmark__315_1374788089][bookmark: __Fieldmark__286_931786406][bookmark: __Fieldmark__327_1114282649][bookmark: __Fieldmark__326_1374788089][bookmark: __Fieldmark__293_931786406][bookmark: __Fieldmark__334_1114282649]Consider a meta-analysis comparing 3 scores A, B and C. If we assume that the variance is same for each score comparison, say τ2/2[13], then the covariance of any two contrasts is just. Salanti et al. 2008 notes that this assumption may be “difficult to defend.” Franchini et al. 2012 (Appendix B) have shown that if the same control arm is used, say A for contrasts AB and AC, and if treatment arms A, B and C are mutually independent, then the covariance between AB and AC is equal to the variance of A. While Franchini et al.’s assumption of independence of treatment arms is appropriate in an MTC setting, there are no randomized independent treatment arms when performing multiple score comparison. Rather, MSC assesses the performance of each score in a cohort on the same set of patients, leading to two sources of dependence in MSC: 1) using a common comparator, and 2) the correlated structure of the estimated performance measures. Therefore, neither of the two approaches to modelling the correlation in multi-arm trials is appropriate in an MSC setting.
[bookmark: __Fieldmark__341_1374788089][bookmark: __Fieldmark__345_1114282649][bookmark: __Fieldmark__302_931786406][bookmark: __Fieldmark__350_1374788089][bookmark: __Fieldmark__352_1114282649][bookmark: __Fieldmark__309_931786406]Ideally, it would be possible to estimate the covariance between two comparisons of prognostic scores directly from the data, and plug these estimates into the model. For the first of these tasks, explicit variance and covariance formulas are required. While explicit formulas exist for the variance of the difference of two AUC estimates [8, 14], this is not the case for the covariance of two (or more) differences in AUC. In an MSC meta-analysis using individual patient data or code sent to investigators to compute aggregate performance measures based on their individual patient data, bootstrapping[15] could be used within each cohort to estimate the variance of each score comparison, as well as the covariance between score comparisons. Indeed, for score performance comparison formulas for two-score comparison exist (Hanley 1983), but for cases with more scores the easiest way to obtain performance comparison and co-variance matrix of the performance is bootstrapping.(Snell 2016, Riley 2015) In this way it would be possible to explicitly estimate the entire variance-covariance matrix for the score comparisons in each cohort without requiring a formula. This strategy would also work for other performance measures. For an MSC meta-analysis based on published results, assumptions such as those described above may need to be made about the correlation structure.
[bookmark: __Fieldmark__364_1374788089][bookmark: __Fieldmark__366_1114282649][bookmark: __Fieldmark__318_931786406][bookmark: __Fieldmark__373_1374788089][bookmark: __Fieldmark__325_931786406][bookmark: __Fieldmark__373_1114282649][bookmark: __Fieldmark__384_1374788089][bookmark: __Fieldmark__332_931786406][bookmark: __Fieldmark__380_1114282649][bookmark: __Fieldmark__395_1374788089][bookmark: __Fieldmark__387_1114282649][bookmark: __Fieldmark__339_931786406][bookmark: __Fieldmark__404_1374788089][bookmark: __Fieldmark__394_1114282649][bookmark: __Fieldmark__346_931786406][bookmark: __Fieldmark__413_1374788089][bookmark: __Fieldmark__401_1114282649][bookmark: __Fieldmark__353_931786406][bookmark: __Fieldmark__422_1374788089][bookmark: __Fieldmark__360_931786406][bookmark: __Fieldmark__408_1114282649][bookmark: __Fieldmark__438_1374788089][bookmark: __Fieldmark__418_1114282649][bookmark: __Fieldmark__367_931786406][bookmark: __Fieldmark__447_1374788089][bookmark: __Fieldmark__425_1114282649][bookmark: __Fieldmark__374_931786406][bookmark: __Fieldmark__456_1374788089][bookmark: __Fieldmark__381_931786406][bookmark: __Fieldmark__432_1114282649]For the second task of explicitly including the correlation structure, we needed a statistical approach to meta-analysis that made no assumptions about the correlation structure in multi-score studies. Methodology work on network meta-analysis has increased in recent years, leading to wide range of possible statistical approaches [13, 16–22]. Sutton & Higgins 2008 and Efthimiou et al. 2016 provide an overview of current methodology. Many approaches assume common variances among treatment arms in the same trial [13], implying that the correlation between arms of a multi-arm trial is 0.5, though some permit heterogeneity of variance [16]. Bayesian models are often preferred because of the complexity of the data structure, although even those have been deemed “cumbersome” if not all trials have the same number of treatment arms [22, 25], and require assigning prior distributions to all parameters in the meta-analysis model. Lu et al. 2011 proposed one frequentist formulation of network meta-analysis methods, which describes MTC as a two-stage procedure, elucidating the statistical properties of an existing network meta-analysis methodology.(Gleser & Olkin 1994) Their approach shows that network meta-analysis is like linear regression, and includes multi-arm trials of any size explicitly without making further assumption about correlation structures. The Lu-Ades [26] model has also been shown to be equivalent to the design-by-treatment interaction model [27–29] but can be programmed and interpreted in the frequentist fashion. Kessels et al. 2013 have also discussed the issue of correlation in multi-arm trials explicitly and proposed simple solutions to it. Unfortunately their method was not directly applicable to the MSC setting, due to the presence of cohorts with more than 2 scores.
[bookmark: __Fieldmark__469_1374788089][bookmark: __Fieldmark__390_931786406][bookmark: __Fieldmark__443_1114282649][bookmark: __Fieldmark__480_1374788089][bookmark: __Fieldmark__450_1114282649][bookmark: __Fieldmark__397_931786406]Another important task in performing network meta-analysis is to understand if and where inconsistency between direct and indirect estimates of treatment effects occurs Dias et al. 2010 describe two different approaches to examine inconsistency in MTC. The first approach, “back calculation” [32] uses the loop structure in the network to compare the direct estimate with its indirect counterpart as in the consistency equation above, and works assuming no indirect evidence from multi-arm trials is present. The second approach, “node-splitting”. ‘Node-splitting’ separates evidence on a particular comparison (node) into ‘direct’ and ‘indirect’. Thus, in our MSC meta-analysis, the evaluation of the performance comparison between two scores (say A and B) ΔAB is decomposed into ΔdirAB and ΔindAB (respectively the direct and indirect component). In practice, in multi-score cohorts the two relevant scores are included in the estimation of ΔdirAB, while the remaining scores are included in the indirect estimation of the relevant performance comparison through the MSC meta-analysis comparison (ΔindAB). Even if the scores A and B are not directly compared, they are in general present either one or the other in some cohorts and, thus, their indirect comparison can be performed anyway. Multi-arm trials can be split in a similar fashion, so that those treatment arms which do not contribute to the direct estimate are included in the calculation of the indirect estimate. In this manner, all data in the meta-analysis contributes to either the direct or the indirect evidence, but not both.
[bookmark: __Fieldmark__520_1374788089][bookmark: __Fieldmark__426_931786406][bookmark: __Fieldmark__504_1114282649]Another important aspect of this MSC meta-analysis was how to depict the network of evidence graphically. Some authors have used polygons to show multi-arm trials, for example in the smoking cessation example. Recently, Rücker et al. 2016 proposed an automated method for drawing such network graphs, and suggested using filled polygons to represent multi-arm trials. 
[bookmark: _Toc488490626][bookmark: _Toc373597604]Code discussion
[bookmark: __Fieldmark__536_1374788089][bookmark: __Fieldmark__520_1114282649][bookmark: __Fieldmark__439_931786406][bookmark: __Fieldmark__545_1374788089][bookmark: __Fieldmark__527_1114282649][bookmark: __Fieldmark__446_931786406][bookmark: __Fieldmark__555_1374788089][bookmark: __Fieldmark__536_1114282649][bookmark: __Fieldmark__454_931786406]The two stage method also has a significant drawback in that it cannot be implemented using standard regression models if any multi-arm trials are present. Lu et al. 2011 provide R code [34] which could be adapted for any number of treatment arms or scores, and suggested that Stata’s [35] function mvmeta[36] could also be used to perform meta-analysis for any number of arms. Both of these implementations unfortunately have their own disadvantages. The R version requires inputting a variance-covariance matrix for each cohort, making a spreadsheet an inappropriate tool to store the cohort level aggregate data. On the other hand, the mvmeta function in Stata requires one row per study as expected, as well as 1 column for each treatment contrast, 1 column for each variance estimate, and additional columns for each of the covariance estimates. Such a data table may be easy to understand, but it would be unwieldy even with a relatively small number of scores. For example, five prognostic scores require 4 columns for performance comparisons, 4 for variance estimates, and another 10 for the covariance estimates (total 18), while for 9 we need a total of 44. Furthermore, the network meta and mvmeta Stat commands make specific assumptions (off-diagonal entries of the covariance matrix set to 0.5, assumption difficult to defend in our case, Salanti 2008) on the correlation structure (the provided options did not look like ready yet for an extension to our methodology, even if we realise, with a little work, Stata can perform the same analysis)(White 2015).  














[bookmark: _Toc373597605]Data Description
In Table 1 Study characteristics the data related to the main variables in the cohorts are summarized.




	[bookmark: _Ref492127455]
Table 1 Study characteristics

	Variable
Cohort
	# Events 
	# patients
	Person-years
	Mean age: years
	Men: %
	Mean FEV1%
pred.
	Mean mMRC
	Past exacerbators: %
	Mean # prev. exacerbations
	Current Smoker: %
	Mean BMI
	Mean 6MWT: meters
	Mean SGRQ
	Mean CAT

	COPDgene
	337
	4484
	10603
	63 (9)
	56
	57.4 (22.8)
	1.5
	0.16
	 
	43
	27.9 (6.1)
	376.1 (124.1)
	36.9 (22.9)
	 

	Sevillaa
	205
	596
	1562
	66 (10)
	95
	43.5 (13.3)
	1
	0.25
	1.16
	24
	29.2 (5.7)
	 
	 
	 

	Copenhagenb
	186
	2287
	6618
	61 (9)
	54
	70.5 (23.7)
	1.3
	 
	 
	71
	25 (4.2)
	 
	 
	 

	Genkols
	126
	954
	2708
	65 (10)
	61
	46.9 (17)
	1.3
	0.15
	0.6
	47
	25.4 (5)
	 
	 
	 

	Zaragoza IIa
	118
	1150
	3069
	63 (9)
	93
	62.3 (20.3)
	1.1
	0.17
	0.91
	34
	27.5 (4.8)
	356.2 (153.7)
	 
	 

	HUNT
	116
	1571
	4583
	63 (13)
	62
	63.8 (18.7)
	1.3
	 
	 
	47
	26.4 (4.4)
	 
	 
	 

	Galdakaoa
	92
	543
	1497
	68 (8)
	96
	55 (13.3)
	0.9
	0
	0.65
	21
	28.3 (4.4)
	408.9 (92.4)
	 
	 

	Barmelweidb
	79
	232
	555
	72 (9)
	60
	45.2 (16.1)
	1.1
	 
	 
	21
	26 (6.3)
	363.4 (126.8)
	 
	 

	Terrassa IIIa
	78
	181
	423
	72 (10)
	95
	45.2 (14.4)
	1.2
	0.31
	1.28
	23
	27.9 (5)
	330.4 (105.8)
	 
	 

	Initiatives BPCO
	76
	930
	1525
	64 (10)
	77
	52.4 (20.3)
	1.1
	0.4
	1.65
	28
	25.4 (5.5)
	387.4 (120.8)
	43.9 (19)
	 

	Terrassa Ia
	72
	135
	284
	72 (9)
	92
	41.3 (13)
	1.3
	0.25
	1.03
	17
	26.3 (4.9)
	 
	 
	 

	SEPOCb
	61
	318
	871
	65 (9)
	100
	45 (18.3)
	1.5
	 
	 
	38
	26.4 (4.2)
	 
	 
	 

	Requena IIa
	52
	186
	396
	71 (9)
	99
	44.5 (16.5)
	1
	0.16
	0.62
	17
	28.1 (5.2)
	380.1 (111.9)
	 
	 

	ICE COLD ERIC
	47
	400
	1071
	67 (10)
	57
	55.3 (16.5)
	1.5
	0.13
	0.58
	39
	26.1 (5.2)
	 
	 
	 

	PAC-COPDb
	41
	342
	980
	68 (9)
	93
	52.4 (16.2)
	1
	0.04
	 
	33
	28.2 (4.7)
	435.5 (90.6)
	 
	 

	Tenerife a
	34
	275
	653
	63 (10)
	79
	55.8 (21.2)
	1.2
	0.06
	0.37
	42
	27.3 (5.1)
	487.4 (87.5)
	 
	 

	Terrassa IIa
	28
	66
	145
	72 (9)
	98
	30.2 (12.9)
	1
	0.42
	1.81
	14
	25.7 (4.3)
	217.7 (76.6)
	 
	 

	Requena Ia
	23
	174
	393
	72 (9)
	99
	48.1 (16.8)
	1.2c
	0.03
	0.22
	23
	28 (4.2)
	434.4 (125.3)
	 
	 

	Zaragoza Ia
	21
	137
	379
	66 (8)
	99
	49.8 (17.6)
	1.1
	 
	 
	27
	27.7 (4.6)
	449 (91.9)
	 
	 

	Son Espases Mallorca
	17
	115
	292
	70 (7)
	79
	41.5 (13.4)
	1
	0.59
	 
	27
	27.1 (5.9)
	401.5 (89.7)
	 
	16.6 (8.2)

	Basqueb
	16
	106
	299
	71 (9)
	98
	46.9 (11.4)
	0.6
	 
	 
	23
	26.1 (4.9)
	442.9 (95.4)
	 
	 

	Japan
	15
	147
	409
	69 (7)
	100
	47.1 (17.5)
	0.9
	 
	 
	22
	21 (2.9)
	 
	36.6 (16.5)
	 

	La Princesa Madrid
	11
	318
	633
	71 (10)
	74
	50 (19.8)
	1.1
	0.18
	0.77
	19
	26.2 (5.1)
	337.1 (92.8)
	 
	 

	Pamplonaa
	7
	190
	470
	65 (8)
	84
	68.9 (19.9)
	1.1
	 
	 
	37
	27 (4.4)
	463.2 (113.9)
	 
	 

	Mar de Plata Argentina
	3
	99
	147
	64 (9)
	60
	48.8 (18.6)
	1
	0.29
	 
	21
	27 (5.6)
	353.2 (128.7)
	 
	16.1 (7.8)

	A1ATDd
	0
	308
	834
	58 (10)
	60
	53.1 (25.1)
	1.2
	0.52
	 
	5
	25.7 (4.9)
	 
	50.8 (19.9)
	20.5 (8.1)

	Abbreviations: FEV1% pred.=forced expiratory volume in 1 second percentage predicted; mMRC=modified Medical Research Council (MMRC) dyspnea scale; past exacerbators are defined as patients with more than 1 exacerbation in the previous year; mean # previous exacerbations are referred to the previous year; BMI=body-mass index; 6MWT=6-minute walk test; SGRQ=Saint George’s Respiratory Questionnaire; CAT=COPD Assessment Test.   

The cohorts are presented in decreasing order of number of events. Most of the variables available provided by the 3CIA collaboration for the different cohorts are shown. In particular, we show all the variables constituting the scores analyzed in our study. We present the standard deviation for all individual variables, whose distribution is approximately normal; this is not the case for count (with small numbers) or categorical variables,  like number of previous exacerbations or mMRC).

aCohorts belonging to the COCOMICS collaboration 

bCohorts belonging to the ADO  collaboration. For information concerning the cohorts, please see [37]. 

c Since none of the score could be evaluated in the cohort “Requena I” (mainly because the variable dyspnoea was missing for 95% of the patients, i.e. for 165 out of 174patients, please see supplementary material), this cohort was excluded from the analysis. 

d Since there was no event in a follow-up of 3 years, the cohort “A1ATD” was excluded from the analysis. 

Missing cells correspond to variables that are completely missing in the cohort of the correspondent row.



[bookmark: _Toc488490627][bookmark: _Toc373597606]Examination of network structure 
[bookmark: __Fieldmark__585_1374788089][bookmark: __Fieldmark__573_1114282649][bookmark: __Fieldmark__475_931786406][bookmark: __Fieldmark__594_1374788089][bookmark: __Fieldmark__580_1114282649][bookmark: __Fieldmark__482_931786406][bookmark: __Fieldmark__603_1374788089][bookmark: __Fieldmark__587_1114282649][bookmark: __Fieldmark__489_931786406]Drawing the network plot to show this structure graphically proved to be an unexpectedly difficult task. Standard software packages (e.g. netmeta in R [33]) tend to show all possible pairwise comparisons even in multi-arm trials. This is reasonable for 3-arm trials [38–40], but quickly obscures the network structure with a larger number of arms, a known problem with “dense” networks [41]. Another concern is that those network plots would indicate how often scores are concurrently evaluated, but obscure in which cohorts or groups they were evaluated; this information is of great value in MSC meta-analysis, where the number of concurrently evaluated scores could easily be quite high (differently from MTC). Thus, it was almost impossible to discern the structure of the network from the plot alone. 
[bookmark: __Fieldmark__618_1374788089][bookmark: __Fieldmark__606_1114282649][bookmark: __Fieldmark__502_931786406]Each group is represented by a polygon, that passes by all the scores (i.e. the vertices) which can be evaluated in the cohorts constituting that group. The thickness of the polygon is directly proportional to the number of deaths in the group. Head-to-head comparisons within a group can be performed between any two scores connected in the same polygon. Code to produce a network plot using the R package ggplot2 [42] has been provided below. 
[image: ]






Figure 1. Depiction of network structure with lines weighted by the total number of deaths in the group
Abbreviations: GOLD, Global initiative for chronic Obstructive Lung Disease; BODE, Body mass index, airflow Obstruction, Dyspnoea and severe Exacerbations; BODE upd., BODE updated; ADO, Age, Dyspnoea, airflow Obstruction (we use the updated version of the ADO score in our analysis); e-BODE, severe acute exacerbation of COPD plus BODE; BODEx, Body mass index, airflow Obstruction, Dyspnoea, severe acute Exacerbation of COPD; DOSE, Dyspnoea, Obstruction, Smoking and Exacerbation frequency; SAFE, Saint George’s Respiratory Questionnaire (SGRQ) score, Air-Flow limitation and Exercise capacity; B-AE-D, Body-mass index, Acute Exacerbations, Dyspnoea. This figure is reported in the supplementary material as well, in order to make clearer the network depiction strategy.
aCohorts belonging to the ADO or COCOMICS groups are marked with * or † respectively. 
bThe thickness of the lines is proportional to the number of deaths of the respective cohort.
cBelow we report the composition of the group; each of them is identified by a specific color:
Copenhagen*, HUNT,  Japan - SEPOC* (378 deaths in 4323 patients)
Barmelweid*, Basque*, Galdakao†,  Pamplona†, Zaragoza I† (215 deaths in 1208 patients)
Mar de Plata Argentina, PACECOPD*, Son Espases Mallorca (61 deaths in 556 patients)
COPDgene (337 deaths in 4484 patients)
Genkols, ICE COLD ERIC,  Initiatives BPCO, Sevilla†, Terrassa I†, Terrassa III†, Zaragoza II† (722 deaths in 4346 patients)
La Princesa Madrid, Requena II†, Tenerife†, Terrassa II† (125 deaths in 845 patients)
Depicting the network graphically in order to better visualize its features was a more difficult task than expected. Our approach uses unfilled polygons of differing sizes to clearly show combinations of prognostic scores occurring together in the same cohort or group of cohorts, this comes at the expense of downplaying all individual head-to-head comparisons could be made. 


[bookmark: _Toc488490628][bookmark: _Toc373597607]R Code for Network Plot
library(ggplot2)

datsumm <- data.frame(g = c("A", "A-C", "A-C-D-E", "A-B-C", "A-B-C-D-E", 
				"A-B-C-D-E-F-G-H", 
                            "A-B-C-D-E-I", "A-B-C-G-H"),
                      n = c(162, 4313, 1195, 717, 556, 826, 4484, 3667))

allg <- sort(unique(unlist(strsplit(as.character(datsumm$g), "-"))))

## draw the points on a unit circle
angles <- seq(0, 2 * pi, length.out = length(allg) + 1)
angles <- angles[angles != 2*pi]
x <- cos(angles)
y <- sin(angles)

# reorder summary dataset (this rearranges the groups in the plot, because the first listed is the innermost drawn, and so on out to the last listed being the outermost, or however you wish)
#datsumm <- datsumm[8:1, ]

loops <- NULL
for(i in 1:nrow(g)){
  this.g <- which(allg %in% unlist(strsplit(as.character(datsumm$g[i]), "-")))
  r <- i / 2 + nrow(datsumm)/2
  this.loop <- data.frame(cohorts = i, x = r * x[this.g], y = r * y[this.g], 
                          nms = allg[this.g], n = datsumm$n[i], deaths = datsumm$d[i])
  loops <- rbind(loops, this.loop)
}
loops$cohorts <- factor(loops$cohorts)
loops$nms <- as.character(loops$nms)
loops$lastone <- as.numeric(!duplicated(loops$nms, fromLast = TRUE))

ggplot(data = loops, aes(x, y)) + 
  geom_point() +
  geom_label(aes(label = nms), 
            data = subset(loops, lastone == 1), 
            vjust = "outward", hjust = "outward") + 
  geom_polygon(aes(color = factor(cohorts),
                   size = n), fill = NA)  +
    coord_equal() + guides(fill = FALSE, color = FALSE, size = FALSE) + 
  xlim(-10, 10) + ylim(-10, 10) + theme_void() 






[bookmark: _Toc442794458]Multiple score comparison (MSC) meta-analysis by two-stage approach [26]
The use of mixed treatment comparison (MTC) to compare all trials in an area is starting to be recognized by prominent general medical journals [43]. We will adapt a methodology from multiple treatment comparison network meta-analysis [26] to concurrently externally validate and compare prognostic scores from individual patient data across different cohorts, explicitly including correlations [11] between the scores on a cohort level. 
 We will also re-interpret MTC as a two stage process: 
1. Ordinary meta-analysis to gain the direct estimates for corresponding pooled effect estimates
2. Based on the direct estimates and their variances from the first stage, they obtain to find the optimal estimate of the pooled effect parameters that obeys the fundamental consistency equations

Stage I. Indirect comparisons meta-analysis 
Cohorts at our disposal are classified into “groups” according to which scores it is possible to evaluate by their data. Each of the G groups will be indicated as Sg (with g=1,…,G). Ng will be the number of studies in the category Sg; Mg is the number of scores (mg1 mg2, mgMg) that is possible to evaluate in the group Sg (cohorts in which less than 2 scores can be evaluated will be excluded). We will refer to the generic cohort represented by the group Sg, in which Ng scores can be evaluated, as a Ng-score group. A hypothetical representation of the groups follows:

	Group
	No. of cohorts
	Scores

	S1
	20
	X, Y

	S2
	16
	Y, Z

	S3
	8
	X, Y, Z

	…
	…
	…

	Sg
	Ng
	mg,1, mg,2,…,mg,Mg

	…
	…
	…

	SG
	1
	mg,1, mg,2,…, mG,MG


[bookmark: _Ref442218530][bookmark: _Toc478291519]Table 2. Groups of scores that can be evaluated with labels of the scores and the number of studies in which that combination of scores can be evaluated
Looking at the hypothetical Table 2, the groups S1 and S2 represent a direct comparison of the scores X and Y, i.e., they are two-score groups. To these groups belong, respectively, 20 (N1) and 16 (N2) cohorts. That means that, respectively, 20 and 16 cohorts allow the evaluation of the score X and Y, and Y  and Z, respectively. S3 represents a group in which the scores X, Y and Z can be compared in 8 (i.e., M3=8) different cohorts, thus S3 is a three-score group.
The objective of the first stage meta‐analysis is to obtain the pooled performance difference estimate g and its variance Vg≡W−1g for each score group g, where Δg and Vg are scalars for those two-score comparison groups Sg (i.e., in which Mg=2), while they are vectors (that we will than indicate with bold g and W−1g), if Sg is a n-score comparison group with n bigger than 2 (i.e., in which Mg>2); Δg and W−1g will be in general a (Mg -1) vector and a (Mg -1)* (Mg -1) covariance matrix. Thus, at the end of the first stage, we will have a collection of summarized data {(Δg, W−1g), g=1,…, G}, that include the direct evidence about all available comparisons.
Several methods to estimate the pooled effect in ordinary meta-analysis for two-arm  trials (in our case, two-score studies) exist [44]. Less common are multi-arm trials approaches. For instance, concerning a three-score group (Mg,j = 3), we can refer to the estimate vector  regarding the individual j-th cohort belonging to Sg, as

	
	,

	(1)

	
	
	



Where ΔjXZ , represents the performance difference related to the score X and Y evaluated in the cohort j and such that
The terms  and  are evaluated as follows:
	
	

	(2)

	
	

	


The expression for the covariance matrix is:
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	(3)
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All the terms of the covariance matrix  can be obtained by bootstrapping.

Given the expected heterogeneity, we will use a random effect model, all the equations used in the standard meta-analysis approach hold, but assume a vectorial form instead than a scalar one. For instance, for the group Sj we have:

	
	,
	(5)

	
	

	


Which has the covariance matrix

	
	.
	(6)

	
	

	




Stage II. Regression to consistent estimation
We will follow the approach explained and implemented in [26].





[bookmark: _Toc469904541][bookmark: _Toc488490629][bookmark: _Toc373597608]MSC: HETEROGENEITY
[bookmark: __Fieldmark__923_1374788089][bookmark: __Fieldmark__936_1114282649][bookmark: __Fieldmark__621_931786406]We have already defined the heterogeneity for meta-analysis of direct comparisons. A similar definition can be used for the heterogeneity of network meta-analysis, adapting a definition used for multi-arm trials to multiple score comparison.  Since we have singleton groups in our MSC data (group 6 in our database), it is recommended in our case to use pooled estimate of the τ2 (τ2pooled), [26] defined as follows:


i.e. a multivariate version of the pooled estimate for the heterogeneity variance.

[bookmark: _Toc488490630][bookmark: _Toc469904542][bookmark: _Toc373597609]Tau pooled vs tau group 

An alternative (not recommended in our case) is to consider not a pooled version of τ2, but a τ2 for each group (τ2g), defined as follows:









Where
In the previous formulas the subscript j represents a generic cohort and the subscript g represents a generic group. Then, Wjg is the inverse of the covariance matrix related to the performance of the scores in the cohort j in the group g. Tg is the number of scores that can be evaluated in the group g, Ng is the number of cohorts in the group g. Finally, d̂g is the estimate of the performance vector in the group g and  d̂jg  is the estimate of the performance vector in the cohort j of the group g.
	

	Heterogeneity parameters in the MSC meta-analysis

	Group
	Qg
	dfg
	Cg
	τg2
	τg

	1
	3
	3
	4667
	0.000
	0.00000

	2
	16
	12
	19105
	0.014
	0.00019

	3
	11
	8
	4699
	0.025
	0.00062

	4
	0
	0
	0
	0.000
	0.00000

	5
	48
	30
	148807
	0.011
	0.00012

	6
	35
	24
	57077
	0.014
	0.00018






We notice that the values for the singleton group 5 are all 0. This is the reason that induces us to consider more reliable the τ2 pooled approach compared to the τ2g approach.
We show below a visual comparison between the estimates in the 2 cases:
· τpooled
· τg




τpooled
[image: ]
τg
[image: ]
There are no differences in the ranking. Some differences in the CIs are to notice: the authors feel more comfortable with a much bigger CI for, say, the SAFE score as in the case of τpooled. Indeed, we expect a MSC CI to be bigger for a score that is present in only 1 group (SAFE is only in group 4 that is constituted by only one cohort). Thus, the authors are convinced that the τpooled is the best approach for their case.






















[bookmark: _Toc469904543][bookmark: _Toc488490631][bookmark: _Toc373597610]MSC: TRANSITIVITY

[bookmark: __Fieldmark__1174_1374788089][bookmark: __Fieldmark__1424_1114282649][bookmark: __Fieldmark__862_931786406]For a brief introduction concerning the concept of transitivity (or similarity) please look at the section “transitivity (or similarity)” in the protocol above. For a more detailed discussion we recommend the suited literature [45–48].


[bookmark: __Fieldmark__1185_1374788089][bookmark: __Fieldmark__1433_1114282649][bookmark: __Fieldmark__871_931786406][bookmark: __Fieldmark__1195_1374788089][bookmark: __Fieldmark__1440_1114282649][bookmark: __Fieldmark__879_931786406][bookmark: __Fieldmark__1206_1374788089][bookmark: __Fieldmark__1449_1114282649][bookmark: __Fieldmark__888_931786406][bookmark: __Fieldmark__1215_1374788089][bookmark: __Fieldmark__1456_1114282649][bookmark: __Fieldmark__895_931786406][bookmark: __Fieldmark__1224_1374788089][bookmark: __Fieldmark__1463_1114282649][bookmark: __Fieldmark__902_931786406][bookmark: __Fieldmark__1233_1374788089][bookmark: __Fieldmark__1470_1114282649][bookmark: __Fieldmark__909_931786406]A requirement for the application of a network meta-analytic technique is “transitivity”, i.e., in the case of treatment effect comparison, “similarity” in the distributions of “effect modifiers”[49] and in study-level characteristics (such as inclusion and exclusion criteria, details on subject recruitment, or study design choices).[50] In MSC we do not refer to similarity in the distributions of “effect modifiers” but to “spectrum effect”[51, 52] or “case mix”,[50, 53, 54] defined as the distribution of predictor values, other relevant participant or setting characteristics (such as therapy in stable conditions) and the outcome incidence.[53] Indeed, it is well established in prediction model literature that as the case-mix heterogeneity increases, individuals have a larger variety of patient characteristics, and the model tends to discriminate better.[55, 56] 
[bookmark: __Fieldmark__1244_1374788089][bookmark: __Fieldmark__1481_1114282649][bookmark: __Fieldmark__918_931786406]In practice, we used the definition number 4 of transitivity from [48].
[bookmark: __Fieldmark__1255_1374788089][bookmark: __Fieldmark__1492_1114282649][bookmark: __Fieldmark__927_931786406][bookmark: __Fieldmark__1264_1374788089][bookmark: __Fieldmark__1499_1114282649][bookmark: __Fieldmark__934_931786406]Thus, we evaluated by meta-regression analysis[57] the distribution of the variables that could generate case mix variation (like median and variability of age,[53] range and variance of obstruction severity (i.e., FEV1% pred.), exercise capacity, size, mortality rate). Then, we used analysis of variance (ANOVA) to see whether the distribution of the identified variables was imbalanced in the groups and could consequently generate imbalance in the performance group by group. 

We tested if case-mix heterogeneity of the following variables can affect the discriminative power of the models, namely the AUC):


· Range of obstruction severity (i.e., FEV1% pred.)  
· Variance of obstruction severity (i.e., FEV1% pred.) 
· Mortality percentage
· Exercise capacity range
· Median of age 
· Variability of age[53]
· Size (i.e., number of events)



In case of a variables directly affecting the performance, we used analysis of variance (ANOVA) to see whether the distribution of the identified variables was imbalanced in the groups and could consequently generate imbalance in the performance group by group. In case of homogenous groups, we cannot reject the null hypothesis of transitivity. 

For the following 2 variables the meta-regression analysis informed us that they were not generating case-mix when looking at the differences in AUC.

· Variability of age[53]
· Size (i.e., number of events)

Instead, the following 5 variables were significantly affecting the differences in AUC. Then, they generate case-mix. 

· Range of obstruction severity (i.e., FEV1% pred.)  
· Variance of obstruction severity (i.e., FEV1% pred.) 
· Mortality percentage
· Exercise capacity range
· Median of age 

Thus, for these variables, we had to check if they are balanced across groups to verify that transitivity holds. The ANOVA tests ensured the balance of these variables in our groups of the MSC meta-analysis.


In conclusion, we can assume that the transitivity assumption holds for our network.







[bookmark: _Toc488490632][bookmark: _Toc373597611]AUC vs FEV1 %pred. range

[image: ]

Interesting to see that the slope has a negative coefficient for the ΔAUC (while we were expecting a positive coefficient for the meta-regression of AUC vs FEV1pp range)
 
> summary(regression.DELTA.AUC.vs.FEV1pp.range)

Call:
lm(formula = matrix_model_cohort.DELTA.AUC.not.NA.DELTA.AUC ~ 
    matrix.FEV1pp.range.not.NA.DELTA.AUC)

Residuals:
     Min       1Q   Median       3Q      Max 
-0.13266 -0.04717  0.00697  0.04323  0.15552 

Coefficients:
                                       Estimate Std. Error t value
(Intercept)                           0.1923504  0.0302376   6.361
matrix.FEV1pp.range.not.NA.DELTA.AUC -0.0014112  0.0003343  -4.221
                                         Pr(>|t|)    
(Intercept)                          0.0000000059 ***
matrix.FEV1pp.range.not.NA.DELTA.AUC 0.0000532750 ***
---
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.06326 on 101 degrees of freedom
Multiple R-squared:  0.1499,	Adjusted R-squared:  0.1415 
F-statistic: 17.82 on 1 and 101 DF,  p-value: 0.00005328
[image: ]


> anova(lm(FEV1pp.range ~ group.cohort))
Analysis of Variance Table

Response: FEV1pp.range
             Df  Sum Sq Mean Sq F value Pr(>F)
group.cohort  1   261.9  261.92  0.4777 0.4967
Residuals    22 12061.6  548.25 







[bookmark: _Toc488490633][bookmark: _Toc373597612]AUC vs FEV1% pred. variance

[image: ]

> summary(regression.DELTA.AUC.vs.FEV1pp.variance)

Call:
lm(formula = matrix_model_cohort.DELTA.AUC.not.NA.DELTA.AUC ~ 
    matrix.FEV1pp.variance.not.NA.DELTA.AUC)

Residuals:
      Min        1Q    Median        3Q       Max 
-0.130903 -0.034511  0.002037  0.040787  0.157578 

Coefficients:
                                           Estimate  Std. Error t value Pr(>|t|)    
(Intercept)                              0.15606493  0.01707820   9.138 7.09e-15 ***
matrix.FEV1pp.variance.not.NA.DELTA.AUC -0.00029364  0.00005309  -5.531 2.51e-07 ***
---
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.06011 on 101 degrees of freedom
Multiple R-squared:  0.2325,	Adjusted R-squared:  0.2249 
F-statistic:  30.6 on 1 and 101 DF,  p-value: 0.0000002507


[image: ]


> anova(lm(FEV1pp.variance ~ group.cohort))
Analysis of Variance Table

Response: FEV1pp.variance
             Df Sum Sq Mean Sq F value Pr(>F)
group.cohort  1   2276  2275.8  0.1635 0.6898
Residuals    22 306162 13916.5 






[bookmark: _Toc488490634][bookmark: _Toc373597613]AUC vs mortality percentage

[image: ]

> summary(regression.DELTA.AUC.vs.mortality.percentage)

Call:
lm(formula = matrix_model_cohort.DELTA.AUC.not.NA.DELTA.AUC ~ 
    matrix.mortality.percentage.not.NA.DELTA.AUC)

Residuals:
      Min        1Q    Median        3Q       Max 
-0.131970 -0.043406  0.005876  0.039659  0.188264 

Coefficients:
                                             Estimate Std. Error t value  Pr(>|t|)    
(Intercept)                                   0.03239    0.01035   3.129    0.0023 ** 
matrix.mortality.percentage.not.NA.DELTA.AUC  0.17904    0.04222   4.241 0.0000494 ***
---
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.06321 on 101 degrees of freedom
Multiple R-squared:  0.1512,	Adjusted R-squared:  0.1428 
F-statistic: 17.99 on 1 and 101 DF,  p-value: 0.00004936

[image: ]


> anova(lm(FEV1pp.variance ~ group.cohort))
Analysis of Variance Table

Response: FEV1pp.variance
             Df Sum Sq Mean Sq F value Pr(>F)
group.cohort  1   2276  2275.8  0.1635 0.6898
Residuals    22 306162 13916.5    












[bookmark: _Toc488490635][bookmark: _Toc373597614]AUC vs exercise capacity range
[image: ]
> summary(regression.DELTA.AUC.vs.exercise.capacity.range)

Call:
lm(formula = matrix_model_cohort.DELTA.AUC.not.NA.DELTA.AUC ~ 
    matrix.exercise.capacity.range.not.NA.DELTA.AUC)

Residuals:
     Min       1Q   Median       3Q      Max 
-0.12926 -0.05526  0.01200  0.04527  0.19236 

Coefficients:
                                                  Estimate Std. Error
(Intercept)                                      0.0843041  0.0131377
matrix.exercise.capacity.range.not.NA.DELTA.AUC -0.0002356  0.0001093
                                                t value     Pr(>|t|)
(Intercept)                                       6.417 0.0000000217
matrix.exercise.capacity.range.not.NA.DELTA.AUC  -2.156       0.0349
                                                   
(Intercept)                                     ***
matrix.exercise.capacity.range.not.NA.DELTA.AUC *  
---
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.07243 on 62 degrees of freedom
  (39 observations deleted due to missingness)
Multiple R-squared:  0.06977,	Adjusted R-squared:  0.05476 
F-statistic:  4.65 on 1 and 62 DF,  p-value: 0.03494

[image: ]

> anova(lm(exercise.capacity.range ~ group.cohort))
Analysis of Variance Table

Response: exercise.capacity.range
             Df Sum Sq Mean Sq F value Pr(>F)
group.cohort  1    287   287.4  0.0491 0.8287
Residuals    11  64349  5849.9   

















[bookmark: _Toc488490636][bookmark: _Toc373597615]AUC vs median age
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> summary(regression.DELTA.AUC.vs.median.age)

Call:
lm(formula = matrix_model_cohort.DELTA.AUC.not.NA.AUC ~ matrix.median.age.not.NA.DELTA.AUC)

Residuals:
     Min       1Q   Median       3Q      Max 
-0.14534 -0.03859  0.00828  0.04039  0.18044 

Coefficients:
                                    Estimate Std. Error
(Intercept)                        -0.404036   0.108947
matrix.median.age.not.NA.DELTA.AUC  0.006908   0.001594
                                   t value  Pr(>|t|)    
(Intercept)                         -3.709  0.000341 ***
matrix.median.age.not.NA.DELTA.AUC   4.335 0.0000346 ***
---
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.063 on 101 degrees of freedom
Multiple R-squared:  0.1569,	Adjusted R-squared:  0.1485 
F-statistic: 18.79 on 1 and 101 DF,  p-value: 0.00003455

[image: ]


> anova(lm(median.age ~ group.cohort))
Analysis of Variance Table

Response: median.age
             Df Sum Sq Mean Sq F value Pr(>F)
group.cohort  1  16.54  16.535  1.0912 0.3075
Residuals    22 333.37  15.153 















[bookmark: _Toc488490637][bookmark: _Toc373597616]AUC vs variance age

[image: ]
> summary(regression.DELTA.AUC.vs.variance.age)

Call:
lm(formula = matrix_model_cohort.DELTA.AUC.not.NA.DELTA.AUC ~ 
    matrix.variance.age.not.NA.DELTA.AUC)

Residuals:
      Min        1Q    Median        3Q       Max 
-0.139115 -0.055526  0.005361  0.046485  0.174704 

Coefficients:
                                       Estimate Std. Error
(Intercept)                           0.1340339  0.0370021
matrix.variance.age.not.NA.DELTA.AUC -0.0007652  0.0004184
                                     t value Pr(>|t|)    
(Intercept)                            3.622 0.000459 ***
matrix.variance.age.not.NA.DELTA.AUC  -1.829 0.070362 .  
---
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.0675 on 101 degrees of freedom
Multiple R-squared:  0.03206,	Adjusted R-squared:  0.02247 
F-statistic: 3.345 on 1 and 101 DF,  p-value: 0.07036


[bookmark: _Toc488490638][bookmark: _Toc373597617]AUC vs size cohort (#cases)
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> summary(regression.DELTA.AUC.vs.size.cohort)

Call:
lm(formula = matrix_model_cohort.DELTA.AUC.not.NA.DELTA.AUC ~ 
    matrix.size.cohort.not.NA.DELTA.AUC)

Residuals:
     Min       1Q   Median       3Q      Max 
-0.14034 -0.04871  0.00290  0.04680  0.17424 

Coefficients:
                                       Estimate  Std. Error
(Intercept)                          0.07510692  0.00926887
matrix.size.cohort.not.NA.DELTA.AUC -0.00010413  0.00008706
                                    t value Pr(>|t|)    
(Intercept)                           8.103 1.29e-12 ***
matrix.size.cohort.not.NA.DELTA.AUC  -1.196    0.234    
---
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.06813 on 101 degrees of freedom
Multiple R-squared:  0.01397,	Adjusted R-squared:  0.004205 
F-statistic: 1.431 on 1 and 101 DF,  p-value: 0.2345


[bookmark: _Toc488490639][bookmark: _Toc373597618]INCOSISTENCY
[bookmark: __Fieldmark__1805_1374788089][bookmark: __Fieldmark__2650_1114282649][bookmark: __Fieldmark__1239_931786406]Local and global inconsistency are evaluated by the following tests.[26] [image: ]
[image: ]

	Overall inconsistency parameters

	Parameters
	Value

	α
	0.05

	K
	9

	df
	16

	Q
	22.1

	Χ2df
	26.3

	p-value
	0.14

	1-α = level of significance, K = # of scores; df = degrees of freedom (N-K+1, where N is the sum of all the scores used in the groups (28); Q = likelihood-ratio test statistic; Χ2df = Χ2 statistic with df degrees of freedom 






Our tests show a reasonably good local and global inconsistency.











[bookmark: _Toc488490640][bookmark: _Toc373597619]INDIRECT EVIDENCE

The following league table provides us with evidence of a reasonable consistency between direct and indirect evidence.

	League table showing direct and indirect evidence 

	            Direct           Indirect
	GOLD
	New
GOLD
	ADO
	BODE
	BODE
upd
	eBODE
	BODEx
	DOSE
	SAFE
	BAED

	GOLD
	-
	0.022          
[-0.002, 0.047]
	0.090                   [0.071, 0.109]
	0.067          [0.034, 0.099]
	0.075                  [0.032, 0.117]
	0.074                            [-0.009, 0.157]
	0.064                     [0.033, 0.096]
	0.046                      [0.012, 0.080]
	0.037                      [0.015, 0.059]
	0.039                 [0.003, 0.076]

	New GOLD
	 
	-
	0.063          [0.050, 0.077]
	0.052                 [0.037, 0.068]
	0.041                  [0.008, 0.073]
	0.054                       [0.015, 0.092]
	0.028                      [0.017, 0.040]
	0.010                            [-0.002, 0.023]
	0.045                    [0.027, 0.063]
	0.007                         [-0.018, 0.031]

	ADO
	 
	 
	-
	-0.007                   [-0.031, 0.017]
	-0.004                            [-0.036, 0.029]
	-0.018                           [-0.079, 0.043]
	-0.045                            [-0.062, -0.027]
	-0.064                              [-0.084, -0.044]
	-0.005                            [-0.028, 0.018]
	-0.068                          [-0.090, -0.045]

	BODE
	 
	0.048                        [0.016, 0.079]
	 
	-
	0.004                    [-0.007, 0.015]
	0.010                             [-0.017, 0.038]
	-0.005                             [-0.039, 0.030]
	-0.030                           [-0.094, 0.035]
	-0.012                            [-0.025, 0.000]
	-0.041                           [-0.099, 0.017]

	BODE upd
	 
	0.076                         [0.041, 0.111]
	 
	 
	-
	0.012                              [-0.018, 0.041]
	-0.010                            [-0.057, 0.037]
	-0.034                           [-0.100, 0.032]
	-0.006                           [-0.020, 0.008]
	-0.043                          [-0.100, 0.014]

	eBODE
	 
	 
	 
	 
	 
	-
	-0.023                            [-0.045, -0.001]
	-0.040                           [-0.087, 0.006]
	 
	-0.053                          [-0.098, -0.007]

	BODEx
	 
	 
	 
	-0.022                           [-0.049, 0.004]
	-0.035                   [-0.063, -0.007]
	 
	-
	-0.017                             [-0.029, -0.005]
	 
	-0.024                        [-0.038, -0.009]

	DOSE
	 
	 
	 
	-0.041                           [-0.066, -0.015]
	-0.052                           [-0.079, -0.024]
	 
	 
	-
	 
	-0.005                          [-0.025, 0.015]

	SAFE
	 
	 
	 
	 
	 
	-0.021                           [-0.056, 0.014]
	0.010                            [-0.022, 0.042]
	0.026                            [-0.007, 0.059]
	-
	 

	BAED
	 
	 
	 
	-0.051                            [-0.080, -0.022]
	-0.062                            [-0.093, -0.032]
	 
	 
	 
	-0.041                           [-0.076, -0.005]
	-

	In the lower-left part of the matrix, the indirect comparisons are indicated; instead, in the upper-right part of the matrix the direct comparisons are indicated. Highlighted in red are the indirect comparisons and the direct comparisons, in the cases where the indirect comparison related to the same pair of scores is available as well. We note that in four cases (SAFE vs eBODE, BODEx, DOSE, BAED) the direct evidence is not available (cells colored in red), while the indirect evidence is available.














[bookmark: _Toc488490641][bookmark: _Toc373597620]MULTIPLE IMPUTATION

We handle in the analysis for the main paper the missing data as follows: if a variable was missing for >30% of observations we discarded the specific variable for that particular specific cohort, since, in this case, we deemed the percentage of missing data too high not to be biased.
[bookmark: __Fieldmark__2320_1374788089][bookmark: __Fieldmark__3571_1114282649][bookmark: __Fieldmark__1744_931786406][bookmark: __Fieldmark__2330_1374788089][bookmark: __Fieldmark__3574_1114282649][bookmark: __Fieldmark__1751_931786406]An alternative could be to still delete a variable in each cohort where it is missing >30% of observations and, in addition, to impute the missing data (related to that variable) by multiple imputation with chained equations (the analysis of the patterns of missingness allow us to consider the missing data missing completely at random apart from the dependence on the cohort).[7, 58, 59]). We imputed the missing data (related to that variable) by multiple imputation with chained equations[7, 58–61]. 
[bookmark: __Fieldmark__2343_1374788089][bookmark: __Fieldmark__3579_1114282649][bookmark: __Fieldmark__1760_931786406]It could be argued that the choice of 30% as threshold to decide if to discard the variable in a particular cohort or to impute it, is partly arbitrary. In part for sure it is, but it is based on same general consideration concerning missing data and on our particular analysis.[7] 
The pooled results for 10 imputed database follow.














# Imputations = 0
[image: ]
# Imputations = 10
[image: ]
We note that there are no big differences between the analysis without and with imputation (10 imputations). 






















[bookmark: _Toc488490642]
[bookmark: _Toc373597621]SUCRA p-score
As reported in the main paper, in order to provide a ranking of the scores, we used a frequentist version of the SUCRA score (a simple numerical summary to supplement the graphical display of cumulative ranking in model performance)14,15, i.e. the “p-score”.16 P̅i represents the rank of score i within the given set of scores, where 1 means theoretically best and 0 means worst. 

	[bookmark: _Ref468365797][bookmark: _Toc478291543]Table 3|P-Score (frequentist version of the SUCRA score)

	Score
	P̅i

	ADO 
	0.99

	BODE upd.
	0.80

	eBODE
	0.78

	BODE
	0.65

	SAFE
	0.55

	BODEx
	0.54

	DOSE
	0.32

	New GOLD
	0.21

	B-AE-D
	0.15

	GOLD
	0.02

	P̅i represents the rank of score i within the given range of scores, where 1 means theoretically best and 0 means worst. 



The only needed check that we add in this supplementary material is that: 

	
	
	(7)
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CORRELATIONS AMONG SCORES

Plot showing the correlation among the performance among scores.


A for ADO, B for any of the BODE variants, G for GOLD, and  O for the others (SAFE, DOSE, BAED). So, AB below means ADO compared with any of the four BODE scores. B only means comparisons among the  BODE variants, and O alone means comparisons among the other scores.  Median correlation was 0.67, but the IQR was relatively wide (0.54 -  0.78). One correlation was even negative (DOSE vs ADO in the largest  group). Sorting by the scores compared, lowest correlation was between  ADO and other scores, but even that was often above 0.5. Highest  correlation was (as we expected) between the BODE variants (the box on the extreme right), with median  correlation 0.83, with IQR 0.77 - 0.92.

It is to note (expected and intuitive) the strong correlation among some of the scores. Indeed, for instance, the biggest correlation is among the scores originated by the BODE score /(BODE, BODE update, eBODE, BODEx).
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	Scoring rules of COPD multicomponent scores that we have validated in our study

	                  Score
Predictor
	
GOLD
[62]
	
New
GOLD
[62]
	
BODE
[63]
	
BODE
upd.
[64]
	
ADO upd.
[65]

	
e-BODE
[66]
	
BODEx
[66]
	
DOSE
[67]
	
SAFE
[68]
	
B-AE-D
opt.
[69]

	BMI
	
	
	0 (>21)
1 (<=21)
	0 (>21)
1 (<=21)
	
	0 (>21)
1 (<=21)
	0 (>21)
1 (<=21)
	
	
	0 (>=21)
6 (18.5-21)
9 (<18.5)

	FEV1% pred.
	0 (>=80)
1 (50-79)
2 (30-49)
3 (<30)
	0 (if FEV1pp>=50
and
<=1 exacerbations per year)
2 (otherwise)
	0 (>=65%)
1 (50-64%)
2 (36-49%)
3 (<=35)
	0 (>=65%)
1 (36-64%)
2 (<=35)

	0 (>=81%)
1 (65-60%)
2 (51-64%)
3 (35-50%)
4 (<=35%)

	0 (>=65%)
1 (50-64%)
2 (36-49%)
3 (<=35)
	0 (>=65%)
1 (50-64%)
2 (36-49%)
3 (<=35)
	0 (>=50%)
1 (31-49%)
2 (<=30)

	0 (>=80%)
1 (50-79%)
2 (36-49%)
3 (<=35)
	

	mMRC
	
	0 (if mMRC >=2 and CAT >=10)
1 otherwise
	0 (0-1)
1 (2)
2 (3)
3 (4)
	0 (0-1)
1 (2)
2 (3)
3 (4)
	0 (0)
1 (1-2)
2 (3)
3 (4)
	0 (0-1)
1 (2)
2 (3)
3 (4)
	0 (0-1)
1 (2)
2 (3)
3 (4)
	0 (0-1)
1 (2)
2 (3)
3 (4)
	
	0 (0-2)
6 (3)
10 (4)

	6-MWT
	
	
	0 (>=350)
1 (250-349)
2 (150-249)
3 (<=149)
	0 (>=350)
4 (250-349)
7 (150-249)
9 (<=149)
	
	0 (>=350)
1 (250-349)
2 (150-249)
3 (<=149)
	
	
	0 (>=400)
1 (300-399)
2 (200-299)
3 (<=199)
	

	Age
	
	
	
	
	0 (40-49)
2 (50-59)
4 (60-69)
5 (70-79)
7 (>=80)
	
	
	
	
	

	Prev. exacerbations
	
	(See FEV1pp)
	
	
	
	0 (0)
1 (1-2)
2 (>2)
	0 (0)
1 (1-2)
2 (>2)
	0 (0-1)
1 (2-3)
2 (>3)
	
	0 (0)
3 (1)
7 (>=2)

	CAT
	
	(See mMRC)
	
	
	
	
	
	
	
	

	Smoking
	
	
	
	
	
	
	
	0 (non- smoker)
1(current smoker)
	
	

	Quality of life (SGRQ)
	
	
	
	
	
	
	
	
	0 (<=30)
1 (31-49)
2 (50-64)
3 (>=65)
	

	Total Score
	0-3
	0-3
	0-10
	0-15
	0-14
	0-12
	0-9
	0-8
	0-9
	0-6

	GOLD=Global initiative for chronic Obstructive Lung Disease; BODE=Body mass index, airflow Obstruction, Dyspnoea and severe Exacerbations; BODE upd.=BODE updated; ADO upd.=Age, Dyspnoea, airflow Obstruction updated; e-BODE=severe acute exacerbation of COPD plus BODE; BODEx=Body mass index, airflow Obstruction, Dyspnoea, severe acute Exacerbation of COPD; DOSE=Dyspnoea, Obstruction, Smoking and Exacerbation frequency; SAFE=Saint George’s Respiratory Questionnaire (SGRQ) score, Air-Flow limitation and Exercise capacity; B-AE-D opt.=Body-mass index, Acute Exacerbations, Dyspnoea, optimised; BMI=body-mass index; FEV1% pred.=forced expiratory volume in 1 s percentage predicted; mMRC=modified Medical Research Council (MMRC) dyspnea scale; 6MWT=6-minute walk test; CAT=COPD Assessment Test; SGRQ=Saint George’s Respiratory Questionnaire; previous exacerbations are referred to the previous year.
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