Appendix: “Less in the West: The Tangibility of International Organizations and their Media Visibility around the World”, The Review of International Organizations

A1: List of IOs and IO bodies
Appendix A1 lists all the IOs and IO bodies mapped and analyzed in the article. The selection reflects the composition of the United Nations System in its entirety. This includes the UN’s central bodies, its “Funds and Programmes”, “UN Specialized Agencies”, the so-called “Other entities and bodies”, as well as the so-called “Related Organizations”.[footnoteRef:1] [1:  https://www.un.org/en/about-us/un-system, accessed June 3, 2022.] 

The numerical scores in Table A1.1 reflect the number of articles where at least one reference to the given IO or IO body was detected, their share on the overall number of news articles analyzed, and the share of references to the particular body on all references detected (i.e., the relative media prominence of the IO among others in the sample).
[bookmark: _Ref83923377][bookmark: _Ref113268106]Table A1.1:  All IOs and IO bodies’ frequency of references across the period 2018-2021
	Rank
	IO or IO body name
	Abbr.
	# of articles
	% of articles
	% share on all IO references

	1
	United Nations
	UNO
	78952
	2.316
	45.174

	2
	World Health Organization
	WHO
	30336
	0.89
	17.357

	3
	International Monetary Fund
	IMF
	14606
	0.428
	8.357

	4
	World Bank Group
	WOB
	10129
	0.297
	5.795

	5
	UNESCO
	UES
	6453
	0.189
	3.692

	6
	World Trade Organization
	WTO
	5202
	0.153
	2.976

	7
	UNICEF
	UCF
	3518
	0.103
	2.013

	8
	International Criminal Court
	ICC
	3011
	0.088
	1.723

	9
	United Nations High Commissioner for Refugees
	HCR
	2367
	0.069
	1.354

	10
	United Nations Relief and Works Agency for Palestine Refugees in the Near East
	RWA
	2361
	0.069
	1.351

	11
	International Atomic Energy Agency
	IAE
	2091
	0.061
	1.196

	12
	International Labour Organization
	ILO
	1882
	0.055
	1.077

	13
	Food and Agriculture Organization
	FAO
	1769
	0.052
	1.012

	14
	United Nations Development Programme
	UDP
	1440
	0.042
	0.824

	15
	World Food Programme
	WFP
	1444
	0.042
	0.826

	16
	International Court of Justice
	ICJ
	1193
	0.035
	0.683

	17
	International Organization for Migration
	IOM
	1086
	0.032
	0.621

	18
	United Nations High Commissioner for Human Rights
	CHR
	976
	0.029
	0.558

	19
	Organization for the Prohibition of Chemical Weapons
	PCW
	745
	0.022
	0.426

	20
	United Nations Population Fund
	UFP
	637
	0.019
	0.364

	21
	International Civil Aviation Organization
	ICA
	604
	0.018
	0.346

	22
	World Tourism Organization
	TOU
	516
	0.015
	0.295

	23
	United Nations Environment Programme
	UEP
	430
	0.013
	0.246

	24
	World Meteorological Organization
	WMO
	399
	0.012
	0.228

	25
	United Nations Framework Convention on Climate Change/UN Climate Change
	UFC
	373
	0.011
	0.213

	26
	United Nations Conference on Trade and Development
	CTD
	326
	0.01
	0.187

	27
	United Nations Entity for Gender Equality and the Empowerment of Women/ UN Women
	UNW
	321
	0.009
	0.184

	28
	International Maritime Organization
	IMO
	262
	0.008
	0.15

	29
	World Intellectual Property Organization
	WIP
	277
	0.008
	0.158

	30
	United Nations Office on Drugs and Crime
	ODC
	253
	0.007
	0.145

	31
	Joint United Nations Programme on HIV/AIDS
	UAI
	204
	0.006
	0.117

	32
	United Nations Industrial Development Organization
	UID
	186
	0.005
	0.106

	33
	International Telecommunication Union
	ITU
	129
	0.004
	0.074

	34
	United Nations Office for Project Services
	OPS
	81
	0.002
	0.046

	35
	United Nations Human Settlements Programme
	UHB
	81
	0.002
	0.046

	36
	Preparatory Commission for the Comprehensive Nuclear-Test-Ban Treaty Organization
	CTB
	28
	0.001
	0.016

	37
	International Tribunal for the Law of the Sea
	TLS
	21
	0.001
	0.012

	38
	United Nations University
	UNU
	49
	0.001
	0.028

	39
	Universal Postal Union
	UPU
	27
	0.001
	0.015

	40
	International Seabed Authority
	ISA
	9
	0
	0.005



A2: Sampling and data volumes
Appendix A2 provides a more complete description of the data collection and sampling procedures. The data I use in this article comes from the large new database developed within the project [omitted for review]. The database builds a representative picture of online news media content around the world. In describing the database, I use the plural “we,” as multiple scholars participated in its creation. Once I return to the specific application of this database for this article, I also return to using “I.” 
Our key source of media content used in the body of the article, in developing this database, is GDELT, or the Global Database of Events, Language, and Tone (GDELT 2019; Leetaru and Schrodt 2013). All main calculations and statistics presented in the article are based on data that are ultimately sourced from GDELT’s records. However, GDELT only serves us as a source of a long list of URL links to news articles from which we sample ourselves, using our internal procedures. In addition, as discussed in Appendix A7, I replicate the analysis with a sample of data from Google News as a completely different type of data source, with different sampling logic. As I show there, my analysis arrives at substantively identical results irrespective of which data source I use.
GDELT is unique globally in that it covers, at least to some extent, media in virtually all countries of the world, and this is essential for this analysis. No other existing source offers coverage even remotely close to this. GDELT processes the content of around 60 000 media outlets, worldwide, and publishes openly the results of these procedures. These results, amounting to around 0.4 – 0.5 million articles processed every day, contain large amount of information extracted from the articles by GDELT itself, but most importantly it also provides URLs of each of the processed article. This is the key information we use to access the full text of a representative sample of these articles, download them, and process them using our own algorithms. While the output of GDELT itself is impressive in volume, we are wary of the challenges in the output especially when it comes to non-English news articles. Therefore, we rely exclusively on own procedures for extracting information from the news full texts rather than relying on GDELT itself. Hence, our entire infrastructure is created in order for us to be able to retain a full control over the data collection process.
For basic manageability of the data collection procedure, we do not collect the entire content of GDELT, but instead our starting point is that we (attempt to) collect 10% of this content, i.e. some 40 – 50 000 articles for each day of data. We try to access the specific URL of these news articles and download the publicly available content. To maximize the success rate also with slower host servers in this step, we use a timeout of 30 second. We succeed in downloading the content of the article in around 70% of cases. This leaves us, typically, with around 30 – 40 000 articles per day of data.
In the next step, we extract from the downloaded html file of the article its full text using the readability heuristic implemented in the readability package in Python (van Cranenburgh 2022).[footnoteRef:2] This procedure strips the source code of content related to various tags, of advertisements presented on the website, etc. We rely on the readability heuristic mostly because the thousands of websites we access lack, naturally, any unified, standard structure. As a result, we extract as much “clean” textual content from the article as possible over a variety of media outlets using the vast number of html coding standards. [2:  https://pypi.org/project/readability/, accessed March 23, 2021. We also experimented with other heuristics, such as news-please or newspaper packages in python but the results rather underperformed our approach, mostly because of even more restrictiveness within the cleaning procedure.] 

Next, we connect raw GDELT output with systematic data on audience geography of each website (media outlet). That is, we need to establish in which countries the content was read. The audience geography data we use comes from the Amazon Alexa Web Services database (Alexa Web Information Service 2021). This commercial service tracked, until spring 2022, numbers of visitors and their behaviour on millions of domains across the world, including with regard to audience geography. That is, this data enables us to assess how much people access the content of all the individual media outlets (domains) covered by GDELT, and from which states. We collected the audience geography data from Amazon Alexa Web Services four times over a times span of more than a year, to secure that our assignment of news media domains is not influenced by immediate perturbations in the underlying data. We use this extensive data to filter the sources covered by GDELT drastically, and only keep in the analysis media outlets that rank 500 or higher in at least one country. That is, we discard data for media outlets that are actually not widely accessed in the individual audience countries. Because GDELT is so inclusive in its coverage, this is an essential step. Quantitatively, the majority of the around 60 000 websites tracked by GDELT is discarded, and only 3525 domains that show significant relevance in the audience countries are retained. In principle, this step could introduce a bias in that news media from different visibility ranks are retained from different countries. Websites ranking in TOP500 in countries with very large media markets are relatively more high-ranking than in small countries. Having said that, the threshold of 500 TOP domains is intentionally set very low to make the set of domains tracked very inclusive even for the largest countries. From these selected and retained domains, a random sample of articles is selected for download and processing. Not constraining the selection in this way would likely produce a more dangerous “availability” bias where typically Western media are tracked far more robustly simply because they are more readily accessible and known to scholars and research projects. Applying this filter dramatically reduces the volume of data retained for analysis, as only approximately 30-35% of downloaded articles qualify based on this audience size criterion. After this step, we are thus left, typically, with around 15 000 downloaded and technically pre-processed (cleaned) articles per day of data.
Next, to ensure that our database only covers news media outlets, we performed a full manual check of every single web domain (media outlet) retained after the previous steps to distinguish news media – our interest – from other material. By news media sites, we understand: “agencies and organizations that specialize in communicating ideas, information, and images.” (Cohen and Kennedy 2013, p. 286) or simply “agencies of mass communication”. These agencies and organizations focus on reporting current events across various areas of interest and context. The published information (in our understanding) is mainly created by journalistic elites, experts, and opinion makers. A key criterion for distinguishing news media was whether the website is a site of an organization specialized in mediation (transmission) of information from a distinct source and about many other entities (other than itself) to an audience. If the site was of an organization or a person that dominantly communicates about itself, it would not count as news media site in our conceptualization. Our conceptualization also excludes social networks (e.g., YouTube, Twitter, Facebook, or Flicker) and any material without a comprehensive text of value (e.g., lists of links, TV programs, ads, or simple entertainment games). A group of research assistants was trained to apply this scheme. A random sample of domains was double-coded consistently throughout the task, achieving a very high inter-coder reliability scores (Krippendorf alpha > 0.9). Applying this filter led to a further approximately 30% reduction in the number of domains analyzed. After additional exclusion of domains with very few articles recorded (<10) and states with very few domains (<10), our analysis was based on the content of articles from 2,036 domains.
A major challenge for any project seeking to map content of news across many countries comes with the multiplicity of languages spoken across the world. This is also part of the reason why large scale analyses of media content in IR often rely on English language sources only (Rauh and Zürn 2020; Sommerer et al. 2022, p. 51) or on limited set of languages (Schmidtke 2019). Our data source GDELT tracks content in 63 languages. To be able to process the downloaded data consistently, we translate a random sample of 20% of this downloaded content using a Google Translate API. This is the final step in our purposeful data volume reduction. Out of the more than 3.4 million articles, 20% were in English, while the remaining 80% were translated from one of 62 other languages of the media outlets. The fact that we work across 63 languages is something that we consider a major strength of our project, as we are able to reach the content of media in the vast majority of countries in the local population’s native language, on a large scale. The data collection workflow is summarized in Figure A2.1 below. 
To review the core logic behind our sampling choices, we combine three sampling procedures (Daniel 2011, Chapters 5–6). The very first step is based on availability/convenience sampling, where we rely on GDELT to generate the list of approximately 400-500 000 news articles per day in the news outlets tracked by GDELT, the only data source available that provides the requisite coverage of media in around 200 countries. Second, purposive sampling strategy is implemented by applying two filters. In the first filter, we keep in the dataset only those media outlets that achieve certain volume of readership, based on the Amazon Alexa estimates of website visits. The second filter only retains those domains that have been manually checked to represent news media. Third, a random sample of 10% of GDELT content is considered in the first two steps, due to the extreme data collection and data storage costs. This is further reduced to 20% of these data (i.e. 2% of the original content) in the last stage of translation of non-English content. In our perspective, this is the best sampling strategy available, as it makes maximum use of the already existing infrastructure underlying GDELT and its data collection, but also only takes from it the content that is highly relevant.


Figure A2.1 Data collection and sampling setup




A3: IO visibility across states
In this Appendix A3, I report the distribution and individual country scores of the dependent variable measured as the share of articles making a reference to one or more of the 40 IOs and IO bodies (Figure A3.1, Table A3.1). The largely symmetrical distribution of the raw values allows for the use of OLS in the body of the text, enabling easier interpretation of the results, but a Log 10 transformation of the dependent variable is applied in robustness tests in section A5. The results of the OLS models are virtually identical irrespective of which variant of the dependent variable is used. In Figure A3.2, Q-Q plots are provided to document the close-to-normal distribution of the dependent variable.

Figure A3.1 Distribution of media visibility across states: Raw scores (A) and Log 10 (B)
[image: ]

Figure A3.2 Q-Q Plots for the DV in OLS Models: Raw scores (A) and Log 10 (B)
[image: ]

Table A3.1 Visibility of all IOs and IO bodies combined across states
	
	State
	IO reference (#)
	IO reference (%)
	
	State
	IO reference (#)
	IO reference (%)

	1
	AFG
	7232
	8.29
	41
	ETH
	1118
	3.846

	2
	AGO
	6832
	6.514
	42
	FIN
	750
	2.37

	3
	ALB
	6854
	6.564
	43
	FRA
	4175
	5.511

	4
	ARE
	15252
	6.369
	44
	GBR
	5672
	5.187

	5
	ARG
	9842
	5.711
	45
	GEO
	895
	4.058

	6
	ARM
	709
	6.414
	46
	GHA
	1618
	6.025

	7
	AUS
	10844
	5.417
	47
	GIN
	2540
	9.287

	8
	AUT
	6731
	4.494
	48
	GNQ
	1530
	3.872

	9
	AZE
	13837
	5.578
	49
	GRC
	11140
	6.167

	10
	BEL
	7098
	6.156
	50
	GTM
	1408
	3.927

	11
	BEN
	1654
	7.055
	51
	HKG
	14395
	3.725

	12
	BFA
	4046
	8.288
	52
	HND
	832
	5.075

	13
	BGD
	11219
	7.111
	53
	HRV
	1190
	3.153

	14
	BGR
	4148
	5.877
	54
	HTI
	411
	4.028

	15
	BHR
	7879
	7.51
	55
	HUN
	760
	2.948

	16
	BIH
	5212
	5.506
	56
	IDN
	6422
	2.561

	17
	BLR
	6783
	6.212
	57
	IND
	8474
	4.295

	18
	BOL
	3072
	4.906
	58
	IRL
	8264
	3.368

	19
	BRA
	8200
	5.877
	59
	IRQ
	4641
	9.421

	20
	BWA
	2294
	10.778
	60
	ISR
	7110
	6.193

	21
	CAN
	11872
	5.517
	61
	ITA
	4895
	4.776

	22
	CHE
	6469
	5.062
	62
	JOR
	9842
	8.014

	23
	CHL
	4811
	6.182
	63
	JPN
	11557
	6.027

	24
	CHN
	12545
	5.673
	64
	KAZ
	5397
	5.568

	25
	CIV
	5769
	8.812
	65
	KEN
	879
	6.057

	26
	CMR
	1965
	9.173
	66
	KGZ
	330
	4.109

	27
	COD
	3323
	10.356
	67
	KHM
	1207
	4.416

	28
	COL
	9323
	7.477
	68
	KOR
	9558
	4.406

	29
	CRI
	4176
	6.554
	69
	KWT
	9762
	8.002

	30
	CUB
	20273
	9.947
	70
	LAO
	516
	3.439

	31
	CYP
	4875
	5.099
	71
	LBN
	5523
	8.534

	32
	CZE
	1532
	4.134
	72
	LBR
	2026
	10.198

	33
	DEU
	7845
	5.674
	73
	LBY
	5205
	9.377

	34
	DNK
	466
	1.789
	74
	LKA
	1779
	7.467

	35
	DOM
	3597
	5.831
	75
	LTU
	5536
	4.584

	36
	DZA
	4286
	10.846
	76
	LVA
	6549
	6.637

	37
	ECU
	3496
	6.981
	77
	MAR
	4725
	11.474

	38
	EGY
	12095
	7.761
	78
	MDA
	539
	5.026

	39
	ESP
	8140
	4.557
	79
	MDG
	1992
	4.983

	40
	EST
	2749
	4.161
	80
	MEX
	8587
	6.106



Table A3.1 continued
	
	State
	IO reference (#)
	IO reference (%)
	
	State
	IO reference (#)
	IO reference (%)

	81
	MKD
	3239
	6.621
	121
	TKM
	14044
	5.985

	82
	MLI
	5440
	9.796
	122
	TTO
	735
	3.056

	83
	MMR
	7544
	8.221
	123
	TUN
	5031
	9.545

	84
	MNG
	1924
	5.363
	124
	TUR
	13034
	4.837

	85
	MOZ
	3528
	5.831
	125
	TZA
	1083
	6.598

	86
	MRT
	6729
	11.238
	126
	UGA
	2018
	4.715

	87
	MUS
	860
	5.666
	127
	UKR
	8066
	6.794

	88
	MYS
	8610
	2.891
	128
	URY
	2555
	6.324

	89
	NER
	729
	10.103
	129
	USA
	13843
	4.791

	90
	NGA
	13467
	6.493
	130
	UZB
	2383
	4.315

	91
	NIC
	8674
	6.876
	131
	VNM
	4358
	3.256

	92
	NLD
	10891
	6.36
	132
	YEM
	3542
	9.685

	93
	NOR
	4194
	2.452
	133
	ZAF
	5399
	5.256

	94
	NPL
	2200
	8.355
	134
	ZMB
	302
	2.203

	95
	NZL
	2108
	5.285
	135
	ZWE
	3705
	6.939

	96
	OMN
	4943
	6.614
	
	
	
	

	97
	PAK
	12805
	6.803
	
	
	
	

	98
	PAN
	5118
	5.383
	
	
	
	

	99
	PER
	4655
	5.328
	
	
	
	

	100
	PHL
	8966
	6.006
	
	
	
	

	101
	POL
	8323
	6.773
	
	
	
	

	102
	PRI
	1376
	6.071
	
	
	
	

	103
	PRT
	4221
	4.666
	
	
	
	

	104
	PRY
	1673
	5.824
	
	
	
	

	105
	PSE
	17985
	12.725
	
	
	
	

	106
	QAT
	11857
	6.215
	
	
	
	

	107
	ROU
	2956
	4.662
	
	
	
	

	108
	RUS
	5866
	4.729
	
	
	
	

	109
	SAU
	8291
	7.896
	
	
	
	

	110
	SDN
	7767
	8.32
	
	
	
	

	111
	SEN
	3622
	7.404
	
	
	
	

	112
	SGP
	13610
	3.753
	
	
	
	

	113
	SLV
	2665
	5.177
	
	
	
	

	114
	SRB
	7042
	6.582
	
	
	
	

	115
	SVK
	1015
	3.353
	
	
	
	

	116
	SVN
	620
	3.077
	
	
	
	

	117
	SWE
	8701
	6.127
	
	
	
	

	118
	TGO
	2833
	12.368
	
	
	
	

	119
	THA
	2808
	6.147
	
	
	
	

	120
	TJK
	626
	4.374
	
	
	
	


A4: Pairwise correlations of predictors and the support for Figure 1
In Appendix A4, I report the pairwise correlations of the predictors included in the main analysis. In addition, I report the results of the bivariate regressions underlying the linear models depicted in Figure 2 in the body of the article.

Table A4.1 Pearson r pairwise correlations of the key predictors for H1–H4
	
	HDI
	KOFGI
	GDP (Log 10)

	KOFGI
	0.88***
	
	

	GDP (Log 10)
	0.59***
	0.55***
	

	Liberal Democracy
	0.57***
	0.69***
	0.35***




Table A4.2 Bivariate regressions underlying Figure 2
	

	
	Share of articles with references to IOs

	
	(1)
	(2)
	(3)
	(4)

	

	HDI
	-0.052*** (0.010)
	
	
	

	KOF GI
	
	-0.001*** (0.0001)
	
	

	GDP (Log 10)
	
	
	-0.007*** (0.002)
	

	Liberal democracy
	
	
	
	-0.022*** (0.005)

	Constant
	0.091*** (0.008)
	0.087*** (0.008)
	0.128*** (0.020)
	0.062*** (0.003)

	

	Observations
	135
	132
	135
	135

	R2
	0.184
	0.172
	0.084
	0.107

	Adjusted R2
	0.177
	0.165
	0.077
	0.100

	

	Note:
	'p<0.1; *p<0.05; **p<0.01; ***p<0.001; robust standard errors in brackets









A5: Robustness tests I: alternative variable specifications
In this Appendix A5, in Table A5.1, I replicate the analyses in Table 1 in the body of the article, replacing HDI with two alternative measures of IOs’ tangible “boots-on-the-ground” work in developing countries and GDP per capita. I present three OLS regression models, and three logistic regression models, as in Table 1, but here each of the pairs of models uses one alternative measure of HDI. Models 1, 2, 4, and 5 use direct measures of important IOs’ operational activity, primarily connected to socio-economic development broadly defined, in line with my theoretical reasoning. In Models 1 and 4, it is the combined allocated budget of UNDP projects in the given country expressed as a share of GDP  (Log 10) (United Nations Development Programme 2022). In Models 2 and 5, I use the total commitment value of World Bank projects in the country expressed as a share of GDP (Log 10) (World Bank 2022). Finally, in Models 3 and 6 I use GDP per capita (Log 10), to replace HDI, as the measure of the economic development level. All the results closely correspond with those reported in Table 1, both for the OLS and the logistic regression specification.



Table A5.1 Replication of Table 1 with alternative measures for H1
	

	
	Share of articles with references to IOs
	Article contains reference to an IO

	
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)

	

	UNDP projects as % of GDP (Log 10)
	0.001*** (0.0003)
	
	
	0.093' (0.047)
	
	

	World Bank project financing as % of GDP (Log 10)
	
	0.003* (0.001)
	
	
	0.139* (0.067)
	

	GDP per capita (Log 10)
	
	
	-0.009*** (0.003)
	
	
	-0.286*** (0.069)

	Foreign news coverage
	0.040* (0.017)
	0.052** (0.019)
	0.042* (0.017)
	2.068*** (0.170)
	2.204*** (0.172)
	2.171*** (0.154)

	English articles
	-0.0003 (0.007)
	-0.0001 (0.006)
	-0.002 (0.006)
	0.138 (0.103)
	0.076 (0.107)
	0.080 (0.103)

	Article Alexa rank
	0.00002 (0.00003)
	0.00001 (0.00003)
	0.00002 (0.00003)
	-0.0005 (0.0003)
	-0.0004 (0.0003)
	-0.0002 (0.0003)

	Length
	0.00000 (0.00000)
	0.00000 (0.00000)
	0.00000 (0.00000)
	0.0002*** (0.00001)
	0.0002*** (0.00002)
	0.0002*** (0.00002)

	Constant
	0.052*** (0.010)
	0.057*** (0.010)
	0.082*** (0.012)
	-3.215*** (0.212)
	-3.244*** (0.124)
	-2.475*** (0.288)

	

	Observations
	135
	134
	135
	6,176,897
	9,334,299
	9,636,882

	R2
	0.217
	0.184
	0.220
	
	
	

	Adjusted R2
	0.186
	0.152
	0.190
	
	
	

	Log Likelihood
	
	
	
	-1,141,632.000
	-1,579,514.000
	-1,607,615.000

	Akaike Inf. Crit.
	
	
	
	2,283,275.000
	3,159,041.000
	3,215,243.000

	

	Note:
	'p<0.1; *p<0.05; **p<0.01; ***p<0.001




In Table A5.2, the focus is shifted from the independent variable reflecting H1 to the other (complementary) hypotheses. Each of the predictors for H2–H4 is replaced with a close alternative. Once again, I show results for both the OLS and the logistic regression analyses. First, in Models 1 and 4, I replace the KOF index as a measure of embeddedness in global economy with country trade exposure, i.e. the volume of trade as a share on country GDP (reflecting H2). Second, in Models 2 and 5, GDP as a measure of power (H3) is replaced with the Composite Index of National Capability, dataset v 5.0 (Singer et al. 1972). Finally, in Models 3 and 6 the V-DEM Liberal democracy score is replaced with the Polity score (Polity IV Project 2018).
The results are closely aligned with those reported in Table 1. Embeddedness in the global economy is negatively associated with IO media visibility, and so is democracy (in all models). For the material power of states, the effect is only statistically significant in the logistic regression setup, not in the aggregate OLS models.

Table A5.2 Alternative measures for hypotheses H2–H4
	

	
	Share of articles with references to IOs (Log10)
	Article contains reference to an IO

	
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)

	

	Trade as share of GDP
	-0.0001*** (0.00002)
	
	
	-0.002*** (0.0005)
	
	

	Material capabilities (CINC 2012)
	
	0.010 (0.029)
	
	
	-2.322* (1.132)
	

	Democracy (Polity IV)
	
	
	-0.001** (0.0003)
	
	
	-0.017** (0.005)

	Foreign news coverage
	0.067*** (0.017)
	0.060*** (0.016)
	0.046** (0.016)
	2.290*** (0.164)
	2.215*** (0.174)
	2.228*** (0.181)

	English articles
	-0.004 (0.006)
	-0.002 (0.007)
	-0.001 (0.006)
	0.057 (0.113)
	0.096 (0.106)
	0.105 (0.108)

	Article Alexa rank
	0.00000 (0.00003)
	0.00001 (0.00003)
	0.00002 (0.00003)
	-0.0003 (0.0003)
	-0.0003 (0.0002)
	-0.0003 (0.0002)

	Length
	-0.00000 (0.00000)
	0.00000 (0.00000)
	0.00000 (0.00000)
	0.0002*** (0.00002)
	0.0002*** (0.00002)
	0.0002*** (0.00002)

	Constant
	0.065*** (0.011)
	0.045*** (0.010)
	0.043*** (0.009)
	-3.376*** (0.113)
	-3.583*** (0.067)
	-3.564*** (0.072)

	

	Observations
	129
	132
	124
	9,183,789
	9,104,698
	8,643,194

	R2
	0.247
	0.120
	0.175
	
	
	

	Adjusted R2
	0.217
	0.085
	0.140
	
	
	

	Log Likelihood
	
	
	
	-1,537,184.000
	-1,515,484.000
	-1,429,071.000

	Akaike Inf. Crit.
	
	
	
	3,074,380.000
	3,030,981.000
	2,858,154.000

	

	Note:
	'p<0.1; *p<0.05; **p<0.01; ***p<0.001; robust standard errors in brackets






In Table A5.3, the OLS models from Table 1 are replicated with the Log 10-transformed dependent variable. The results match very closely those in Table 1.

Table A5.3 Models 1–5 from Table 1 with Log 10 transformed DV
	

	
	Share of articles with references to IOs (Log10)

	
	(1)
	(2)
	(3)
	(4)
	(5)

	

	HDI
	-0.349*** (0.088)
	-0.417*** (0.097)
	-0.294** (0.092)
	
	

	GDP (log 10)
	
	0.033 (0.025)
	
	-0.016 (0.023)
	0.012 (0.023)

	Liberal democracy
	
	
	-0.059 (0.053)
	-0.138** (0.051)
	

	KOF GI
	
	
	
	
	-0.004*** (0.001)

	Foreign news coverage
	0.303' (0.156)
	0.411* (0.183)
	0.285' (0.155)
	0.325' (0.183)
	0.254 (0.181)

	Share of art. in English
	-0.038 (0.062)
	-0.047 (0.064)
	-0.037 (0.062)
	-0.025 (0.063)
	-0.034 (0.062)

	Avg. article Alexa rank
	0.0003 (0.0002)
	0.0002 (0.0002)
	0.0003 (0.0002)
	0.0002 (0.0002)
	0.0003 (0.0002)

	Avg. length
	0.00003 (0.00004)
	0.00001 (0.00004)
	0.00003 (0.00004)
	0.0001 (0.00005)
	0.00002 (0.00004)

	Constant
	-1.154*** (0.098)
	-1.428*** (0.228)
	-1.187*** (0.106)
	-1.229*** (0.224)
	-1.278*** (0.223)

	

	Observations
	135
	135
	135
	135
	132

	R2
	0.201
	0.210
	0.207
	0.163
	0.188

	Adjusted R2
	0.170
	0.173
	0.170
	0.123
	0.149

	

	Note:
	'p<0.1; *p<0.05; **p<0.01; ***p<0.001








In Table A5.4, I replace the OLS models from Table 1 with a Poisson regression with exposure. These models take the count nature of the dependent variable as the starting point, and estimate the effect of the predictors on the count of references to IOs in the set of anaylzed articles in the given country. To account for the differences in the number of articles across states – i.e. the variability in the number of opportunities on which a reference to an IO could have been made, exposure (offset) in the form of the number of articles in the given country is included. Once again, the results match closely those in Table 1.

Table A5.4 Models 1–5 from Table 1 re-estimated with Poisson regression with exposure (offset)
	

	
	Count of articles with a reference to IOs

	
	(1)
	(2)
	(3)
	(4)
	(5)

	

	HDI
	-0.796*** (0.192)
	-0.843*** (0.208)
	-0.759** (0.245)
	
	

	GDP (log 10)
	
	0.025 (0.050)
	
	-0.081' (0.049)
	-0.034 (0.046)

	Liberal democracy
	
	
	-0.039 (0.122)
	-0.196* (0.099)
	

	KOF GI
	
	
	
	
	-0.007*** (0.002)

	Foreign news coverage
	1.114** (0.373)
	1.206** (0.436)
	1.102** (0.375)
	0.987* (0.427)
	0.770' (0.400)

	Share of art. in English
	-0.113 (0.096)
	-0.129 (0.098)
	-0.111 (0.098)
	-0.019 (0.100)
	-0.056 (0.101)

	Avg. length
	0.0001 (0.0001)
	0.0001 (0.0001)
	0.0001 (0.0001)
	0.0001 (0.0001)
	0.0001 (0.0001)

	Avg. article Alexa rank
	0.0004 (0.0005)
	0.0004 (0.0005)
	0.0004 (0.001)
	-0.0001 (0.001)
	0.0005 (0.001)

	Constant
	-2.567*** (0.250)
	-2.788*** (0.444)
	-2.590*** (0.284)
	-2.251*** (0.467)
	-2.416*** (0.455)

	

	Observations
	135
	135
	135
	135
	132

	Log Likelihood
	-22,001.600
	-21,970.400
	-21,976.530
	-23,760.960
	-21,058.750

	Akaike Inf. Crit.
	44,015.200
	43,954.800
	43,967.070
	47,535.930
	42,131.490

	

	Note:
	'p<0.1; *p<0.05; **p<0.01; ***p<0.001






A6: Robustness tests II: languages sampling
In this Appendix A6, in Table A6.1 I replicate the analysis only with data from articles written in the official or otherwise broadly used language of the audience country. Languages selection is based on the GeoNames database (GeoNames 2022). So, for example, a widely read English language source will not be considered in the analysis of a Spanish-speaking country. This cuts the number of country-articles by around 30%, but brings the analysis closer to readership of local (country) news only. Once again, the results are substantially identical to those reported in Table 1.
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Table A6.1 OLS and logistic regression results with locally spoken languages
	

	
	Share of arts. with refs. to IOs
	Article contains ref. to an IO

	
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)
	(7)
	(8)
	(9)
	(10)

	

	HDI
	-0.054*** (0.010)
	-0.056*** (0.011)
	-0.050*** (0.011)
	
	
	-1.296*** (0.283)
	-0.924** (0.302)
	-1.188** (0.376)
	
	

	GDP (Log 10)
	
	0.001 (0.003)
	
	-0.005' (0.003)
	-0.001 (0.003)
	
	-0.153' (0.084)
	
	-0.216** (0.076)
	-0.136* (0.064)

	Liberal democracy
	
	
	-0.004 (0.005)
	-0.016*** (0.004)
	
	
	
	-0.125 (0.220)
	-0.281' (0.157)
	

	KOF GI
	
	
	
	
	-0.001*** (0.0001)
	
	
	
	
	-0.005' (0.003)

	Foreign news coverage
	0.036* (0.017)
	0.041' (0.022)
	0.035* (0.017)
	0.027 (0.023)
	0.017 (0.020)
	1.893*** (0.178)
	1.689*** (0.197)
	1.884*** (0.184)
	1.610*** (0.204)
	1.705*** (0.190)

	English articles
	0.002 (0.005)
	0.002 (0.005)
	0.002 (0.005)
	0.004 (0.005)
	0.002 (0.005)
	-0.083 (0.110)
	-0.022 (0.102)
	-0.075 (0.107)
	0.028 (0.105)
	0.015 (0.106)

	Article Alexa rank
	0.0001** (0.00002)
	0.0001* (0.00002)
	0.0001* (0.00002)
	0.00005* (0.00002)
	0.0001** (0.00002)
	-0.0002 (0.0003)
	-0.0002 (0.0002)
	-0.0001 (0.0003)
	-0.0002 (0.0002)
	-0.0001 (0.0002)

	Length
	-0.00000 (0.00000)
	-0.00001 (0.00000)
	-0.00000 (0.00000)
	-0.00000 (0.00000)
	-0.00000 (0.00000)
	0.0002*** (0.00002)
	0.0002*** (0.00001)
	0.0002*** (0.00002)
	0.0002*** (0.00002)
	0.0002*** (0.00001)

	Constant
	0.088*** (0.010)
	0.077** (0.026)
	0.086*** (0.011)
	0.103*** (0.027)
	0.094*** (0.025)
	-2.580*** (0.244)
	-1.174 (0.897)
	-2.618*** (0.257)
	-1.076 (0.877)
	-1.756** (0.632)

	

	Observations
	129
	129
	129
	129
	126
	6,571,518
	6,571,518
	6,571,518
	6,571,518
	6,378,615

	R2
	0.358
	0.359
	0.360
	0.284
	0.361
	
	
	
	
	

	Adjusted R2
	0.331
	0.327
	0.328
	0.249
	0.329
	
	
	
	
	

	Log Likelihood
	
	
	
	
	
	-1,108,146.000
	-1,107,001.000
	-1,108,026.000
	-1,107,754.000
	-1,054,205.000

	Akaike Inf. Crit.
	
	
	
	
	
	2,216,304.000
	2,214,015.000
	2,216,065.000
	2,215,522.000
	2,108,425.000

	

	Note:
	'p<0.1; *p<0.05; **p<0.01; ***p<0.001





A7: Robustness tests III: Google News as an alternative data source
In Appendix A7, I replace GDELT as the underlying data source for my analysis with a sample of Google News headlines accessed via the Google News RSS feed.  The time range for this dataset is limited to years 2019-2021, because Google News headlines can only be collected in the real time, no archive is available to recreate Google News content ex post. The data collection of samples of data for this task started in February 2019, across all the 82 national-language variants and 69 states (some states have news in more than one language). I only use the content of each Google News main site with the selected headlines. That means, I make use of the decision by Google News editorial processes to highlight specific news as headlines in a specific country as an indicator of audience relevance. Further, because each Google News variant is allocated to a specific country (and language), these is no need to estimate audience from Amazon Alexa Websites data. Beyond that, however, the data generating procedure is exactly analogous to the procedure used for my main source drawing on GDELT. I use a random sample of the headlines thus collected, again translated from 36 languages into English.
The major advantage is that I am able to fully replicate the main analysis with an alternative data source, based on direct (commercially motivated) editorial selection of headlines. This means that the dataset is constructed from articles aimed to maximize relevance and readership, as opposed to the GDELT-based dataset where audience relevance is inferred from external audience geography data. Both strategies are meaningful, and thanks to this additional Google News-based dataset, the analysis can be validated with the use of a very different type of data.
The disadvantage is a smaller geographical coverage, as Google News is only available in 69 states. Especially small and low-income states are not represented in large numbers. Given my focus on low-HDI states IOs’ operational work in them in the theoretical framework, this is an important reason for which reliance on Google News alone would be problematic for my main analysis. However, it is worth noting that the 69 states covered by Google News jointly account for 83% of world population and 93% of world GDP. In the analyses below, three observations are dropped due to a low number of news articles and sources analyzed.
Both Table 1 and Table 2 from the body of the article are replicated below based on the Google News data. Table A7.1 shows results virtually identical to those presented in Table 1. This is remarkable, given that especially the large group of low-income states is missing in this analysis. Table A7.2 explores variation across IOs, analogously to Table 2. The results correspond to those in Table 2. The degree of correspondence of the results across the two radically different data sources serves as a major support for the validity of my results.



	Table A7.1 Replication of Table 1 with data based on a sample of Google News headlines

	
	Share of arts. with refs. to IOs
	Article contains ref. to an IO

	
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)
	(7)
	(8)
	(9)
	(10)

	

	HDI
	-0.099*** (0.015)
	-0.114*** (0.018)
	-0.087*** (0.018)
	
	
	-1.935*** (0.350)
	-1.888*** (0.396)
	-1.556** (0.486)
	
	

	GDP (Log 10)
	
	0.009* (0.004)
	
	-0.001 (0.004)
	0.005 (0.003)
	
	-0.027 (0.066)
	
	-0.096' (0.056)
	-0.057 (0.061)

	Liberal democracy
	
	
	-0.009 (0.008)
	-0.032*** (0.008)
	
	
	
	-0.293 (0.248)
	-0.714*** (0.177)
	

	KOF GI
	
	
	
	
	-0.001*** (0.0002)
	
	
	
	
	-0.020*** (0.004)

	Foreign news coverage
	0.046* (0.019)
	0.081*** (0.023)
	0.043* (0.018)
	0.041 (0.026)
	0.071*** (0.021)
	
	
	
	
	

	English articles
	-0.003 (0.006)
	-0.004 (0.006)
	-0.002 (0.006)
	0.008 (0.007)
	-0.001 (0.006)
	-0.056 (0.107)
	-0.060 (0.105)
	-0.018 (0.107)
	0.118 (0.109)
	-0.052 (0.106)

	Article Alexa rank
	0.00001* (0.00000)
	0.00001 (0.00000)
	0.00001* (0.00000)
	0.00001' (0.00000)
	0.00000 (0.00000)
	0.0003*** (0.00001)
	0.0003*** (0.00001)
	0.0003*** (0.00001)
	0.0003*** (0.00001)
	0.0003*** (0.00001)

	Length
	0.106*** (0.016)
	0.024 (0.028)
	0.100*** (0.016)
	0.055 (0.042)
	0.061' (0.031)
	-2.350*** (0.316)
	-2.072*** (0.625)
	-2.511*** (0.345)
	-2.435*** (0.662)
	-1.773** (0.666)

	

	Observations
	66
	66
	66
	66
	65
	2,822,270
	2,822,270
	2,822,270
	2,822,270
	2,784,644

	R2
	0.528
	0.562
	0.537
	0.375
	0.514
	
	
	
	
	

	Adjusted R2
	0.497
	0.525
	0.499
	0.322
	0.473
	
	
	
	
	

	Log Likelihood
	
	
	
	
	
	-483,935.200
	-483,916.600
	-483,731.600
	-484,820.000
	-480,072.600

	Akaike Inf. Crit.
	
	
	
	
	
	967,878.500
	967,843.200
	967,473.300
	969,650.000
	960,155.300

	

	Note:
	'p<0.1; *p<0.05; **p<0.01; ***p<0.001



Table A7.2 Replication of Table 2 with data based on a sample of Google News headlines

	

	
	
	
	
	
	
	

	
	WHO 18-19
	WHO 20-21
	UN
	WB
	WTO
	IAEA

	
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)

	

	HDI
	-0.404* (0.166)
	-0.005 (0.004)
	-0.661*** (0.192)
	-0.016*** (0.002)
	0.095 (0.319)
	0.995' (0.553)

	Liberal Democracy
	0.159* (0.072)
	-0.001 (0.002)
	-0.142 (0.097)
	0.001 (0.001)
	-0.093 (0.149)
	-0.363 (0.256)

	Foreign news coverage
	0.117 (0.188)
	0.001 (0.004)
	0.644** (0.231)
	0.004* (0.002)
	-0.717' (0.403)
	0.627 (0.613)

	Share of art. in English
	0.008 (0.055)
	0.001 (0.002)
	-0.094 (0.058)
	0.001 (0.0005)
	-0.032 (0.097)
	-0.153 (0.169)

	Avg. length
	0.0001** (0.0001)
	0.00000 (0.00000)
	0.0001* (0.00004)
	0.00000 (0.00000)
	0.0004*** (0.0001)
	0.0001 (0.0001)

	Constant
	-2.557*** (0.185)
	0.018*** (0.004)
	-1.329*** (0.151)
	0.014*** (0.002)
	-4.021*** (0.306)
	-4.185*** (0.441)

	

	Observations
	66
	66
	66
	66
	66
	63

	R2
	0.319
	0.118
	0.441
	0.798
	0.326
	0.121

	Adjusted R2
	0.262
	0.045
	0.394
	0.781
	0.270
	0.044

	

	Note:
	'p<0.1; *p<0.05; **p<0.01; ***p<0.001





A8: Dictionary analysis setup
Table A8.1 contains the full dictionary of the search terms used to detect references to the 40 IOs and IO bodies. Central organs of the UN and the subunits of the World Bank are listed separately, but for the analysis itself they are merged with the central search terms UNO and WOB, respectively. Detected search terms are de-duplicated in situations where a more general search term is itself a substring of another search term (e.g., “united nations” being a part of the string “united nations development programme”). All search is performed on lower cased text. The search was performed using the vaex library in Python (Breddels and Veljanoski 2018). The regex flavour I use corresponds to the vaex library functions.
In constructing the dictionary, an iterative process was adopted, where a more extensive list of search terms wase first proposed for each IO. One source of variety in possible relevant search strings is represented by the different possible spellings of such words as “organization/organisation” and “program/programme”, another by the different possible uses of hyphens or breaks in IOs’ names, and by the use of abbreviations within names (“united nations development programme” and “un development programme”) as well as instead of names. To prevent false positives for IOs’ abbreviations, for each IO I exported a sample of keywords-in-context (kwics) around the IO abbreviations for manual exploration. Only those abbreviations were kept that were not detected to represent with greater than minimal frequency other entities. So, for example, ISA (International Seabed Authority) was found to be a frequently used abbreviations for diverse entities. 
The specific case of the International Criminal Court is particularly challenging in this context, because the abbreviation ICC is frequently used also for the International Cricket Council and for the International Chamber of Commerce. However, the abbreviation ICC is also used in news media for the International Criminal Court. Thus, I developed an iterative procedure, where the abbreviation is included in the search, but at the same time the hits are discarded when any of a set of words related to the other occurrences are detected (such as, sports, cricket, commerce, trade,…). Similarly, the abbreviation UN is sometimes confounded with the first name of North Korean leader Kim Jong Un. Separate procedure was designed where a hit to the ( |\.|:|,|;|\A|\s)un( |\.|:|,|;|\Z|\s) regular expression is discarded when other parts of the North Korean leader’s name is also referred to.
As mentioned in the body of the text, a major problem emerges with the WHO, as in particular in the context of the COVID-19 pandemic the organization was often referred to simply as the WHO, without a mention of its full name and without the definitive article (such as in “WHO report finds…”). The flairNLP named-entity recognition (NER) tagger was used to distinguish the abbreviation from the pronoun (Akbik et al. 2019).  The regular expression ( |\.|:|,|;|\A|\s)who( |\.|:|,|;|\Z|\s) was thus only used to identify kwics that potentially refer to the organization, and these were subsequently NER-tagged. Only those references identified by the tagger as a named entity of type “organization” were retained.

Table A8.1 Dictionary of IOs’ search terms, including regular expressions
	"IGO"
	"IGO name"
	"Dictionary search terms"

	"CHR"
	"United Nations High Commissioner for Human Rights"
	"united nations high commissioner for human rights; ( |\.|:|,|;|\A|\s)ohchr( |\.|:|,|;|\Z|\s); un high commissioner for human rights"

	"CTB"
	"Preparatory Commission for the Comprehensive Nuclear-Test-Ban Treaty Organization"
	"preparatory commission for the comprehensive nuclear(-| )test(-| )ban treaty organi[sz]ation; ctbto preparatory commission; ctbto; comprehensive nuclear(-| )test(-| )ban treaty organi[sz]ation"

	"CTD"
	"United Nations Conference on Trade and Development"
	"united nations conference on trade (and|&) development; ( |\.|:|,|;|\A|\s)unctad( |\.|:|,|;|\Z|\s); un conference on trade (and|&) development"

	"FAO"
	"Food and Agriculture Organization"
	"food (and|&) agriculture organi[zs]ation; ( |\.|:|,|;|\A|\s)fao( |\.|:|,|;|\Z|\s)"

	"HCR"
	"United Nations High Commissioner for Refugees"
	"united nations high commissioner for refugees; ( |\.|:|,|;|\A|\s)unhcr( |\.|:|,|;|\Z|\s); un high commissioner for refugees"

	"IAE"
	"International Atomic Energy Agency"
	"international atomic energy agency; ( |\.|:|,|;|\A|\s)iaea( |\.|:|,|;|\Z|\s)"

	"IBR"
	"International Bank for Reconstruction and Development"
	"international bank for reconstruction (and|&) development; ( |\.|:|,|;|\A|\s)ibrd( |\.|:|,|;|\Z|\s)"

	"ICA"
	"International Civil Aviation Organization"
	"international civil aviation organi[zs]ation; ( |\.|:|,|;|\A|\s)icao( |\.|:|,|;|\Z|\s)"

	"ICC"
	"International Criminal Court"
	"international criminal court; ( |\.|:|,|;|\A|\s)icc( |\.|:|,|;|\Z|\s)"

	"ICJ"
	"International Court of Justice"
	"international court of justice; ( |\.|:|,|;|\A|\s)icj( |\.|:|,|;|\Z|\s); ( |\.|:|,|;|\A|\s)(un|u.n.|united nations) court( |\.|:|,|;|\Z|\s)"

	"IDA"
	"International Development Association"
	"international development association"

	"IFC"
	"International Finance Corporation"
	"international finance corporation"

	"IFD"
	"International Fund for Agricultural Development"
	"international fund for agricultural development; ( |\.|:|,|;|\A|\s)ifad( |\.|:|,|;|\Z|\s)"

	"ILO"
	"International Labour Organization"
	"international lab(ou|o)r organi[zs]ation; ( |\.|:|,|;|\A|\s)ilo( |\.|:|,|;|\Z|\s)"

	"IMF"
	"International Monetary Fund"
	"international monetary fund; ( |\.|:|,|;|\A|\s)imf( |\.|:|,|;|\Z|\s)"

	"IMO"
	"International Maritime Organization"
	"international maritime organi[zs]ation; ( |\.|:|,|;|\A|\s)imo( |\.|:|,|;|\Z|\s)"

	"IOM"
	"International Organization for Migration"
	"international organi[zs]ation for migration; ( |\.|:|,|;|\A|\s)iom( |\.|:|,|;|\Z|\s)"

	"ISA"
	"International Seabed Authority"
	"international seabed authority"

	"ITU"
	"International Telecommunication Union"
	"international telecommunication union; ( |\.|:|,|;|\A|\s)itu( |\.|:|,|;|\Z|\s)"

	"ODC"
	"United Nations Office on Drugs and Crime"
	"united nations office on drugs and crime; ( |\.|:|,|;|\A|\s)unodc( |\.|:|,|;|\Z|\s); un office on drugs and crime"

	"OPS"
	"United Nations Office for Project Services"
	"united nations office for project services; ( |\.|:|,|;|\A|\s)unops( |\.|:|,|;|\Z|\s); un office for project services"

	"PCW"
	"Organization for the Prohibition of Chemical Weapons"
	"organi[zs]ation for the prohibition of chemical weapons; ( |\.|:|,|;|\A|\s)opcw( |\.|:|,|;|\Z|\s)"

	"RWA"
	"United Nations Relief and Works Agency for Palestine Refugees in the Near East"
	"united nations relief and works agency for palestine refugees in the near east; ( |\.|:|,|;|\A|\s)unrwa( |\.|:|,|;|\Z|\s); un relief and works agency for palestine refugees in the near east"

	"TLS"
	"International Tribunal for the Law of the Sea"
	"international tribunal for the law of the sea; ( |\.|:|,|;|\A|\s)itlos( |\.|:|,|;|\Z|\s)"

	"TOU"
	"World Tourism Organization"
	"world tourism organi[zs]ation; ( |\.|:|,|;|\A|\s)unwto( |\.|:|,|;|\Z|\s)"

	"UAI"
	"Joint United Nations Programme on HIV/AIDS"
	"united nations progra(m|me) on (hiv|hiv/aids); ( |\.|:|,|;|\A|\s)unaids( |\.|:|,|;|\Z|\s); un progra(m|me) on (hiv|hiv/aids)"

	"UCF"
	"United Nations Children's Fund"
	"united nations children(’|'|)s fund; ( |\.|:|,|;|\A|\s)unicef( |\.|:|,|;|\Z|\s); un children(’|'|)s fund"

	"UDP"
	"United Nations Development Programme"
	"united nations development progra(mme|m); ( |\.|:|,|;|\A|\s)undp( |\.|:|,|;|\Z|\s); un development progra(mme|m)"

	"UEC"
	"United Nations Economic and Social Council"
	"united nations economic and social council; ( |\.|:|,|;|\A|\s)ecosoc( |\.|:|,|;|\Z|\s); un economic and social council"

	"UEP"
	"United Nations Environment Programme"
	"united nations environment progra(mme|m); ( |\.|:|,|;|\A|\s)unep( |\.|:|,|;|\Z|\s); un environment progra(mme|m)"

	"UES"
	"United Nations Educational, Scientific and Cultural Organization"
	"united nations educational(,|) scientific(,|) (and|&) cultural organi[zs]ation; ( |\.|:|,|;|\A|\s)unesco( |\.|:|,|;|\Z|\s); un educational(,|) scientific(,|) (and|&) cultural organi[zs]ation"

	"UFC"
	"United Nations Framework Convention on Climate Change/UN Climate Change"
	"united nations framework convention on climate change; ( |\.|:|,|;|\A|\s)unfccc( |\.|:|,|;|\Z|\s); un framework convention on climate change"

	"UFP"
	"United Nations Population Fund"
	"united nations population fund; ( |\.|:|,|;|\A|\s)unfpa( |\.|:|,|;|\Z|\s); un population fund"

	"UGA"
	"United Nations General Assembly"
	"united nations general assembly; un general assembly"

	"UHB"
	"United Nations Human Settlements Programme"
	"united nations human settlements progra(mme|m); ( |\.|:|,|;|\A|\s)un-habitat( |\.|:|,|;|\Z|\s); un human settlements progra(mme|m)"

	"UID"
	"United Nations Industrial Development Organization"
	"united nations industrial development organi[zs]ation; ( |\.|:|,|;|\A|\s)unido( |\.|:|,|;|\Z|\s); un industrial development organi[zs]ation"

	"UNO"
	"United Nations"
	"united nations; ( |\.|:|,|;|\A|\s)un( |\.|:|,|;|\Z|\s); ( |\.|:|,|;|\A|\s)u\.n\.( |\.|:|,|;|\Z|\s)"

	"UNU"
	"United Nations University"
	"united nations university; ( |\.|:|,|;|\A|\s)un university( |\.|:|,|;|\Z|\s)"

	"UNW"
	"United Nations Entity for Gender Equality and the Empowerment of Women"
	"united nations entity for gender equality and the empowerment of women; ( |\.|:|,|;|\A|\s)un-women( |\.|:|,|;|\Z|\s); ( |\.|:|,|;|\A|\s)un women( |\.|:|,|;|\Z|\s); un entity for gender equality and the empowerment of women; ( |\.|:|,|;|\A|\s)united nations women( |\.|:|,|;|\Z|\s)"

	"UPU"
	"Universal Postal Union"
	"universal postal union; ( |\.|:|,|;|\A|\s)upu( |\.|:|,|;|\Z|\s)"

	"USC"
	"United Nations Security Council"
	"united nations security council; un security council; (?<!national )security council"

	"UST"
	"United Nations Secretariat"
	"united nations secretariat; un secretariat"

	"WFP"
	"World Food Programme"
	"world food progra(mme|m); ( |\.|:|,|;|\A|\s)wfp( |\.|:|,|;|\Z|\s)"

	"WHO"
	"World Health Organization"
	"world health organi[zs]ation; ( |\.|:|,|;|\A|\s)the who( |\.|:|,|;|\Z|\s); ( |\.|:|,|;|\A|\s)who( |\.|:|,|;|\Z|\s)"

	"WIP"
	"World Intellectual Property Organization"
	"world intellectual property organi[zs]ation; ( |\.|:|,|;|\A|\s)wipo( |\.|:|,|;|\Z|\s)"

	"WMO"
	"World Meteorological Organization"
	"world meteorological organi[zs]ation; ( |\.|:|,|;|\A|\s)wmo( |\.|:|,|;|\Z|\s)"

	"WOB"
	"World Bank"
	"world bank"

	"WTO"
	"World Trade Organization"
	"world trade organi[zs]ation; ( |\.|:|,|;|\A|\s)wto( |\.|:|,|;|\Z|\s)"





A9: Human coding underlying results in Section 5.1
In this Appendix A9, I briefly describe the procedure underlying the human coding data presented in section 5 of the article and in particular in Figure 3. In this coding, a group of research assistants coded a sample of 1192 valid articles, from the main dataset, along a theoretically derived scheme. The scheme is constructed to capture different types and sources of authority of IOs, which are understood as the underlying sources of reasons for which IOs are relevant for media.
The four coded categories, as presented in the body of the article, pertain 1) to central IO politics and processes, 2) to local implementation of IOs’ mandates on the ground, 3) to provision of information and expertise by IOs, and 4) to explicit promotion and defence of norms. For each of these categories, an ordinal scale was offered to the coders, with the options to indicate that the specific dimension (e.g. local IO politics) is “not present”, “somewhat present”, or “strongly present”, in the given reference to an IO in the given article. An additional option of “impossible to judge” was also presented (data thus labelled being discarded in the analysis).
The group of coders consisted of Masters students of International Relations and International Security, two doctoral candidates, and the author of this study, the last three acting as (co-)supervisors of the work.
Each article was coded by two coders independently. Whenever a disagreement larger than one unit on the three-units scale occurred, I employed a decision rule where a third coder, (co-)supervisor of the process, coded the text segment herself or himself, meaning that three codings, instead of two, are available in such cases (Krippendorff 2004, p. 219). The final result is always the average of the two or three coding scores.
In the training process, I faced a difficult dilemma where on the one hand, extensive training is supposed to ensure that the coders share an understanding of what they are coding. For that purpose, I developed a written codebook, held regular sessions, and recorded commonly agreed solutions to repeatedly occurring coding issues. On the other hand, I strictly did not want to develop a microcosmos of understandings of news on IOs, specific to our group. After all, the purpose of coding with more independent coders is to ensure that we obtain a measure of replicability of the results, a degree of confidence in that another competent coder, from outside of the group, would code the references to IOs similarly (Krippendorff 2004, pp. 217–219). In this vein, though I invested serious time in the development of the coding scheme and rules, I intentionally did not strive for the highest possible reliability, did not develop very extensive definitions and highly precise coding instructions. Doing that would most likely come at the expense of validity (Krippendorff 2004, p. 213).
The levels of agreement between coders are relatively low, in spite of the fairly robust training procedures. In other words, human coders tended to disagree strongly on whether or not a reference to an IO corresponded to one or more of the specific coding dimensions (or corresponded strongly, somewhat, or not at all). In Table A9.1, I report the Krippendorf alpha scores for each of the coded categories. They range from 0.4 (central IO politics and norms promotion) to 0.61 (information and expertise provision), using the original ordinal coding scale. This indicates a relatively low degree of agreement among coders on how strongly present a specific dimension is, prior to the decision-procedure involving the third coder. 
In addition, I report a modified version where I allow for a one-level disagreement between the two coders to be still counted as agreement. In other words, in situations where from the two initial coders either one indicates the dimension as absent and the other as only partly present, or one sees it as partly present and the other as fully present, one of the coders’ scores is treated as being equal to the second. Of course, this increases the perceived level of agreement, as reflected also in the higher scores of the alterative Krippendorf alpha reported in Table A9.1. It is not meant to replace the original scores. But in situation in which the original agreement scores are relatively low, I provide this as supplementary information to further explore the (dis)agreement patterns.
To be sure, Krippendorf alpha is a strict metric. Simple degree of agreement among coders is much higher, ranging from 59% to 72%. But the letter measure is generally inappropriate, as it does not discard agreement that can be attributed to pure chance. Further, with rare categories, high scores on simple % agreement are often driven by agreement on the absence of the given feature, rather than meaningful sensitivity of the coding scheme. 
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Table A9.1: Inter-coder reliability
	
	Krippendorf alpha (two initial coders)
	Krippendorf alpha (two initial coders) tolerating one level disagreement
	% agreement between two coders
	% agreement between two coders tolerating one level disagreement

	Central IO politics
	0.4
	0.67
	59%
	88%

	Local IO politics
	0.45
	0.65
	62%
	87%

	Information provision by IOs
	0.61
	0.74
	69%
	89%

	Norms promotion
	0.4
	0.71
	72%
	91%



In Table A9.2, overall frequencies of the codes assigned are presented. Each article can contain a reference to zero, one or up to all four categories, so that the overall % scores add up to more than 100%. As highlighted in the body of the article, these aggregate scores are calculated from individual articles scores calculated as the means of two or three coders’ labels.

Table A9.2: Coding frequencies at the article level
	Coding category
	Share of articles with a coded reference
(2019-2020)
	Share of articles with a coded reference (2019)
	Share of articles with a coded reference  (2020)

	Central IO politics
	31%
	32%
	30%

	Local IO politics
	31%
	42%
	20%

	Information provision
	40%
	32%
	46%

	Norms promotion
	17%
	21%
	13%






A10: Robustness IV: Analysis of differences between IO bodies at the article-country level
In this Appendix A10 the analysis in Table 2 in the body of the article is replicated at the article-country level. While in Table 2 the modelling is based on country-level aggregates, hence on OLS, here I replicate the models at the lowest article-country level, using logistic regression. The dependent variable is, thus, binary, scoring ‘1’ when the article contains a references to the given IO, and ‘0’ otherwise. This allows me to control for relevant article-level characteristics, as in Models 5–10 in Table 1 in the body of the article. Table A10.1 shows that the results from Table 2 are replicated also in this setting. One difference is that in Model 2 the WHO also shows a substantively small yet still statistically significant decline in WHO visibility, across the range of HDI values, in the period 2020-2021. The effect disappears when only 2020 is considered. Yet, even across the 2020-2021 biennium, the effect is substantively small. Moving from the lowest to the highest-HDI states is associated with a decrease in WHO visibility from 1.7% to 1.2%. This 30% decrease is incomparable to the period 2018-2019, where across the same range of HDI scores the predicted visibility of the WHO decreases by 60%, from 0.46 to 0.18%.
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	WHO 18-19
	WHO 20-21
	UN
	WB
	WTO
	IAEA

	
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)

	

	HDI
	-1.726*** (0.310)
	-0.601* (0.266)
	-0.772* (0.335)
	-1.754*** (0.465)
	0.065 (0.355)
	-0.007 (0.600)

	Liberal democracy
	0.438** (0.135)
	-0.103 (0.116)
	-0.426* (0.192)
	-0.577* (0.260)
	0.031 (0.221)
	-1.137** (0.431)

	Foreign news coverage
	1.134*** (0.212)
	1.404*** (0.150)
	2.669*** (0.173)
	0.974** (0.326)
	2.010*** (0.265)
	3.519*** (0.412)

	Share of art. in English
	0.169' (0.103)
	0.145 (0.089)
	0.089 (0.115)
	0.346* (0.136)
	0.261* (0.120)
	-0.103 (0.223)

	Avg. article Alexa rank
	-0.0001 (0.0002)
	-0.0001 (0.0002)
	-0.0003 (0.0003)
	0.00001 (0.0003)
	-0.0004 (0.0002)
	0.0001 (0.0004)

	Avg. length
	0.0003*** (0.00002)
	0.0002*** (0.00002)
	0.0002*** (0.00002)
	0.0003*** (0.00001)
	0.0002*** (0.00001)
	0.0001*** (0.00004)

	Constant
	-5.415*** (0.208)
	-4.155*** (0.181)
	-3.437*** (0.227)
	-5.162*** (0.336)
	-7.328*** (0.222)
	-7.439*** (0.482)

	

	Observations
	5,016,457
	4,601,126
	9,617,583
	9,617,583
	9,617,583
	9,617,583

	Log Likelihood
	-94,259.110
	-344,567.600
	-994,533.400
	-174,225.200
	-98,686.040
	-47,849.390

	Akaike Inf. Crit.
	188,532.200
	689,149.100
	1,989,081.000
	348,464.500
	197,386.100
	95,712.770

	

	Note:
	'p<0.1; *p<0.05; **p<0.01; ***p<0.001







A11: Cross-IO analysis
In this Appendix A11, I report the results of a cross-IO analysis, as discussed in section 5.2 in the body of the article. Each IO and IO body was analyzed separately to detect the presence or absence of empirical support for H1 in its specific case. For that purpose, for each IO the models 1, 2, and 3 from Table 1 in the body of the text are replicated, with the dependent variable defined as the share of news articles, in the given country, that make a reference to that IO. As cautioned in section 5.2, this analysis is heavily impacted by the low numbers of references especially for some of the smaller or lesser-known bodies. Hence, I report the results separately for those bodies with at least 1000 references across all countries in total (Table A11.1), and for the rest (Table A11.2). The results for the latter group are included here for completeness only, because with sometimes low hundreds of references, across 135 states, the estimation of the effects theorized in H1 is inherently highly problematic, if not impossible. 
As discussed in the body of the article, among the more visible IOs, only the ICJ, the WTO, the IAEA, and the UNRWA do not show the effect theorized in H1. For all the other 13 IOs from the list in Table A11.1, the effect is robustly present across all three models. Table A11.2 shows some intuitive results for the applicability of H1 (e.g. the UNFPA) as well as for its non-applicability (UNFCCC, ITU, or WIPO, among others). Several cases do not appear to conform to intuitive expectations (ICAO, for example). However, the inherent instability of these results due to the low numbers of observations renders this type of reasoning for IOs in Table A11.2 redundant. Clearly, more empirical data would be necessary to obtain a more reliable picture of the situation for most IO in the sample individually.

Table A11.1 Cross-IO applicability H1, IOs with more than 1000 references
	IO
	IO refs.
	M1
	Coef. M1
	M2
	Coef. M2
	M3
	Coef. M3

	FAO
	1769
	1
	-0.91532
	1
	-0.93561
	1
	-0.89242

	HCR
	2367
	1
	-0.54267
	1
	-0.72208
	1
	-0.54614

	IAE
	2091
	0
	0.125498
	0
	-0.31103
	0
	0.453952

	ICC
	3011
	1
	-0.65565
	1
	-0.80244
	1
	-0.7979

	ICJ
	1193
	0
	-0.23657
	0
	-0.2845
	0
	-0.10033

	ILO
	1882
	1
	-0.56492
	1
	-0.48648
	1
	-0.59561

	IMF
	14606
	1
	-0.39153
	1
	-0.4556
	1
	-0.29732

	IOM
	1086
	1
	-0.75756
	1
	-0.79401
	1
	-0.87548

	RWA
	2361
	0
	-0.30073
	1
	-0.65496
	0
	-0.05075

	UCF
	3518
	1
	-0.76651
	1
	-0.66549
	1
	-0.87199

	UDP
	1440
	1
	-0.91512
	1
	-0.65347
	1
	-0.7407

	UES
	6453
	1
	-0.45541
	1
	-0.35393
	1
	-0.48509

	UNO
	78952
	1
	-0.34905
	1
	-0.47193
	1
	-0.27568

	WFP
	1444
	1
	-0.56799
	1
	-0.84124
	1
	-0.46538

	WHO
	30336
	1
	-0.17613
	1
	-0.19966
	1
	-0.14997

	WOB
	10129
	1
	-0.88718
	1
	-0.89046
	1
	-0.7754

	WTO
	5202
	0
	-0.04214
	0
	-0.19455
	0
	0.12619




Table A11.2 Cross-IO applicability of H1, IO with less than 1000 references
	IO
	IO refs.
	M1
	Coef. M1
	M2
	Coef. M2
	M3
	Coef. M3

	CHR
	976
	1
	-0.5635
	1
	-0.53148
	1
	-0.61259

	CTB
	28
	1
	-1.10825
	1
	-0.67897
	1
	-1.4873

	CTD
	326
	1
	-0.57672
	1
	-0.74608
	1
	-0.40517

	ICA
	604
	1
	-0.40844
	1
	-0.48238
	0
	-0.24264

	IMO
	262
	0
	0.090687
	0
	0.017963
	0
	0.321978

	ISA
	9
	1
	-0.42997
	0
	-0.36307
	1
	-0.56508

	ITU
	129
	0
	-0.40127
	0
	-0.37097
	0
	-0.29576

	ODC
	253
	1
	-0.53166
	0
	-0.47298
	0
	-0.27002

	OPS
	81
	1
	-1.44694
	0
	-0.54819
	1
	-1.69549

	PCW
	745
	0
	0.344357
	0
	-0.03613
	0
	0.542372

	TLS
	21
	1
	-0.95475
	0
	0.19213
	1
	-2.01508

	TOU
	516
	1
	-0.59457
	1
	-0.55346
	1
	-0.50178

	UAI
	204
	1
	-1.23428
	1
	-0.84683
	1
	-1.55701

	UEP
	430
	1
	-0.41948
	1
	-0.49615
	1
	-0.42008

	UFC
	373
	0
	-0.231
	0
	-0.2103
	0
	-0.16516

	UFP
	637
	1
	-1.25636
	1
	-1.09324
	1
	-1.19845

	UHB
	81
	1
	-1.05432
	0
	-0.53273
	1
	-1.09966

	UID
	186
	1
	-0.83693
	1
	-0.74285
	1
	-0.79231

	UNU
	49
	1
	-1.06668
	1
	-0.76214
	1
	-1.33469

	UNW
	321
	1
	-1.03048
	0
	-0.47232
	1
	-1.37311

	UPU
	27
	1
	-1.24316
	0
	-0.54558
	1
	-1.72047

	WIP
	277
	0
	-0.22201
	0
	-0.2403
	0
	0.128378

	WMO
	399
	1
	-0.40565
	1
	-0.33023
	1
	-0.49582
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30 - 40 000/ day of data


Random sample of 10% of daily GDELT content is attempted, with success rate of approx. 70%


10 - 15 000/ day of data


Purposive sampling using data on audience size and geography from Amazon Alexa Website Services, retaining data from around 3,000 media outlets


9-12 000 / day of data


Additional purposive sampling where only news media sites (manually checked) are retained


2300/ day of data


20% of content is retained for translation


GDELT publishes records on around 400 - 500 000 news articles per day


analysis


analysis conducted on 3.4 million articles for 2018-2021, with around 2 300 articles per day of data


proportion of English (around 20%) and non-English (around 80%) articles is retained


Reduction of content to approx. 30-35%


Further reduction of sources covered by approx. 30%
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