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SUPPLEMENTARY MATERIALS

Materials and Methods

Rationale for choosing the 20 global health actors
1. Hoffman & Cole (2018), Frenk & Moon (2013), and Szlezak et al. (2010) were the
basis for the 20 global health actors in this study.[4, 15, 16]

a. Hoffman & Cole (2018) used the related search function in Google in order
to systematically map global health actors — 20 global health actors were
identified as most important based on their methodology and was
validated by 9 identified global health experts.

b. Frenk & Moon (2013) identifies 9 primary types of actors in global health
with 24 examples in their study on pluralism and other challenges in global
health.

c. Zlezak et al. (2010) describes their 8 identified types of actors in global
health as a partnership in their article that argues for the norms and roles
of each actor in the transition of global health.

2. The identified global health actors across the 3 studies were compared, and the
20 actors that were identified most important by all 3 studies were chosen.

Collection of tweets

1. Twitter is one of the social media platforms where global health actors actively
and consistently share their work, research, and news to the general global
public.

2. Using the Twitter Application Programming Interface (API), tweets from of the 20
global health actors were collected from November 2016 to May 2020 in three
month intervals.

a. All the tweets of each of the 20 global health actors were collected for the
following 15 months:
i. 2016: November
ii. 2017: February, May, August, November
ii. 2018: February, May, August, November
iv. 2019: February, May, August, November
v. 2020: February, May
b. November 2019 is the identified beginning of the COVID-19 outbreak.
c. This scope allows an analysis of tweets of global health actors 3 years
leading up to the COVID-19 outbreak and 6-months into the pandemic.
3. Three month intervals were chosen with the assumption that a variance in the
issues, topics, and themes that global health actors tweet can be seen in three
month intervals while allowing for efficient usage of the request limit from the
Twitter API.

Topic modelling
1. Topic Modeling was conducted to identify the 10 most tweeted global health
issues/topics by each actor in each of the 15 months in the study.
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2. The 10 most tweeted global health issues/topics were used to describe the set of
issues/problems a specific global health actor prioritizes in a given month.
3. Latent Dirichlet Allocation (LDA) was used in topic modeling.
4. Topic modeling answers the questions:
a. “What are the most prioritized issues among the identified global health
actors from 2016 to 20207?”
b. “When did global health actors have pandemic preparedness as a priority
in the three years leading up to the COVID-19 pandemic?”
c. “What are the trends in prioritization of global health issues between and
among different types of global health actors?

FAQs about how LDA was used in this study

o What did the authors do with tweets that mentioned both “breastfeeding” and
“mothers”? Do the authors believe that the revealed priorities of an organization
that references both breastfeeding and mothers are substantively different than
those of an organization that just references breastfeeding, and so on?

o For context, LDA topic modeling is a form of “unsupervised machine
learning” where the data used is “unlabeled.” This means that when we
ran the algorithm, we did not define what statements will be categorized
as “breastfeeding” and what will be categorized as “mothers.” We also did
not define what words would fall under any other topics that were
generated by the model. The only input from us is was how many topics
we want the LDA algorithm to categorize the corpus of text. In our
analysis, we generated 10 topics for each of the 20 actors. The LDA
algorithm generates topics based on a generative probabilistic model that
assumes each topic is a mixture over an underlying set of words, and
each corpus of text is a mixture of sets of topic probabilities. In a nutshell,
the algorithm analyzes all the words in all the tweets of a specific actor. It
then generates probabilities of each unique word appearing with other
words in a certain tweet or sentence. Topics are then generated by the
model based on these sets of probabilities.

e Some topics are quite general (e.g., “Poverty”, “Treatment”’, “News”), while others
are more specific (“Fisheries”, “Hepatitis”, “Veterans”). In cases where one topic
could be subsumed by another (e.g., “Schools” could be subsumed by
“Education”), how did the authors disaggregate these?

o We did not have any input in categorizing any of the topics generated. The
topics generated are based on the words and language used by each
respective actor in their tweets. The algorithm uses the words/language
used by the actor in their tweets to generate topics. We did not make any
other edits to the topics after they were generated.

Code for collecting tweets

# CREDENTIALS
import yaml

config = dict(
search_tweets_api = dict(
account_type = 'premium’,
endpoint = 'https://api.twitter.com/1.1/tweets/search/fullarchive/datacollection.json’,
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consumer_key = "XXXXXXXXXXXXXXXXXXXXXXXXXXXXXX ",
consumer_secret = "XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX "

)

with open('twitter_keys_fullarchive.yaml', 'w') as config_file:
yaml.dump(config, config_file, default_flow_style=False)

# LOAD CREDENTIALS
from searchtweets import load_credentials

premium_search_args = load_credentials("twitter_keys_fullarchive.yaml",
yaml_key="search_tweets_api",
env_overwrite=False)
print(premium_search_args)

# QUERY RULE SET UP
from searchtweets import gen_rule_payload

rule = gen_rule_payload("from:username",
results_per_call=500,
from_date="2020-02-01",
to_date="2020-03-01"
)

# WRITE TO JSONL config_file
import json

with open('tweets_feb_2020.jsonl', 'a', encoding='utf-8') as f:

n=20

for tweet in rs.stream():
n+=1
if n % 10 == o:

print('{e}: {1}'.format(str(n), tweet['created_at']))
json.dump(tweet, f)
f.write('\n")
print('done")

# REPEAT FOR OTHER USERS AND MONTHS

Code for topic modelling

# Importing modules
import pandas as pd

# Read data into tweets_df
tweets_df = pd.read_csv('tweets_nov2016-may2020.csv')

# Print head
tweets.head()

# Remove the columns
tweets_df = tweets_df[["username","user_id","created_at", "tweet"]]

# Print out the first rows of tweets_df
tweets_df.head()

# Create dataframe for each month in analysis

tweets_feb = tweets.loc[tweets.created_at.str.contains("Feb")]
tweets_feb_17 = tweets_feb.loc[tweets_feb.created_at.str.contains("2017")]
tweets_feb_18 = tweets_feb.loc[tweets_feb.created_at.str.contains("2018")]
tweets_feb_19 = tweets_feb.loc[tweets_feb.created_at.str.contains("2019")]
tweets_feb_20 = tweets_feb.loc[tweets_feb.created_at.str.contains("2020")]

tweets_may = tweets.loc[tweets.created_at.str.contains("May")]

tweets_may_17 = tweets_may.loc[tweets_may.created_at.str.contains("2017")]
tweets_may_18 = tweets_may.loc[tweets_may.created_at.str.contains("2018")]
tweets_may_19 = tweets_may.loc[tweets_may.created_at.str.contains("2019")]
tweets_may_20 = tweets_may.loc[tweets_may.created_at.str.contains("2020")]

tweets_aug = tweets.loc[tweets.created_at.str.contains("Aug")]

tweets_aug_17 = tweets_aug.loc[tweets_aug.created_at.str.contains("2017")]
tweets_aug_18 = tweets_aug.loc[tweets_aug.created_at.str.contains("2018")]
tweets_aug_19 = tweets_aug.loc[tweets_aug.created_at.str.contains("2019")]
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tweets_nov = tweets.loc[tweets.created_at.str.contains("Nov")]

tweets_nov_16 = tweets_nov.loc[tweets_nov.created_at.str.contains("2016")]
tweets_nov_17 = tweets_nov.loc[tweets_nov.created_at.str.contains("2017")]
tweets_nov_18 = tweets_nov.loc[tweets_nov.created_at.str.contains("2018")]
tweets_nov_19 = tweets_nov.loc[tweets_nov.created_at.str.contains("2019")]

# Helper function
def plot_10_most_common_words(count_data, count_vectorizer)
import matplotlib.pyplot as plt
words = count_vectorizer.get_feature_names()
total_counts = np.zeros(len(words))
for t in count_data:
total_counts+=t.toarray()[@]

count_dict = (zip(words, total_counts))

count_dict = sorted(count_dict, key=lambda x:x[1], reverse=True)[1:23]
words = [w[@] for w in count_dict]

counts = [w[1] for w in count_dict]

X_pos = np.arange(len(words))

plt.figure(2, figsize=(15, 2))

plt.subplot(title=f'10 Most Common Words')

sns.set_context("notebook", font_scale=1.25, rc={"lines.linewidth": 2.5})
sns.barplot(x_pos, counts, palette='husl')

plt.xticks(x_pos, words, rotation=90)

plt.xlabel('words")

plt.ylabel('counts"')

plt.show()

# Import Libraries
from sklearn.feature_extraction.text import CountVectorizer
import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns

import re
import string

# Identify top 10 keywords, issues, topics of each actor for a given month

tweets = tweets_nov_16[tweets_nov_16["username"] == username]

tweets = tweets_df[tweets_df['username’].isin(username)]

printable = set(string.printable)

tweets[ 'paper_text_processed'] = tweets['tweet'].map(lambda x: re.sub('[,\.!?]', "', X))

tweets[ 'paper_text_processed'] = tweets['tweet'].map(lambda x: x.encode('ascii','ignore'))

exclusionList = ['amp', 'https', 'RT', 'people’, 'know', 'living', 'new','2018"', " 'latest’,'use’', ‘'week',
'ECDC_EU', 'thank"', 'Thank', 'DYK', 'USAID', 'today"', 'world', 'million', 'country’,
‘foreignoffice','UK", 'billgates’, 'melindagates’, '2019', 'des','33", 'DFID',
'000', 'day', 'like', 'year','old', 'live', 'UNITAID', 'PATHtweets', 'PATH', 'para’,
"WorldBank', 'LIVE', 'WHOAFRO', 'WHOWPRO', 'WHOSEARO', 'WHOEMRO', 'GlobalFund', 'WHO_Europe','la’

exclusions = '|'.join(exclusionlList)

tweets[ 'paper_text_processed'] = tweets['tweet'].map(lambda x: re.sub(exclusions, '', X))
tweets[ 'paper_text_processed'] = tweets['paper_text_processed'].map(lambda x: x.lower())
tweets[ 'paper_text_processed'].head()

sns.set_style('whitegrid')

%matplotlib inline

count_vectorizer = CountVectorizer(stop_words='english"')

count_data = count_vectorizer.fit_transform(tweets[ 'paper_text_processed'])

import warnings

warnings.simplefilter("ignore")

plot_10_most_common_words(count_data, count_vectorizer)

# LDA Topic Modeling

import warnings

warnings.simplefilter("ignore", DeprecationWarning)

# Load the LDA model from sk-learn

from sklearn.decomposition import LatentDirichletAllocation as LDA

# Helper function
def print_topics(model, count_vectorizer, n_top_words):
words = count_vectorizer.get_feature_names()
for topic_idx, topic in enumerate(model.components_):
print("\nTopic #%d:" % topic_idx)
print(" ".join([words[i]
for i in topic.argsort()[:-n_top_words - 1:-1]]))

# Tweak the two parameters below
number_topics = 5
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number_words = 10

# Create and fit the LDA model
lda = LDA(n_components=number_topics, n_jobs=-1)

lda.fit(count_data)

# Print the topics found by the LDA model
print("Topics found via LDA:")

print_topics(lda, count_vectorizer, number_words)

How network maps were analyzed

o What is network analysis? Network analysis is an analytic method that has
proved to be useful in understanding relational dynamics across actors in global
and public health. (Lopreite et al. 2021 and Quisell et al. 2018).

¢ Why use network analysis for the study? Network analysis was conducted to
observe the funding relationships between global health actors.

¢ What tool was used? Gephi 0.9.2 was used in constructing and analyzing the
network map.

¢ How was the network map designed?

o The network modelled in the study allows for a graphical visualization of
the flows of global health funding in 2019.

o The network map was designed such that each global health actor is
represented by a node and lines or “edges” indicate a flow of funding in
global health.

o The Fruchterman-Reingold algorithm was used in modelling the network

map.

The algorithm “calculates the optimal layout so that nodes with less
strength and less connections are placed further apart, and those
with more and/or stronger connections are placed closer to each

other.”[18]

The thickness of edges represents the amount of funding
transferred between actors.

The modelled network map can be found and will be discussed in
the findings section.

DAH funding data network analysis summary statistics
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Twitter data network analysis summary statistics
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DAH funding data network analysis statistics report
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Netherlands 1 158 159 142 1380 1522 2 087 093 0.00 0 201
Norway 1 157 158 138 1221 1359 2 08 092 0.00 2 203
New Zealand 1 129 130 118 633 751 2 078 0.86 0.00 3 204
Portugal 1 73 74 57 885 942 3 062 069 0.00 0 205
Sweden 1 155 156 139 1464 1603 2 0.8 092 0.00 0 206
United States 1 165 166 150 1390 1540 2 092 096 0.00 2 207
Bill & Melinda Gates Foundation 1 162 163 146 1280 1426 2 0.8 094 0.00 1 208
Coalition for Epidemic Preparedness Innovations 10 1 11 10 10 20 1 1.00 1.00 0.23 1 163
European Commission 15 148 163 2184 2184 4368 3 083 0.92 53.93 0 178
European Economic Area 3 7 10 17 17 34 1 1.00 1.00 8.85 2 202
Gavi 28 118 146 2024 2024 4048 3 065 081 110.05 1 160
Global Fund 29 155 184 4119 4119 8238 3 091 096 336.01 2 160
Inter-American Development Bank 15 34 49 269 269 538 1 1.00 1.00 49.50 2 119
International NGOs 27 151 178 2323 2323 4646 3 086 094 198.03 2 171
US NGOs 27 158 185 442 442 884 3 090 095 306.65 1 174
Pan American Health Organization 23 44 67 318 318 636 3 041 0.52 28.46 2 162
UNAIDS 30 133 163 612 612 1224 3 073 087 198.05 1 160
UNFPA 30 141 171 1630 1630 3260 3 079 090 226.79 0 160
UNICEF 30 146 176 1913 1913 3826 3 0.8 092 25051 1 160
UNITAID 9 2 11 14 14 28 1 1.00 1.00 0.28 1 187
US Foundations 1 164 165 164 164 328 3 092 096 23.90 1 210
World Bank 21 129 150 1134 1134 2268 3 071 085 32.25 0 176
WB_IBRD 20 153 173 1369 1369 2738 3 084 093 247.82 0 169
WB_IDA 27 117 144 2596 2596 5192 3 064 081 163.51 3 160
WHO 29 154 183 2476 2476 4952 3 090 095 314.53 0 160
Corporate Donations 0 2 2 0 2 2 4 0.48 0.49 0.00 1 211
Debt Repayments 0 2 2 0 173 173 4 047 0.48 0.00 3 212
Non-OECD DAC Countries 0 17 17 0 710 710 2 052 055 0.00 2 213
Other 0 11 11 0 285 285 3 052 053 0.00 2 214
Other OECD DAC Countries 0 8 8 0 220 220 3 051 052 0.00 2 215
Private Other 0 14 14 0 941 941 3 052 054 0.00 1 216
Unallocable 0 4 4 0 4 4 4 046 049 0.00 1 217
Afghanistan 40 0 40 275 0 275 0 0.00 0.00 0.00 0 134
Albania 34 0 34 190 0 190 0 0.00 0.00 0.00 3 122
Algeria 36 0 36 138 0 138 0 0.00 0.00 0.00 2 3
Angola 39 0 39 279 0 279 0 0.00 0.00 0.00 1 21
Anguilla 3 0 3 3 0 3 0 0.00 0.00 0.00 2 170
Antigua and Barbuda 19 0 19 65 0 65 0 0.00 0.00 0.00 2 87
Argentina 34 0 34 118 0 118 0 0.00 0.00 0.00 2 113
Armenia 36 0 36 218 0 218 0 0.00 0.00 0.00 3 75
Azerbaijan 36 0 36 199 0 199 0 0.00 0.00 0.00 3 74
Bahrain 1 0 1 1 0 1 0 0.00 0.00 0.00 0 190
Bangladesh 39 0 39 271 0 271 0 0.00 0.00 0.00 0 135
Barbados 6 0 6 47 0 47 0 0.00 0.00 0.00 2 107
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Suriname 34 0 34 107 0 107 0 0.00 0.00 0.00 2 96
Swaziland 38 0 38 201 0 201 0 0.00 0.00 0.00 0 11
Syria 38 0 38 195 0 195 0 0.00 0.00 0.00 0 67
Tajikistan 37 0 37 248 0 248 0 0.00 0.00 0.00 0 83
Tanzania 39 0 39 285 0 285 0 0.00 0.00 0.00 1 53
Thailand 38 0 38 193 0 193 0 0.00 0.00 0.00 0 85
The Gambia 39 0 39 248 0 248 0 0.00 0.00 0.00 1 28
Timor-Leste 37 0 37 231 0 231 0 0.00 0.00 0.00 0 79
Togo 39 0 39 255 0 255 0 0.00 0.00 0.00 1 9
Tokelau 13 0 13 18 0 18 0 0.00 0.00 0.00 2 148
Tonga 23 0 23 99 0 99 0 0.00 0.00 0.00 3 60
Trinidad and Tobago 11 0 11 52 0 52 0 0.00 0.00 0.00 2 116
Tunisia 37 0 37 172 0 172 0 0.00 0.00 0.00 2 8
Turkey 29 0 29 142 0 142 0 0.00 0.00 0.00 0 141
Turkmenistan 36 0 36 158 0 158 0 0.00 0.00 0.00 3 69
Turks and Caicos Islands 2 0 2 2 0 2 0 0.00 0.00 0.00 2 182
Tuvalu 21 0 21 93 0 93 0 0.00 0.00 0.00 3 61
Uganda 39 0 39 286 0 286 0 0.00 0.00 0.00 1 54
Ukraine 32 0 32 181 0 181 0 0.00 0.00 0.00 0 123
Unallocated/Unspecified 45 0 45 357 0 357 0 0.00 0.00 0.00 1 56
Uruguay 31 0 31 78 0 78 0 0.00 0.00 0.00 2 101
Uzbekistan 35 0 35 253 0 253 0 0.00 0.00 0.00 0 129
Vanuatu 25 0 25 76 0 76 0 0.00 0.00 0.00 2 71
Venezuela 34 0 34 106 0 106 0 0.00 0.00 0.00 2 99
Vietnam 39 0 39 270 0 270 0 0.00 0.00 0.00 0 133
Wallis and Futuna Islands 18 0 18 27 0 27 0 0.00 0.00 0.00 0 150
Yemen 37 0 37 249 0 249 0 0.00 0.00 0.00 3 84
Zambia 39 0 39 283 0 283 0 0.00 0.00 0.00 1 32
Zimbabwe 39 0 39 275 0 275 0 0.00 0.00 0.00 1 23
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United States o 8 8 0 3 30 3 0338 044 000 O 67
United
Kingdom o 8 8 0 29 29 3 038 044 0.0 1 68
BMGF o 8 8 0 35 35 3 038 044 000 O 69
WHO 3 9 12 17 29 4 2 054 058 2350 0 66
World Bank 3 8 11 16 31 47 2 054 058 1965 1 65
UNAIDS 3 9 12 8 18 26 2 054 058 2350 0 64
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