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Pandemic Preparedness in a Changing World

Be prepared

T
he founder of the global Scouting movement, Robert Baden-Powell, 
famously cautioned his young charges to always “be prepared.” While 
excellent advice for those trekking into the wilderness, is it applicable 

in a broader sense to a world filled with complexities and webs of 
interdependency?  I would argue it is, particularly when it comes to protecting 
the health of the global population by being properly prepared for the next 
pandemic.

In September 2021, the White House released a short but important 
document outlining the administration’s goals for future pandemic 
preparedness.1 It will no doubt require iterative revisions in the future to keep 
up with a changing world, but it does provide a good, immediate starting 
point for the United States—and other countries—to ready ourselves for the 
inevitable next virus outbreak.

The key goals of this report are: (1) transform our medical defenses, (2) 
ensure situational awareness, (3) strengthen public health systems, (4) 
build core capabilities, and (5) manage the mission.  It is the second goal 
that I believe provides the opportunity to have the greatest impact and 
immediate benefit for pandemic preparedness. 

This situational awareness goal includes the creation of rapid detection 
systems for identifying viruses with pandemic potential and the real-time 
monitoring of current outbreaks that could transform into pandemics. 
Consider how many lives might have been saved, not to mention unnecessary 
suffering of patients and their families, if an effective, transparent early-
warning system was in place when the SARS-CoV-2 virus began its rampage? 
We have gotten better at real-time monitoring of COVID variants, but there is 
much room for improvement.

To state the obvious, creating, maintaining, and managing such systems 
will not be an easy task. There will need to be increased cooperation between 
all countries, true transparency, and clear accountability. Industry, academia, 
and government agencies will need to build strong ties and greater trust 
than ever before. The financial commitment will be considerable. But 
when compared with the cost to society in terms of lost lives and battered 
economies, it will be a relatively small price to pay.

Now is the time to act, while the impacts of the COVID pandemic are still 
fresh in our minds and the political will is still strong. Let’s follow the lead of 
those young Scouts and commit to earning our “Be Prepared” badge.

Sean Sanders, Ph.D.
Science/AAAS

1https://www.whitehouse.gov/wp-content/uploads/2021/09/American-Pandemic-Preparedness-Transforming-Our-
Capabilities-Final-For-Web.pdf.
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Introductions

Fighting future viruses, together 
Fighting pandemics is a team sport. 

We must have a strong offense in play at all times to anticipate and prepare 
for what’s coming. And we need a fast, effective defense to stop and neutralize 
viruses before they spread uncontrollably.

The world is now living in an era where epidemic and pandemic threats 
have become the new normal. If there is a silver lining in the COVID-19 
pandemic, it’s what it taught us: Global collaboration is the key to stopping 
future pandemics.

At Abbott, we are focused on helping people around the world live their 
healthiest lives, and doing so means preventing another pandemic from ever 
happening again. We are proud of our work in the fight against COVID-19 as 
the leader in testing solutions across lab, point-of-care, and rapid settings. But 
we are still playing defense against COVID-19 as it continues to evolve and as 
new viral threats emerge. 

We have to stay one step ahead, which requires strong collaboration with 
public and private partners everywhere. We have a team of virus hunters with 
decades of experience that works day in and day out looking for new threats.  

Abbott has nearly 30 years of foundational experience hunting and 
fighting viruses, and an even longer history of developing diagnostics tests. 
From inventing the first U.S. Food and Drug Administration–approved HIV 
test in 1985 to establishing our first Global Surveillance Program in 1994, the 
company’s history has led us to this moment, and we are proud to continue 
building on our previous contributions.

Our virus hunters are now part of the Abbott Pandemic Defense Coalition, 
a first-of-its-kind global partnership launched last year with the goal of actively 
working to prevent the next pandemic. Today, coalition partners are on the 
ground in 11 countries across five continents, actively collecting, logging, and 
monitoring diverse pathogens to keep pace with new and changing viruses.

A global pandemic such as COVID-19 is bigger than any of us—it requires 
that we come together as public health experts, governments, and private 
organizations across the world. We need to share information so we can track 
how these threats are spreading and prevent them from becoming pandemics 
in the first place.

Now is the time to unite and act quickly and effectively as a global virus-
fighting team. We know it’s not a matter of if another pandemic will happen, 
but when. 

Together, working side by side, we can be ready.  

John R. Hackett Jr., Ph.D.
Divisional Vice President of Applied Research and Technology
Abbott 
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A year of genomic surveillance reveals how the SARS-CoV-2
pandemic unfolded in Africa
Eduan Wilkinson1,2†, Marta Giovanetti3,4†, Houriiyah Tegally1†, James E. San1†, Richard Lessells1, Diego Cuadros5, Darren P. Martin6,7, David A. Rasmussen8,9,

Abdel-Rahman N. Zekri10, Abdoul K. Sangare11, Abdoul-Salam Ouedraogo12, Abdul K. Sesay13, Abechi Priscilla14, Adedotun-Sulaiman Kemi14, Adewunmi M. Olubusuyi15,

Adeyemi O. O. Oluwapelumi16, Adnène Hammami17, Adrienne A. Amuri18,19, Ahmad Sayed20, Ahmed E. O. Ouma21, Aida Elargoubi22,23, Nnennaya A. Ajayi24,

Ajogbasile F. Victoria14, Akano Kazeem14, Akpede George25, Alexander J. Trotter26, Ali A. Yahaya27, Alpha K. Keita28,29, Amadou Diallo30, Amadou Kone31,

Amal Souissi32, Amel Chtourou17, Ana V. Gutierrez26, Andrew J. Page26, Anika Vinze33, Arash Iranzadeh6,7, Arnold Lambisia34, Arshad Ismail35, Audu Rosemary36,

Augustina Sylverken37, Ayoade Femi14, Azeddine Ibrahimi38, Baba Marycelin39, Bamidele S. Oderinde39, Bankole Bolajoko14, Beatrice Dhaala40, Belinda L. Herring27,

Berthe-Marie Njanpop-Lafourcade27, Bronwyn Kleinhans41, Bronwyn McInnis10, Bryan Tegomoh42, Cara Brook43,44, Catherine B. Pratt45, Cathrine Scheepers35,46,

Chantal G. Akoua-Koffi47, Charles N. Agoti34,48, Christophe Peyrefitte30, Claudia Daubenberger49, Collins M. Morang’a50, D. James Nokes34,51, Daniel G. Amoako35,

Daniel L. Bugembe40, Danny Park33, David Baker26, Deelan Doolabh7, Deogratius Ssemwanga40,52, Derek Tshiabuila1, Diarra Bassirou30, Dominic S. Y. Amuzu50,

Dominique Goedhals53, Donwilliams O. Omuoyo34, Dorcas Maruapula54, Ebenezer Foster-Nyarko26, Eddy K. Lusamaki18,19, Edgar Simulundu55, Edidah M. Ong’era34,

Edith N. Ngabana18,19, Edwin Shumba56, Elmostafa El Fahime57, Emmanuel Lokilo18, Enatha Mukantwari58, Eromon Philomena14, Essia Belarbi59,

Etienne Simon-Loriere60, Etilé A. Anoh47, Fabian Leendertz59, Faida Ajili61, Fakayode O. Enoch62, Fares Wasfi63, Fatma Abdelmoula32,64, Fausta S. Mosha27,

Faustinos T. Takawira65, Fawzi Derrar66, Feriel Bouzid32, Folarin Onikepe14, Fowotade Adeola67, Francisca M. Muyembe18,19, Frank Tanser68,69,70, Fred A. Dratibi27,

Gabriel K. Mbunsu19, Gaetan Thilliez26, Gemma L. Kay26, George Githinji34,71, Gert van Zyl41,72, Gordon A. Awandare50, Grit Schubert59, Gugu P. Maphalala73,

Hafaliana C. Ranaivoson44, Hajar Lemriss74, Happi Anise14, Haruka Abe75, Hela H. Karray17, Hellen Nansumba76, Hesham A. Elgahzaly77, Hlanai Gumbo65,

Ibtihel Smeti32, Ikhlas B. Ayed32, Ikponmwosa Odia25, Ilhem Boutiba Ben Boubaker78,79, Imed Gaaloul22, Inbal Gazy80, Innocent Mudau7, Isaac Ssewanyana76,

Iyaloo Konstantinus81, Jean B. Lekana-Douk82, Jean-Claude C. Makangara18,19, Jean-Jacques M. Tamfum18,19, Jean-Michel Heraud30,44, Jeffrey G. Shaffer83,

Jennifer Giandhari1, Jingjing Li84, Jiro Yasuda75, Joana Q. Mends85, Jocelyn Kiconco52, John M. Morobe34, John O. Gyapong85, Johnson C. Okolie14, John T. Kayiwa40,

Johnathan A. Edwards68,86, Jones Gyamfi85, Jouali Farah87, Joweria Nakaseegu52, Joyce M. Ngoi50, Joyce Namulondo52, Julia C. Andeko82, Julius J. Lutwama40,

Justin O’Grady26, Katherine Siddle33, Kayode T. Adeyemi14, Kefentse A. Tumedi88, Khadija M. Said34, Kim Hae-Young89, Kwabena O. Duedu85, Lahcen Belyamani38,

Lamia Fki-Berrajah17, Lavanya Singh1, Leonardo de O. Martins26, Lynn Tyers7, Magalutcheemee Ramuth91, Maha Mastouri22,23, Mahjoub Aouni22,

Mahmoud el Hefnawi92, Maitshwarelo I. Matsheka88, Malebogo Kebabonye93, Mamadou Diop30, Manel Turki32, Marietou Paye33, Martin M. Nyaga94,

Mathabo Mareka95, Matoke-Muhia Damaris96, Maureen W. Mburu34, Maximillian Mpina49,97,98, Mba Nwando99, Michael Owusu100, Michael R. Wiley45,

Mirabeau T. Youtchou101, Mitoha O. Ayekaba97, Mohamed Abouelhoda102,103, Mohamed G. Seadawy104, Mohamed K. Khalifa20, Mooko Sekhele95, Mouna Ouadghiri38,

Moussa M. Diagne30, Mulenga Mwenda105, Mushal Allam35, My V. T. Phan40, Nabil Abid79,106, Nadia Touil107, Nadine Rujeni108,109, Najla Kharrat32, Nalia Ismael110,

Ndongo Dia30, Nedio Mabunda110, Nei-yuan Hsiao7,111, Nelson B. Silochi97, Ngoy Nsenga27, Nicksy Gumede27, Nicola Mulder112, Nnaemeka Ndodo99,

Norosoa H Razanajatovo44, Nosamiefan Iguosadolo14, Oguzie Judith14, Ojide C. Kingsley113, Okogbenin Sylvanus25, Okokhere Peter25, Oladiji Femi114,

Olawoye Idowu14, Olumade Testimony14, Omoruyi E. Chukwuma67, Onwe E. Ogah115, Chika K. Onwuamah36,138, Oshomah Cyril25, Ousmane Faye30, Oyewale Tomori14,

Pascale Ondoa56, Patrice Combe116, Patrick Semanda76, Paul E. Oluniyi14, Paulo Arnaldo110, Peter K. Quashie50, Philippe Dussart44, Phillip A. Bester53,

Placide K. Mbala18,19, Reuben Ayivor-Djanie85, Richard Njouom117, Richard O. Phillips118, Richmond Gorman118, Robert A. Kingsley26, Rosina A. A. Carr85,

Saâd El Kabbaj119, Saba Gargouri17, Saber Masmoudi32, Safietou Sankhe30, Salako B. Lawal36, Samar Kassim77, Sameh Trabelsi120, Samar Metha33,

Sami Kammoun121, Sanaâ Lemriss122, Sara H. A. Agwa77, Sébastien Calvignac-Spencer59, Stephen F. Schaffner33, Seydou Doumbia31, Sheila M. Mandanda18,19,

Sherihane Aryeetey123, Shymaa S. Ahmed123, Siham Elhamoumi33, Soafy Andriamandimby44, Sobajo Tope14, Sonia Lekana-Douki82, Sophie Prosolek26,

Soumeya Ouangraoua124,125, Steve A. Mundeke18,19, Steven Rudder26, Sumir Panji112, Sureshnee Pillay1, Susan Engelbrecht41,72, Susan Nabadda76, Sylvie Behillil126,

Sylvie L. Budiaki95, Sylvie van der Werf126, Tapfumanei Mashe65, Tarik Aanniz38, Thabo Mohale35, Thanh Le-Viet26, Tobias Schindler49,97, Ugochukwu J. Anyaneji1,

Ugwu Chinedu14, Upasana Ramphal1,69,127, Uwanibe Jessica14, Uwem George14, Vagner Fonseca1,4,128, Vincent Enouf126, Vivianne Gorova129,130, Wael H. Roshdy123,

William K. Ampofo50, Wolfgang Preiser41,72, Wonderful T. Choga54,131, Yaw Bediako50, Yeshnee Naidoo1, Yvan Butera108,132,133, Zaydah R. de Laurent34,

Amadou A. Sall30, Ahmed Rebai32, Anne von Gottberg35,139, Bourema Kouriba12, Carolyn Williamson7,69,111, Daniel J. Bridges105, Ihekweazu Chikwe99,

Jinal N. Bhiman35,139, Madisa Mine134, Matthew Cotten40,135, Sikhulile Moyo54,136, Simani Gaseitsiwe54,136, Ngonda Saasa55, Pardis C. Sabeti33, Pontiano Kaleebu40,

Yenew K. Tebeje21, Sofonias K. Tessema21, Christian Happi14, John Nkengasong21, Tulio de Oliveira1,2,69,137*

The progression of the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) pandemic in Africa has so far been heterogeneous, and the full impact is not

yet well understood. In this study, we describe the genomic epidemiology using a dataset of 8746 genomes from 33 African countries and two overseas territories.

We show that the epidemics in most countries were initiated by importations predominantly from Europe, which diminished after the early introduction of

international travel restrictions. As the pandemic progressed, ongoing transmission in many countries and increasing mobility led to the emergence and spread within

the continent of many variants of concern and interest, such as B.1.351, B.1.525, A.23.1, and C.1.1. Although distorted by low sampling numbers and blind spots,

the findings highlight that Africa must not be left behind in the global pandemic response, otherwise it could become a source for new variants.

S
evere acute respiratory syndrome coro-

navirus 2 (SARS-CoV-2) emerged in late

2019 in Wuhan, China (1, 2). Since then,

the virus has spread to all corners of the

world, causing almost 150 million cases

of COVID-19 and more than 3 million deaths

by the end of April 2021. Throughout the pan-

demic, it has been noted that Africa accounts

for a relatively low proportion of reported cases

and deaths—by the end of April 2021, there had

been ~4.5 million cases and ~120,000 deaths

on the continent, corresponding to less than

4% of the global burden. However, emerging

data from seroprevalence surveys and autopsy

studies in some African countries suggest that

the true number of infections and deaths may

be severalfold higher than reported (3, 4). In

addition, a recent analysis has shown that in

RESEARCH
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many African countries, the secondwave of the

pandemicwasmore severe than the firstwave (5).

The first cases of COVID-19 on the African

continentwere reported inNigeria, Egypt, and

South Africa between mid-February and early

March 2020, and most countries had reported

cases by the end of March 2020 (6–8). These

early cases were concentrated among airline

travelers returning from regions of the world

with high levels of community transmission.

Many African countries introduced early public

health and social measures, including inter-

national travel controls, quarantine for return-

ing travelers, and internal lockdown measures,

to limit the spread of the virus and give health

services time to prepare (5, 9). The initial phase

of the epidemic was then heterogeneous, with

relatively high case numbers reported in North

Africa and southern Africa, and fewer cases

reported in other regions.

From the onset of the pandemic, genomic

surveillance has been at the forefront of the

COVID-19 response in Africa (10). Rapid im-

plementation of SARS-CoV-2 sequencing by

various laboratories in Africa enabled genomic

data to be generated and shared from the early

imported cases. In Nigeria, the first genome

sequence was released just 3 days after the

announcement of the first case (6). Similarly,

in Uganda, a sequencing program was set up

rapidly to facilitate virus tracing, and the col-

lection of samples for sequencing began im-

mediately upon confirmation of the first case

(11). In South Africa, the Network for Genomic

Surveillance in South Africa (NGS-SA) was es-

tablished in March 2020, and within weeks,

genomic analysis was helping to characterize

outbreaks and community transmission (12).

Genomic surveillance has also been criti-

cal formonitoring ongoing SARS-CoV-2 evolu-

tion and detection of new SARS-CoV-2 variants

in Africa. Intensified sampling by NGS-SA in

the Eastern Cape Province of South Africa in

November 2020, in response to a rapid resur-

gence of cases, led to the detection of B.1.351

(501Y.V2) (13). This variant was subsequently

designated a variant of concern (VOC) by the

World Health Organization (WHO), owing to

evidence of increased transmissibility (14) and

resistance to neutralizing antibodies elicited

by natural infection and vaccines (15–17).

In this study, we performed phylogenetic

and phylogeographic analyses of SARS-CoV-2

genomic data from 33 African countries and

two overseas territories to help characterize

the dynamics of the pandemic in Africa. We

show that the early introductions were pre-

dominantly from Europe, but that as the pan-

demic progressed, there was increasing spread

between African countries. We also describe

the emergence and spread of a number of key

SARS-CoV-2 variants in Africa and highlight

how the spread of B.1.351 (501Y.V2) and other

variants contributed to the more severe sec-

ond wave of the pandemic in many countries.

SARS-CoV-2 genomic data

By 5 May 2021, 14,504 SARS-CoV-2 genomes

had been submitted to the GISAID database

(18) from 38 African countries and two over-

seas territories (Mayotte andRéunion) (Fig. 1A).

Overall, this corresponds to approximately

one sequence per ~300 reported cases. Almost

half of the sequences were from South Africa

(n= 5362), consistentwith it being responsible

for almost half of the reported cases in Africa.

Overall, the number of sequences correlates

closely with the number of reported cases per

country (Fig. 1B). The countries and territories

with the highest coverage of sequencing (de-

fined as genomes per reported case) are Kenya

(n = 856, one sequence per ~203 cases), Mayotte

(n = 721, one sequence per ~21 cases), and Ni-

geria (n = 660, one sequence per ~250 cases).

Although genomic surveillance started early

in many countries, few have evidence of con-

sistent sampling across the whole year. Half

of all African genomes were deposited in the

first 10 weeks of 2021, suggesting intensified

surveillance in the second wave after the de-

tection of B.1.351 (501Y.V2) and other var-

iants (Fig. 1, C and D).

Genetic diversity and lineage dynamics

in Africa

Of the 10,326 genomes retrieved from GISAID

by the end ofMarch 2021, 8746 genomes passed

quality control andmet theminimummetadata

requirements. These genomes fromAfrica were

compared in a phylogenetic framework with

11,891 representative genomes from around

the world. Ancestral location state reconstruc-

tion of the dated phylogeny (hereafter referred

to as discrete phylogeographic reconstruction)

allowed us to infer the number of viral imports

and exports between Africa and the rest of the

world, and between individual African coun-

tries. African genomes in this study spanned

the whole global genetic diversity of SARS-

CoV-2, a pattern that largely reflects multiple

introductions over time from the rest of the

world (Fig. 2A).

In total, we detected at least 757 [95% con-

fidence interval (CI): 728 to 786] viral intro-

ductions into African countries between the

start of 2020 and February 2021, more than

half of which occurred before the end of May

2020. Although the early phase of the pan-

demic was dominated by importations from

outside Africa, predominantly from Europe,

there was then a shift in the dynamics, with an

increasing number of importations from other

African countries as the pandemic progressed

(Fig. 2, B and C). A rarefaction analysis in

which we systematically subsampled genomes

shows that vastly more introductions would

have likely been identified with increased sam-

pling in Africa or globally, suggesting that the

introductions we identified are really just the

“ears of the hippo,” or a small part of a larger

problem (fig. S1).

South Africa, Kenya, and Nigeria appear

as major sources of importations into other

African countries (Fig. 2D), although this is

likely to be influenced by these three countries

having the greatest number of deposited se-

quences. Particularly notable is the southern

African region,where SouthAfrica is the source

for a large proportion (~80%) of the impor-

tations to other countries in the region. The

North African region demonstrates a differ-

ent pattern to the rest of the continent, with

more viral introductions from Europe and Asia

(particularly the Middle East) than from other

African countries (fig. S2).

Africa has also contributed to the interna-

tional spread of the virus, with at least 324

(95% CI: 295 to 353) exportation events from

Africa to the rest of the world detected in this

dataset. Consistent with the source of impor-

tations, most exports were to Europe (41%),

Asia (26%), and North America (14%). As with

the number of importations, exports were rela-

tively evenly distributed over the 1-year period

(fig. S3). However, an increase in the number

of exportation events occurred between De-

cember 2020 and March 2021, which coin-

cided with the second wave of infections in

Africa and with some relaxations of travel re-

strictions around the world.

The early phase of the pandemic was char-

acterized by the predominance of lineage B.1.

This was introduced multiple times to African

countries and has been detected in all but one

of the countries included in this analysis. After

its emergence in SouthAfrica, B.1.351 became the

most frequently detected SARS-CoV-2 lineage

found in Africa (n = 1769, ~20%) (Fig. 1C). It

was first sampled on 8 October 2020 in South

Africa (13) and has since spread to 20 other

African countries.

As air travel came to an almost complete halt

in March and April 2020, the number(s) of de-

tectable viral imports into Africa decreased

and the pandemic entered a phase that was

characterized in sub-Saharan Africa by sus-

tained low levels of within-country movements

and occasional international viral movements

between neighboring countries, presumably

via road and rail links between these. Though

some border posts between countries were

closed during the initial lockdownperiod (table

S1), others remained open to allow trade to

continue. Regional trade in southern Africa

was only slightly affected by lockdown restric-

tions and quickly rebounded to prepandemic

levels (fig. S4) after the relaxation of restric-

tions between June 2020 and December 2020.
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Although lineage A viruses were imported

into several African countries, they only ac-

count for 1.3% of genomes sampled in Africa.

Despite lineageAviruses initially causingmany

localized clustered outbreaks, each the result

of independent introductions to several coun-

tries (e.g., Burkina Faso, Côte d’Ivoire, and

Nigeria), they were later largely replaced by

lineage B viruses as the pandemic evolved.

This is possibly due to the increased transmis-

sibility of lineage B viruses by virtue of the

D614G (Asp
614

→Gly) mutation in the spike

protein (19, 20). However, there is evidence of

an increasing prevalence of lineage A viruses in

someAfrican countries (11). In particular, A.23.1

emerged inEast Africa and appears to be rapidly

increasing inprevalence inUganda andRwanda

(11). Furthermore, a highly divergent variant

from lineage Awas recently identified in Angola

from individuals arriving from Tanzania (21).

Emergence and spread of new

SARS-CoV-2 variants

To determine how some of the key SARS-CoV-2

variants are spreading within Africa, we per-

formed phylogeographic analyses on the VOC

B.1.351, the variant of interest (VOI) B.1.525,

and two additional variants that emerged and

that we designated as VOIs for this analysis

(A.23.1 and C.1.1). These African VOCs and VOIs

have multiple mutations on the spike glyco-

protein, and amolecular clock analysis of these

four datasets provided strong evidence that

these four lineages are evolving in a clock-like

manner (Fig. 3, A and B).

B.1.351 was first sampled in South Africa in

October 2020, but phylogeographic analysis

suggests that it emerged earlier, around August

2020. It is defined by 10 mutations in the spike

protein, including K417N (Lys
417
→Asn), E484K

(Glu
484

→Lys), and N501Y (Asn
501
→Tyr) in the

receptor binding domain (Fig. 3B). After its

emergence in the Eastern Cape, it spread ex-

tensively within South Africa (Fig. 4A). By

November 2020, the variant had spread into

neighboring Botswana and Mozambique, and

byDecember 2020, it had reached Zambia and

Mayotte. Within the first 3 months of 2021,
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Fig. 1. SARS-CoV-2 sequences in Africa. (A) Map of

the African continent with the number of SARS-CoV-2

sequences reflected in GISAID as of 5 May 2021.

(B) Regression plot of the number of viral sequences

versus the number of reported COVID-19 cases in

various African countries as of 5 May 2021. Countries

with >500 sequences are labeled. The shaded region

indicates the 95% confidence interval. (C) Progressive

distribution of the top 20 PANGO lineages on the

African continent. (D) Temporal sampling of

SARS-CoV-2 sequences in African countries

(ordered by total number of sequences) through

time, with VOCs of note highlighted and annotated

according to their PANGO lineage assignment.
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further exports fromSouthAfrica intoBotswana,

Zimbabwe,Mozambique, andZambia occurred.

By March 2021, B.1.351 had become the dom-

inant lineage within most southern African

countries as well as the overseas territories of

Mayotte and Réunion (fig. S5). Our phylogeo-

graphic reconstruction also demonstrates

movement of B.1.351 into East and Central

Africa directly from southern Africa. Our dis-

crete phylogeographic analysis of a wider sam-

ple of B.1.351 isolates demonstrates the spread

of the lineage into West Africa. This patient

from West Africa had a known travel history

to Europe, so it is possible that the patient ac-

quired the infection while in Europe or in tran-

sit and not from other African sources (fig. S6).

B.1.525 is a VOI defined by six substitu-

tions in the spike protein [Q52R (Gln
52
→Arg),

A67V (Ala
67
→Val), E484K, D614G, Q677H

(Gln
677
→His), and F888L (Phe

888
→Leu)] and

two deletions in the N-terminal domain [HV69-

70D (deletion of His and Val at positions 69

and 70) and Y144D (deletion of Tyr at posi-

tion 144)]. This was first sampled in the

United Kingdom in mid-December 2020, but

our phylogeographic reconstruction suggests

that the variant originated in Nigeria in

November 2020 [95% highest posterior den-

sity (HPD) 2020-11-01 to 2020-12-03] (Fig. 4B).

Since then, it has spread throughout much of

Nigeria and neighboring Ghana. Given sparse

sampling from other neighboring countries

withinWest andCentral Africa (Fig. 1, A andC),

the extent of the spread of this VOI in the re-

gion is not clear. Beyond Africa, this VOI has

spread to Europe and the United States (fig. S6).

We designatedA.23.1 andC.1.1 as VOIs for the

purposes of this analysis because they present

good examples of the continued evolution of

the virus within Africa (11, 13). Lineage A.23,

characterized by three spike mutations [F157L

(Phe
157
→Leu), V367F (Val

367
→Phe), and Q613H

(Gln
613
→His)], was first detected in a Ugandan

prison in Amuru in July 2020 (95% HPD: 2020-

07-15 to 2020-08-02). From there, the lineage

was transmitted to Kitgum prison, possibly

facilitated by the transfer of prisoners. Sub-

sequently, the A.23 lineage spilled into the
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Fig. 2. Phylogenetic reconstruction of the SARS-CoV-2 pandemic on the con-

tinent of Africa. (A) Time-resolved maximum likelihood tree containing 8746 high-

quality African SARS-CoV-2 near-full-genome sequences analyzed against a

backdrop of global reference sequences. VOIs and VOCs are highlighted on the

phylogeny. (B) Sources of viral introductions into African countries characterized as

external introductions from the rest of the world versus internal introductions from

other African countries. (C) Total external viral introductions over time into Africa.

(D) The number of viral imports and exports into and out of various African

countries depicted as internal (between African countries, in pink) or external

(between African and non-African countries, in blue and gray).
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general population and spread to Kampala,

adding other spike mutations [R102I (Arg
102
→-

Ile), L141F (Leu
141
→Phe), E484K, and P681R

(Pro
681

→Arg)] along with additionalmutations

in nsp3, nsp6, ORF8, and ORF9, prompting a

new lineage classification, A.23.1 (Fig. 3, A and

B). Since the emergence of A.23.1 in September

2020 (95% HPD: 2020-09-02 to 2020-09-28), it

has spread regionally into neighboring Rwanda

and Kenya and has now also reached South

Africa and Botswana in the south and Ghana in

the west (Fig. 4C). However, our phylogeo-

graphic reconstruction of A.23.1 suggests that

the introduction into Ghanamay have occurred

via Europe (fig. S6), whereas the introductions
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Fig. 3. Genetic profile of VOCs and VOIs under investigation. (A) Root-to-tip regression plots for four lineages of interest. C.1 and A.23 show continued

evolution into VOIs C.1.1 and A.23.1, respectively. r, coefficient of correlation; r2, coefficient of determination. (B) Genome maps of four VOCs and VOIs, where the spike
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into southern Africa likely occurred directly

from East Africa. This is consistent with epide-

miological data suggesting that the case detected

in South Africa was a contact of an individual

who had recently traveled to Kenya.

Lineage C.1 emerged in SouthAfrica inMarch

2020 (95% HPD: 2020-03-13 to 2020-04-17)

during a cluster outbreak before the first

wave of the epidemic (13). C.1.1 is defined by

the spikemutations S477N (Ser
477
→Asn), A688S

(Ala
688

→Ser), and M1237I (Met
1237

→Ile) and

also contains the Q52R and A67V mutations

similar to B.1.525 (Fig. 3B). A continuous trait

phylogeographic reconstruction of the move-

ment dynamics of these lineages suggests that

C.1 emerged in the city of Johannesburg and

spreadwithin SouthAfrica during the first wave

(Fig. 4D). Independent exports of C.1 from

South Africa led to regional spread to Zambia

(June to July 2020) and Mozambique (July to

August 2020), and the evolution to C.1.1 seems

to have occurred in Mozambique around mid-

September 2020 (95% HPD: 2020-09-07 to

2020-10-05). An in-depth analysis of SARS-

CoV-2 genotypes fromMozambique suggests

that the C.1.1 lineagewas themost prevalent in

the country until the introduction of B.1.351,

whichhas dominated the epidemic since (fig. S5).

The VOC B.1.1.7, which was first sampled in

Kent, England, in September 2020 (22), has

also increased in prevalence in several African

countries (fig. S5). To date, this VOC has been

detected in 11 African countries, as well as the

Indian Ocean islands of Mauritius and Mayotte

(fig. S7). The time-resolved phylogeny suggests

that this lineage was introduced into Africa on

at least 16 occasions between November 2020

and February 2021, with evidence of local trans-

mission in Nigeria and Ghana.

Conclusions

Our phylogeographic reconstruction of past

viral dissemination patterns suggests a strong

epidemiological linkage between Europe and

Africa, with 64% of detectable viral imports into

Africa originating in Europe and 41% of detect-

able viral exports from Africa landing in Europe

(Fig. 1C). This phylogeographic analysis also
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suggests a changing pattern of viral diffusion

into and within Africa over the course of 2020.

In almost all instances, the earliest introduc-

tions of SARS-CoV-2 into individual African

countries were from countries outside Africa.

High rates of COVID-19 testing and con-

sistent genomic surveillance in the south of

the continent have led to the early identifi-

cation of VOCs such as B.1.351 and VOIs such

as C.1.1 (13). Since the discovery of these south-

ern African variants, several other SARS-CoV-2

VOIs have emerged in different parts of the

world, including elsewhere on the African

continent, such as B.1.525 in West Africa and

A.23.1 in East Africa. There is strong evidence

that both of these VOIs are rising in frequency

in the regions where they have been detected,

which suggests that they may possess higher

fitness than other variants in these regions.

Although more-focused research on the bio-

logical properties of these VOIs is needed to

confirm whether they should be considered

VOCs, it would be prudent to assume the worst

and focus on limiting their spread. It will be

important to investigate how these different

variants compete against one another if they

occupy the same region.

Our focused phylogenetic analysis of the

B.1.351 lineage revealed that in the finalmonths

of 2020, this variant spread from South Africa

into neighboring countries, reaching as far

north as the Democratic Republic of the Congo

(DRC) by February 2021. This spread may have

been facilitated through rail and road net-

works that formmajor transport arteries link-

ing South Africa’s ocean ports to commercial

and industrial centres in Botswana, Zimbabwe,

Zambia, and the southern parts of the DRC. The

rapid, apparently unimpeded spread of B.1.351

into these countries suggests that current land-

border controls that are intended to curb the

international spread of the virus are ineffec-

tive. Perhaps targeted testing of cross-border

travelers, genotyping of positive cases, and the

focused tracking of frequent cross-border trav-

elers, such as long distance truckers, would more

effectively contain the spread of future VOCs

and VOIs that emerge within this region.

The dominance of VOIs and VOCs in Africa

has important implications for vaccine roll-

outs on the continent. For one, slow rollout of

vaccines in most African countries creates an

environment in which the virus can replicate

and evolve: This will almost certainly produce

additional VOCs, any of which could derail

the global fight against COVID-19. Conversely,

with the already widespread presence of known

variants, difficult decisions about balancing

reduced efficacy and availability of vaccines

have to be made. This also highlights how

crucial it is that trials are done. From a public

health perspective, genomic surveillance is only

one item in the toolkit of pandemic prepared-

ness. It is important that such work is closely

followed by genotype-to-phenotype research to

determine the actual relevance of continued

evolution of SARS-CoV-2 and other emerging

pathogens.

The rollout of vaccines across Africa has

been painfully slow (figs. S8 and S9). There

have, however, been notable successes that

suggest that the situation is not hopeless. The

small island nation of the Seychelles had vac-

cinated 70% of its population by May 2021.

Morocco has kept pace withmany developed

nations and, by mid-March, had vaccinated

~16% of its population. Rwanda, one of Africa’s

most resource-constrained countries, had, within

3 weeks of obtaining its first vaccine doses in

early March, managed to provide first doses to

~2.5% of its population. For all other African

countries, at the time ofwriting, vaccine coverage

(first dose) was <1.0% of the general population.

The effectiveness of molecular surveillance

as a tool for monitoring pandemics is largely

dependent on continuous and consistent sam-

pling through time, rapid virus genome se-

quencing, and rapid reporting. When this is

achieved, molecular surveillance can ensure

the early detection of changing pandemic char-

acteristics. Further, when such changes are dis-

covered, molecular surveillance data can also

guide public health responses. In this regard,

themolecular surveillance data that are being

gathered by most African countries are less

useful than they could be. For example, the

time lag betweenwhen virus samples are taken

and when sequences for these samples are

deposited in sequence repositories is so great

in some cases that the primary utility of ge-

nomic surveillance data is lost (fig. S10). This

lag is driven by several factors, depending on

the laboratory or country in question: (i) lack

of reagents owing to disruptions in global sup-

ply chains, (ii) lack of equipment and infrastruc-

ture within the originating country, (iii) scarcity

of technical skills in laboratory methods or bio-

informatic support, and (iv) hesitancy by some

health officials to release data. More-recent

sampling and prompt reporting is crucial to

reveal the genetic characteristics of currently

circulating viruses in these countries.

The patchiness of African genomic surveil-

lance data is therefore the main weakness of

our study. However, there is evidence that the

situation is improving, with ~50% of African

SARS-CoV-2 genome sequences having been

submitted to the GISAID database within the

first 10 weeks of 2021. Although the precise

factors underlying this surge in sequencing

efforts are unclear, an important driver is al-

most certainly increased global interest in

genomic surveillance after the discovery of

multiple VOCs and VOIs since December 2020.

We cannot reject that the observed increase

in exports from Africa may be due to inten-

sified sequencing activity after the detection

of variants around the world. It is important

to note here that phylogeographic reconstruc-

tion of viral spread is highly dependent on

sampling where there is the caveat that the

exact routes of viral movements between coun-

tries cannot be inferred if there is no sam-

pling in connecting countries. Furthermore,

our efforts to reconstruct the movement dy-

namics of SARS-CoV-2 across the continent are

almost certainly biased by uneven sampling

between different African countries. It is not

a coincidence that we identified South Africa,

Kenya, and Nigeria, which have sampled and

sequenced the most SARS-CoV-2 genomes,

as major sources of viral transmissions between

sub-Saharan African countries. However, these

countries also had the highest number of infec-

tions, which may decrease the sampling biases

(Fig. 1A).

The reliability of genomic surveillance as a

tool to prevent the emergence and spread of

dangerous variants is dependent on the in-

tensity with which it is embraced by national

public health programs. As with most other

parts of the world, the success of genomic sur-

veillance in Africa requires that more samples

are tested for COVID-19, higher proportions of

positive samples are sequenced within days

of sampling, and persistent analyses of these

sequences are performed for concerning sig-

nals such as (i) the presence of novel nonsynon-

ymous mutations at genomic sites associated

with pathogenicity and immunogenicity, (ii)

evidence of positive selection at codon sites

where nonsynonymous mutations are observed,

and (iii) evidence of lineage expansions. Des-

pite limited sampling, Africa has identified

many of the VOCs and VOIs that are being

transmitted across the world. Detailed char-

acterization of the variants and their impact

on vaccine-induced immunity is of extreme

importance. If the pandemic is not controlled

in Africa, we may see the production of vaccine

escape variants that may profoundly affect

the population in Africa and across the world.
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BY JON COHEN

A
s monkeypox stokes here-we-go-again 
fears in a pandemic-weary world, some 
researchers in Africa are having their 
own sense of déjà vu. Another neglected 
tropical disease of the poor gets atten-
tion only after it starts to infect people 

in wealthy countries. “It’s as if your neighbor’s 
house is burning and you just close your window 
and say it’s fine,” says Yap Boum, an epidemiol-
ogist in Cameroon who works with both the 
health ministry and Doctors Without Borders.

Now, the fire is spreading. The global outbreak 
of monkeypox, which causes smallpoxlike skin 
lesions but is not usually fatal, surfaced on 7 May 
in the United Kingdom. More than 700 suspected 
and confirmed cases had been reported as of 31 
May, from every continent other than Antarcti-
ca. It is the largest ever outbreak outside of Africa 
and is concentrated among men who have sex 
with men, a phenomenon never seen before. Pub-
lic health officials and scientists are scrambling to 
understand how the virus spreads and how to 
stop it—and they are paying new attention to Af-
rica’s long experience with the disease.

“We are interdependent,” Boum notes. “What 
is happening in Africa will definitely impact 
what is happening in the West and vice versa.”

Monkeypox is endemic in 10 countries in 
West and Central Africa, with dozens of cases 
this year in Cameroon, Nigeria, and the Central 
African Republic (CAR). The Democratic Re-
public of the Congo (DRC) has by far the high-
est burden, with 1284 cases in 2022 alone. Those 

numbers are almost certainly underestimates. 
In the DRC, infections most often happen in re-
mote rural areas; in the CAR, armed conflict in 
several regions has limited surveillance.

The virus got its name after it was first iden-
tified in a colony of Asian monkeys in a Co-
penhagen, Denmark, laboratory in 1958, but it 
has only been isolated from a wild monkey—in 
Africa—once. It appears to be more common 
in squirrel, rat, and shrew species, occasionally 
spilling over into the human population, where 
it spreads mainly through close contact, but not 
through breathing. Isolating infected people 
typically helps outbreaks end quickly.

Cases have steadily increased in sub-Saharan 
Africa over the past 3 decades, driven largely by 
a medical triumph. The vaccine against small-
pox, a far deadlier and more transmissible virus, 
also protects against monkeypox, but the world 
stopped using it in the 1970s, shortly before 
smallpox was declared eradicated. As a result, 
“There’s a huge, huge number of people who are 
now susceptible to monkeypox,” says Placide 
Mbala, a virologist who heads the genomics lab 
at the National Institute of Biomedical Research 
(INRB) in Kinshasa, DRC.

Mbala says demographic shifts have fueled 
the rise as well. “People are more and more mov-
ing to the forest to find food and to build hous-
es, and this increases the contact between the 
wildlife and the population,” he says. Studies in 
the CAR showed cases spike after villagers move 
into the forest during the rainy season to collect 
caterpillars that are sold for food. “When they 

stay in the bush they get in contact easily with 
the animal reservoir,” says virologist Emmanuel 
Nakouné, scientific director at the Pasteur Insti-
tute of Bangui, which in 2018 launched a pro-
gram named Afripox with French investigators 
to better understand and fight monkeypox.

Outbreaks outside Africa, including the cur-
rent one, have all involved the West African 
strain, which kills about 1% of those it infects. 
The Congo Basin strain, found in the DRC and 
the CAR, is 10 times more lethal, yet despite the 
relatively high disease burden in the DRC, it has 
never left Africa. But it has never caused a seri-
ous outbreak in a Congolese city either, which 
underscores the isolation of the areas where it is 
endemic. “It’s kind of a self-quarantine,” Mbala 
says. “Those people don’t move from DRC to 
other countries.”

Just where the current outbreak started, and 
how long ago, is unclear. “It’s a little bit like we’ve 
tuned into a new TV series and we don’t know 
which episode we’ve landed on,” says Anne Ri-
moin, an epidemiologist at the University of 
California, Los Angeles, who has worked on 
monkeypox in the DRC for 20 years. The first 
patient with an identified case traveled from Ni-
geria to the United Kingdom on 4 May, but does 
not appear to have infected anyone else. Two pa-
tients diagnosed later, one in the United States 
and the other in the United Arab Emirates, had 
recently traveled to Africa as well, and perhaps 
imported the virus separately. But none of the 
other cases identified in recent weeks has links 
to infected travelers or animals from endemic 

Monkeypox is a new global threat. African scientists  
know what the world is up against
Cases in West and Central Africa have been on the rise for decades
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countries. Instead, many early cases were linked 
to transmission at gay festivals and saunas in 
Spain, Belgium, and Canada.

Some suspect the virus may have been im-
ported from Nigeria, Africa’s most populous 
country, which has good infrastructure connect-
ing rural areas to large cities and two airports 
that are among the busiest in Africa. But this is 
“highly speculative,” stresses Christian Happi, 
who runs Nigeria’s African Centre of Excellence 
for Genomics of Infectious Diseases. Happi urg-

es people in other countries “not to point fin-
gers,” but to collaborate.

Epidemiologist Ifedayo Adetifa, head of the 
Nigeria Centre for Disease Control, says the 
country receives undue attention because it does 
more surveillance than its neighbors and shares 
what it finds. “There’s too much emphasis for 
whatever reasons in Western capitals and news 
media about trying to hold somebody responsi-
ble for a particular outbreak,” he says. “We don’t 
think those narratives are helpful.” Adetifa says 

that although Nigeria has recently seen “an up-
tick in cases,” he is confident it’s not missing a 
large number of them. “We are literally rattling 
the bushes to see what comes out.”

African countries’ ability to deal with mon-
keypox was improving even before the current 
outbreak. The DRC has stepped up its surveil-
lance across the vast country, which is key to 
isolating infected people and tracking the virus’ 
moves. INRB and a lab in Goma can now diag-
nose samples using the polymerase chain reac-
tion assay, and researchers ultimately hope to 
develop rapid tests for use in clinics nationwide. 
INRB and labs in Nigeria can also sequence the 
full genome of the virus, and Nigeria plans to 
make public genomes of several recent monkey-
pox isolates, Adetifa says. Those and other se-
quences from Africa could help researchers pin-
point the source of the international outbreak by 
building viral family trees.

For now, Africa lacks medicines to prevent 
and treat monkeypox. In the United Kingdom 
and the United States, high-risk contacts of cases 
are being offered a vaccine produced by Bavari-
an Nordic that was approved for monkeypox by 
the U.S. Food and Drug Administration in 2019, 
but it’s not available anywhere in Africa. The 
U.S. Centers for Disease Control and Prevention 
and collaborators in the DRC are testing the vac-
cine in health care workers; the 2019 approval 
was based on animal studies.

In the CAR, 14 people with monkeypox have 
received an experimental drug, tecovirimat, as 
part of a trial launched by the University of Ox-
ford in July 2021. “We’ve had very good results,” 
says Nakouné, who says he expects the data to be 
published within the next few weeks. The drug’s 
manufacturer, SIGA, has pledged to provide up 
to 500 treatment courses to the country.

Although the international outbreak has—
again—highlighted global health inequities, it 
has also brought much-needed attention to the 
smoldering disease in Africa. “It’s been really 
hard to get the resources to do the kind of back-
ground work that really needs to be done and 
that isn’t hair-on-fire, in the context of an emer-
gency,” Rimoin says. “We cannot keep hitting the 
snooze button. Now, the stakes are really high.”

Nigeria
46 cases, 0 deaths

Cameroon
24 cases, 9 deaths

Republic of Congo
2 cases, 0 deaths

Democratic Republic
of the Congo
1284 cases, 58 deaths

Central African Republic
8 cases, 2 deaths

Africa

Countries endemic for monkeypox Countries with monkeypox cases or deaths reported in 2022

Spilling over
The monkeypox virus infects squirrel, rat, and shrew species in at least 10 countries in West and 
Central Africa and occasionally jumps into the human population. So far this year, five countries 
have reported human cases.
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By Justin M. Maeda and John N. Nkengasong

T
he COVID-19 pandemic has been 
puzzling to many public health experts 
because Africa has reported far few-
er cases and deaths from COVID-19 
than predicted. As of 22 November 
2020, the continent of Africa, compris-

ing 1.3 billion people, had recorded 2,070,953 
cases of COVID-19 and 49,728 deaths (1), 
representing ~3.6% of total global cases (2, 3). 
Because of the continent’s overstrained and 
weak health systems, inadequate financing of 
health care, paucity in human resources, and 
challenges posed by existing endemic dis-
eases—including HIV, tuberculosis, and ma-
laria—earlier predictions suggested that up 
to 70 million Africans may be infected with 
severe acute respiratory syndrome coronavi-
rus-2 (SARS-CoV-2) by June, with more than 
3 million deaths (4). On page 79 of this issue, 
Uyoga et al. (5) report a serosurvey study 
(measuring the occurrence of SARS-CoV-2 
antibodies) of blood donors in Kenya that 
suggested that the incidence of SARS-CoV-2 
infection is much higher than expected from 
case numbers.

Using blood donor samples as a proxy, 
Uyoga et al. estimated that SARS-CoV-2 in-
fections occurred in 5.5% of the population 
in Kisumu, 7.3% in Nairobi, and 8.0% in 
Mombasa, with an overall average of 4.3%. 
This translates to ~2.2 million total possible 
infections compared with the reported 77,585 
infections in the country as of 23 November 
2020 (1, 3). Similarly, in October 2020, Mo-
zambique reported less than 3000 confirmed 
cases of COVID-19; however, serosurveys 
found that 5% of households in the city of 
Nampula and 2.5% of households in the city 
of Pemba had been exposed to the virus (6). 
This suggests that there may be more infec-
tions than recorded.

There are several factors that may influence 
the trajectory of the COVID-19 pandemic in 
Africa. These include limited testing (which 
limits detection and isolation, and thus public 
health measures), a much younger population 
(and thus fewer severe cases and deaths), cli-
matic differences (which could affect trans-

mission), preexisting immunity, genetic fac-
tors, early implementation of public health 
measures, and timely leadership. Two key as-
pects that may contribute to our understand-
ing of the pandemic puzzle in Africa include 
scaling up of testing and use of serosurveys. 

One way to unravel the puzzle of SARS-
CoV-2 spread is to understand how testing 
and reporting of cases has occurred. On 14 
February 2020, the first cases of COVID-19 
were reported in Africa, and by 17 April 2020, 
the continent had conducted an estimated 
330,419 SARS-CoV-2 tests; that is 0.03% of 
the entire continent’s population. In an ef-
fort to scale up testing, the Africa Centres 
for Disease Control and Prevention (Africa 
CDC) launched the Partnership to Accelerate 
COVID-19 Testing (PACT) in April 2020. Be-
cause of the PACT initiative, testing was scaled 
up rapidly from ~600,000 per month in April 
to ~3.5 million per month in November 2020, 
an increase of ~5.5-fold (7), with 39 of 55 
(71%) countries reporting more than 10 tests 
conducted for every case identified, as recom-
mended by the World Health Organization 
(WHO) (8). Testing capacity has varied over 
time, with positivity rate fluctuating between 
5 and 15% regardless of the increased testing 
boost brought by the introduction of PACT. 

Therefore, it is clear that testing has been 
challenging (9, 10), which limits our under-

standing of the full extent of the spread of 
SARS-CoV-2 infection in Africa. As such, se-
rosurveys are critical because they can provide 
data on SARS-CoV-2 infection trends, effects 
of interventions, demographic characteriza-
tion, and vaccine effects. Such surveys can 
also inform on planning for vaccine deploy-
ment by providing data to guide prioritization 
between different populations. They can also 
aid understanding of the drivers of infection 
through linking current or previous infection 
with epidemiological and demographic data. 
Currently, the continent is facing a challeng-
ing phase of the pandemic with an observed 
second wave of cases (see the figure). More 
people need to be tested in different localities, 
including repeated testing over time, so that 
the patterns and risk factors of viral spread 
can be understood. 

Several serosurveys have been conducted 
in Africa. The studies differ in methodolog-
ical approach used: simple random sampling, 
use of existing sentinel sites, and targeted 
population (specific subnational unit, preg-
nant women, blood donors, and people living 
with HIV). The types of laboratory tests used 
(rapid tests and enzyme-linked immunosor-
bent assays) also differed between studies 
so as to unveil the drivers of infection and 
disease spread. Given the limited ability to 
conduct field surveys (the preferred method) 

CORONAVIRUS

The puzzle of the COVID-19 pandemic in Africa
More data are needed to understand the determinants of the COVID-19  
pandemic across Africa
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as limited resources and health care sys-

tems. African countries have seen a more 

consequential impact of resource priori-

tization away from cancer patients com-

pared with HICs. A welcome difference 

in response is the growing involvement of 

the diaspora in telemedicine, such as in 

virtual tumor boards and e-consultation. 

This trend is likely to increase and pres-

ents an opportunity for Africa to leapfrog 

into an era of tele-oncology while turning 

“brain drain” to “brain circulation,” which 

will strengthen the health system work-

force. There is already an emerging vision 

of building a comprehensive cancer center 

in the cloud (15) for Africa, accessible from 

anywhere for consultation, second opin-

ion, follow up, continuous education, and 

so on, with considerable involvement of 

the diaspora. During the pandemic, apps 

have also been developed for the African 

health care setting that can be extended 

for use in oncology. For example, the sur-

veillance outbreak response management 

and analysis system (SORMAS) app used 

during the recent Ebola outbreak for self-

diagnosis and tracing could be adapted for 

applications in oncology, for example, for 

collecting symptomatic information and 

promoting cancer prevention and aware-

ness education. Overall, COVID-19 has 

been a new challenge with opportunities 

that can be leveraged in Africa to improve 

oncology and global health. j
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T
he COVID-19 pandemic has been puz-

zling to many public health experts 

because Africa has reported far fewer 

cases and deaths from COVID-19 than 

predicted. As of 22 November 2020, 

the continent of Africa, comprising 1.3 

billion people, had recorded 2,070,953 cases 

of COVID-19 and 49,728 deaths (1), repre-

senting ~3.6% of total global cases (2, 3). 

Because of the continent’s overstrained and 

weak health systems, inadequate financing 

of health care, paucity in human resources, 

and challenges posed by existing endemic 

diseases—including HIV, tuberculosis, and 

malaria—earlier predictions suggested that 

up to 70 million Africans may be infected 

with severe acute respiratory syndrome 

coronavirus-2 (SARS-CoV-2) by June, with 

more than 3 million deaths (4). On page 79 

of this issue, Uyoga et al. (5) report a sero-

survey study (measuring the occurrence of 

SARS-CoV-2 antibodies) of blood donors in 

Kenya that suggested that the incidence of 

SARS-CoV-2 infection is much higher than 

expected from case numbers. 

Using blood donor samples as a proxy, 

Uyoga et al. estimated that SARS-CoV-2 in-

fections occurred in 5.5% of the population 

in Kisumu, 7.3% in Nairobi, and 8.0% in 

Mombasa, with an overall average of 4.3%. 

This translates to ~2.2 million total pos-

sible infections compared with the reported 

77,585 infections in the country as of 23 

November 2020 (1, 3). Similarly, in October 

2020, Mozambique reported less than 3000 

confirmed cases of COVID-19; however, sero-

surveys found that 5% of households in the 

city of Nampula and 2.5% of households in 

the city of Pemba had been exposed to the vi-

rus (6). This suggests that there may be more 

infections than recorded.

There are several factors that may influ-

ence the trajectory of the COVID-19 pan-

demic in Africa. These include limited test-

ing (which limits detection and isolation, 

and thus public health measures), a much 

younger population (and thus fewer se-

vere cases and deaths), climatic differences 

(which could affect transmission), preexist-

ing immunity, genetic factors, early imple-

mentation of public health measures, and 

timely leadership. Two key aspects that may 

contribute to our understanding of the pan-

demic puzzle in Africa include scaling up of 
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The puzzle of the COVID-19 
pandemic in Africa
More data are needed to understand the determinants 
of the COVID-19 pandemic across Africa
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owing to travel restrictions, Uyoga et al. inves-
tigated blood donors to reveal the pandemic 
puzzle in Kenya. From these surveys in Afri-
ca, seroprevalence of SARS-CoV-2–specific 
antibodies have ranged from 2.2 to 39% of the 
population in different settings and countries. 
However, none of the studies have used a na-
tional representative sample. 

To ensure a harmonized and standardized 
method of conducting serosurveys in Africa, 
the Africa CDC is supporting multinational 
population-based, age, and gender stratified 
serosurveys that use standardized protocol 
and data collection tools (11). The protocol 
is built on a simplistic model, using point-of-
care rapid test for antibody detection of cur-
rent and previous infection, to ensure feasi-
bility and simplicity while maintaining study 
quality and credibility of the evidence gener-
ated. A similar approach has been applied to 
national representative cohorts in Brazil and 
Spain (12, 13). 

Across Africa, policy makers are faced with 
the dilemma of striking a balance between 
limiting transmission and protecting econ-
omies, businesses, and livelihoods. This has 
created a demand for quality and comprehen-
sive data. Serosurveys could therefore com-
plement existing response strategies. Such 
surveys should adhere to the following princi-
ples: a national representative sample through 
well-designed sampling strategies that ensure 
inclusivity of all possible strata within the 
country; simplicity to guarantee feasibility 
and quick delivery; optimization of resources 
for implementation (human, material, and fi-
nancial) to safeguard the already constrained 
resources for response; complementarity to 
already existing surveillance and response 
data; and the ability to longitudinally track 
the same aspect of data and information over 
time to inform adaptive strategies. 

Timely leadership and coordination may 
be a second aspect that explains the pandem-
ic pattern in Africa. The continent reacted in 
a timely and collective manner once the first 
cases of SARS-CoV-2 were reported in Egypt 
on 14 February 2020. Following that, on 22 
February 2020, the Africa CDC convened an 
emergency meeting of all ministers of health 

at the headquarters of the African Union 
Commission in Addis Ababa, Ethiopia. The 
ministers adopted a joint continental strategy 
that had three goals: limit transmission, limit 
deaths, and limit social and economic harms 
and impacts on other endemic diseases,  un-
derpinned by the need to coordinate, coop-
erate, collaborate, and communicate efforts 
across Africa. In addition, the Africa Task-
force on Coronavirus (AFTCOR) was estab-
lished to help implement the strategy and was 
endorsed by the Bureau of the Heads of State 
and Governments of the African Union, a val-
idation at the highest level of the continent. 
This approach helped blunt the early spread 
of COVID-19. 

Therefore, in March 2020, when several 
countries in Africa began reporting imported 
cases of COVID-19, there was clarity on the 
course of action to take. For example, as part 
of the AFTCOR, the Africa CDC rapidly sup-
ported member states to establish diagnostics 
capacity and expanded testing capacity from 

two countries in February to more than 43 by 
the end of March, through competency-based 
training of member countries at reference 
centers in Dakar, Senegal, and Johannesburg, 
South Africa. The coordinated approach en-
sured harmony in response strategies. For ex-
ample, the establishment of the African Med-
ical Supply Platform helped to streamline the 
procurement of response commodities. 

The puzzle of the COVID-19 pandemic 
in Africa can partly be explained by decisive 
measures taken early to prepare the conti-
nent. However, more data are needed to com-
plement what is routinely collected through 
surveillance and response to understand the 
different pieces of the puzzle that contribute 
to the pattern of the pandemic in Africa. Se-
rosurveys and the use of genomic epidemi-
ology can help to better understand disease 
spread. Further understanding of factors that 
influence viral pathogenesis and clinical spec-
trum of disease, and the impacts on endemic 
infections (HIV, tuberculosis, and malaria), 
are needed. Efforts to understand attitudes to 
COVID-19 vaccines are also a priority.  
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By Kai Kupferschmidt

O
nly two new coronaviruses have spread 
globally the past 2 decades: SARS-CoV, 
which caused an outbreak of severe 
acute respiratory syndrome (SARS) in 
2003, and SARS-CoV-2, the virus that 
causes COVID-19. But that may just be 

the tip of the iceberg of undetected infections 
with related viruses emerging from bats, a new 
paper claims. In a preprint published yesterday1 

researchers estimate that an average of 400,000 
people are likely infected with SARS-related 
coronaviruses every year, in spillovers that never 
grow into detectable outbreaks.

Although that number comes with big cave-
ats, “It should be eye-opening to the entire scien-
tific community that we don’t know very much 
about the frequency of zoonotic spillover,” says 
virologist Angela Rasmussen of the University 
of Saskatchewan, who was not involved in the 
work. That needs to change, she says, “because 
otherwise we grossly underestimate it.”

The researchers, including Peter Daszak 
from the EcoHealth Alliance and Linfa Wang 
from Duke-NUS Medical School in Singapore, 
created a detailed map of the habitats of 23 bat 
species known to harbor SARS-related coro-
naviruses, the group to which SARS-CoV and 
SARS-CoV-2 belong, and then overlaid it with 
data on where humans live to create a map of 
potential infection hot spots. They found that 
close to 500 million people live in areas where 
spillovers can occur, including northern India, 
Nepal, Myanmar, and most of Southeast Asia. 
The risk is highest in southern China, Vietnam, 
Cambodia, and on Java and other islands in In-
donesia (see map, below).

“This is a definitive analysis of where on the 
planet the next SARS- or COVID-like virus is 

most likely to emerge,” Daszak says. The maps 
could guide efforts to reduce the likelihood of 
spillover by changing behaviors in high-risk 
communities and targeting surveillance to de-
tect new outbreaks earlier, he says. Daszak, a vo-
cal advocate of the hypothesis that SARS-CoV-2 
came from the wild instead of a research lab, 
says the maps could also guide efforts to find the 
virus’ natural origin. (Several studies are under-
way or being planned to look for SARS-CoV-2 
and its relatives in Rhinolophus [horseshoe] bats 
and other animals.)

But the researchers went one step further. 
Small surveys done before COVID-19 erupted 
have suggested some people in Southeast Asia 
harbor antibodies against SARS-related coro-
naviruses. Combining those data with data on 
how often people encounter bats and how long 
antibodies remain in the blood, the researchers 
calculated that some 400,000 undetected human 
infections with these viruses occur each year 
across the region.

Daszak says interactions with bats are much 
more common than people think: “Just living 
there means you’re exposed: People are shelter-
ing in caves, they’re digging guano out of caves, 
they’re hunting and eating bats.” The paper does 
not even address how many people work in the 
wildlife trade and may be infected indirectly 
when a bat virus infects another animal first,  
he says.

Although 400,000 infections 
annually sounds like a lot, Ras-
mussen says, “in a region with 
likely hundreds of millions of 
bats and nearly half a billion 
people it isn’t that many.” The 
confidence interval stretches 
from one to more than 35 mil-
lion hidden infections per year, 
however—big enough to “fly the 
entire population of Rhinolophid 
bats through,” Rasmussen quips. 
Models are only as good as the 
data that are fed into them, says 
Vincent Munster, a virologist 
at the U.S. National Institute of 
Allergy and Infectious Diseases 
who studies coronaviruses. The 
data on antibodies only include 
a few thousand people, he notes, 
and the assays used to test for an-
tibodies can easily lead to false 
positives.

“I think if the seroprevalence estimate is way 
off, the whole thing collapses,” says David Fis-
man, an epidemiologist at the University of To-
ronto, who calls the modeling “shaky.” The high 
number of hidden infections “doesn’t ring true,” 
Fisman says, because you would expect regular 
spillovers to be recognized, as they are for rabies 
and the Nipah virus.

But Rasmussen says many infections could 
remain hidden if they are short-lived and don’t 
lead to onward transmission because the viruses 
are not well adapted to humans. They might not 
infect enough cells—or cells of the right type—
to be transmitted to another person, or they 
might not be able to escape humans’ immune 
defenses. In cases when the virus does spread, 
sheer chance may keep it confined to a small, 
isolated community.

“A lot of the viruses are probably unable to 
be transmitted from one person to another, 
but I have very little doubt that there have been 
illnesses due to these viruses that get misdiag-
nosed or never diagnosed,” Daszak says. “A rural 
farmer in Myanmar is hardly likely to go to the 
clinic because they’ve got a bit of a cough.”

The work is part of a nascent effort to try to un-
derstand the risk factors for viral spillover from 
animals into humans, Munster says. Already, one 
message is clear, he says: “I think for virtually 
any zoonotic pathogen from wildlife, spillover is 
more frequent than previously recognized.”

SARS-like viruses may jump from animals to people 
hundreds of thousands of times a year
Study pinpoints Asian regions that could spark the next coronavirus pandemic
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A map in a new paper shows the relative spillover risk for severe acute respiratory 
syndrome–related coronaviruses. China and countries in Southeast Asia are 
potential hot spots for human infections.1https://www.medrxiv.org/content/10.1101/2021.09.09.21263359v1
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By Dennis Carroll, Peter Daszak, Nathan 
D. Wolfe, George F. Gao, Carlos M. Morel, 
Subhash Morzaria, Ariel Pablos-Méndez, 
Oyewale Tomori, Jonna A. K. Mazet

O
tbreaks of novel and deadly viruses 
highlight global vulnerability to emerg-
ing diseases, with many having massive 
health and economic impacts. Our adap-
tive toolkit—based largely on vaccines 
and therapeutics—is often ineffective 

because countermeasure development can be 
outpaced by the speed of novel viral emergence 
and spread. Following each outbreak, the public 
health community bemoans a lack of prescience, 
but after decades of reacting to each event with 
little focus on mitigation, we remain only mar-
ginally better protected against the next epidem-
ic. Our ability to mitigate disease emergence is 
undermined by our poor understanding of the 
diversity and ecology of viral threats, and of the 
drivers of their emergence. We describe a Global 
Virome Project (GVP) aimed to launch in 2018 
that will help identify the bulk of this viral threat 
and provide timely data for public health inter-
ventions against future pandemics. 

Nearly all recent pandemics have a viral etiol-
ogy with animal origins, and with their intrinsic 
capacity for interspecies transmission, viral zoo-
noses are prime candidates for causing the next 
great pandemic (1, 2). However, if these viruses 
are our enemy, we do not yet know our enemy 
very well. Around 263 viruses from 25 viral 
families are known to infect humans (3) (see the 
figure), and given the rate of discovery following 
identification of the first human virus (yellow 
fever virus in 1901), it is likely many more will 
emerge in the future (4). We estimate, from anal-
ysis of recent viral discovery data (5), that ~1.67 
million yet-to-be-discovered viral species from 
key zoonotic viral families exist in mammal and 
bird hosts—the most important reservoirs for 
viral zoonoses (supplementary text). 

By analyzing all known viral-host relation-
ships (3, 6), the history of viral zoonoses (7), and 
patterns of viral emergence (1), we can reason-
ably expect that between 631,000 and 827,000 of 
these unknown viruses have zoonotic potential 
(supplementary text). We have no readily avail-
able technological countermeasures to these 
as-yet-undiscovered viruses. Furthermore, the 
rate of zoonotic viral spillover into people is ac-
celerating, mirroring the expansion of our global 
footprint and travel networks (1, 8), leading to a 
nonlinear rise in pandemic risk and an exponen-
tial growth in their economic impacts (8). 

PROMISING PILOT, CHALLENGING SCALE 
Since 2009, the U.S. Agency for International De-
velopment (USAID) has conducted a large-scale 
pilot project, spanning more than 35 countries 
over 8 years at a cost of around $170 million, to 
evaluate the feasibility of preemptively mitigat-
ing pandemic threats. Other previous studies 
had begun to conduct targeted viral discovery in 
wildlife (9), and develop mitigation strategies for 
the emergence of avian flu, for example. How-
ever, the USAID Emerging Pandemic Threats 
(EPT) PREDICT project is the first global-scale 
coordinated program designed to conduct viral 
discovery in wildlife reservoir hosts, and char-
acterize ecological and socioeconomic factors 
that drive their risk of spillover, to mitigate their 
emergence in people (10). 

Working with local partners and govern-
ments, wildlife and domestic animals and at-
risk human populations in geographic hotspots 
of disease emergence (1) are sampled, and vi-
ral discovery conducted. A strategy to identify 
which novel viruses are most at risk of spillover 
has been developed (11), and further work is 
conducted on these to characterize them prior 
to, or in the early stages of, spillover. Metadata 
on the ecology of wildlife–livestock–human 
transmission interfaces, and on human behav-
ioral patterns in communities, are concurrently 
analyzed so that strategies to reduce spillover 
can be developed (supplementary text). To date, 
EPT PREDICT has discovered more than 1000 
viruses from viral families that contain zoono-
ses, including viruses involved in recent out-
breaks (12), and others of ongoing public health 
concern (13). The focus of EPT PREDICT on ca-
pacity building, infrastructure support, training, 
and epidemiological analysis differs substantial-
ly from the GVP’s emphasis on large-scale sam-
pling and viral discovery. However, to discover 
the bulk of the projected remaining 1.67 mil-
lion unknown viruses in animal reservoirs and 
characterize the majority of 631,000 to 827,000 
viruses of highest zoonotic potential requires 
overcoming some challenges of scale. 

 The first challenge is cost. To estimate this, 
we analyzed data on field sampling and labora-
tory expenditures for viral discovery from (5, 
10), and estimates of unknown viral diversity 
in mammalian and avian hosts (supplementa-
ry text). We estimate that discovery of all viral 
threats and characterization of their risk for 
spillover, using currently available technologies 
and protocols, would be extremely costly at over 
$7 billion (supplementary text). However, pre-

vious work shows that viral discovery rates are 
vastly higher in the early stages of a sampling 
program, and that discovering the last few, rare, 
viruses is extremely costly and time-consuming  
owing to the number of samples required to 
find them (5) (supplementary text). We used 
data on rates of viral discovery (5) to estimate 
that the substantial majority of the viral diver-
sity from our target zoonotic reservoirs could 
be discovered, characterized, and assessed for 
viral ecology within a 10-year time frame for 
~$1.2 billion (16% of total costs for 71% of the 
virome, considering some fixed costs) (fig. S1). 
Those viruses remaining undiscovered will, by 
the nature of sampling bias toward more com-
mon host species, represent the rarest viruses 
with least opportunity for spillover, and there-
fore reduced public health risk. Their discovery 
would require exponentially greater sampling 
effort and funding that could be better spent 
on countermeasures for the more likely threats 
(supplementary text). 

Stakeholders from Asia, Africa, the Ameri-
cas, and Europe, spanning industry, academia, 
intergovernmental agencies, nongovernmental  
organizations (NGOs), and the private sector, 
began meeting in 2016 to design a framework 
for the governance, management, technical op-
eration, and scope of the GVP. Key efforts in-
clude developing finance streams; establishing a 
transparent, equitable implementation strategy; 
designing data- and sample-sharing protocols; 
developing laboratory and metadata platforms; 
targeting of host taxa and sampling sites; analyz-
ing return on investment; forming collaborative 
field and laboratory networks; developing risk 
characterization frameworks for viruses discov-
ered; designing a strategy to assess and mitigate 
risk behaviors that facilitate viral emergence; 
and planning in-country capacity building for 
sustainable threat mitigation. Funding has been 
identified to support an initial administrative 
hub, and fieldwork is planned to begin in the first 
two countries, China and Thailand, during 2018.

With outputs intended to serve the global 
public good, the GVP is developing a transpar-
ent and equitable strategy to share data, viral 
samples, and their likely products, including 
benefits derived from future development of 
medical countermeasures. These build on the 
Nagoya Protocol to the Convention on Biolog-
ical Diversity and the Pandemic Influenza Pre-
paredness Framework, negotiated by the World 
Health Organization (WHO). The international 
collaborative nature and global ownership of 
the project should help leverage funding from 
diverse international donors, including govern-
ment agencies focused on national virome proj-

INFECTIOUS DISEASES

The Global Virome Project
Expanded viral discovery can improve mitigation
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ects or on international development projects in 
other countries, and private-sector philanthropic 
donors focused on technology and big science. 

The diversity of tasks required to conduct 
the GVP should reduce the potential for it to 
divert funds from current public health pro-
grams.  For example, discrete work streams on 
targeted sampling of wildlife, on bioinformatics, 
and on behavioral risk analysis fall within the 
focus of current scientific research programs 
in a range of donor agencies. Governments and 
corporations with specific remits and geograph-
ic responsibilities have been approached to fi-
nance subprojects relevant to their sectors (e.g., 
capacity development, surveillance of specific 
taxa, geographically focused activities, medical 
countermeasure development, training, surveil-
lance, and technological platforms). In addition, 
leaders in China and a number of countries have 
begun developing national virome projects as 
part of the GVP, leveraging current research 
funding to include GVP sites.

Technological challenges include safe field 
sampling in remote locations and cost-effective 
laboratory platforms that can be standardized in 
low-income settings. To achieve these goals, ex-
isting national, regional, and international net-
works will need to be enhanced and expanded 
within standardized sampling and testing frame-
works. Existing networks of field biologists from 
environment ministries, academic institutions, 
and conservation and health NGOs may assist 
in surveillance. National science and technology 
agencies, regional One Health platforms, trans-
boundary disease surveillance networks, Insti-
tut Pasteur laboratories, WHO, United Nations 
Food and Agricultural Organization, and the 
World Organization for Animal Health collabo-
rating, and reference centers and viral discovery 
laboratories, including USAID EPT PREDICT, 
are currently involved in planning these activ-
ities around a decade-long sampling and test-
ing time frame. A monitoring and evaluation 
strategy is being developed based on analysis 
of viral discovery rates against predicted viral 
diversity, to identify when to halt surveillance 
and testing as the GVP progresses. Stakeholders 
will also tackle the challenge of how to decide 
when enough potentially dangerous viruses 
have been discovered in a host species or region 
to call for action to reduce underlying drivers of 
emergence (e.g., hunting and trading of a wild-
life reservoir). Laboratory platforms developed 
by USAID EPT PREDICT have proven capacity 
to identify novel viruses and are relatively inex-
pensive and reliable, being based on polymerase 
chain reaction using degenerate primers that 
target a range of viral families of known zoonot-
ic potential. However, scaling up to a full global 
virome project will require discovery of three or-
ders of magnitude more viruses in a similar time 

frame. Technological solutions will be needed to 
increase the speed and efficiency, and reduce the 
cost, of sequence generation. These will likely 
include next-generation sequencing and other 
unbiased approaches to identify evolutionarily 
distinct viral clades. 

A key challenge is how to assess the poten-
tial for novel viruses to infect people or become 
pandemic (14). The EPT PREDICT project 
(11) and others (2, 6) have developed prelimi-
nary zoonotic risk characterization frameworks 
based on viral and host traits and the ecological 
and demographic characteristics of the sampling 
site. These approaches will be used in the GVP 
to triage novel viruses for further characteriza-
tion to assess their zoonotic capacity (supple-
mentary text). In vitro receptor binding analyses 
coupled with in vivo models have proven use-
ful in this capacity for some viral families [e.g., 
coronaviruses (13)]. Although this is not yet 
feasible for all potentially zoonotic viral clades, 

applying these techniques to a larger viral data 
set as the GVP progresses will allow validation 
of risk frameworks and may increase our capac-
ity to predict zoonotic potential. However, ad-
vancing these goals will require new collabora-
tion among lab virologists, epidemiologists, and 
modelers, innovative approaches to field-testing 
the boundaries of virus-host relationships, and 
support across agencies that often fund separate 
virology, public health, evolutionary biology, 
and biodiversity modeling initiatives. 

INVESTMENTS, RETURNS
The cost of the GVP represents a sizable in-
vestment and, even if a large number of poten-
tial zoonoses are discovered, only a minority is 
likely to have the potential to cause large-scale 
outbreaks and mortality in people (1, 2, 7). 
However, given the high cost of single epidemic 
events, data produced by the GVP may provide 
substantial return on investment by enhancing 
diagnostic capacity in the early stages of a new 
disease outbreak or by rapidly identifying spill-
over hosts, for example. Recent analysis of the 
exponentially rising economic damages from 
increasing rates of zoonotic disease emergence 
suggests that strategies to mitigate pandem-
ics would provide a 10:1 return on investment 
(1, 8). Even small reductions in the estimated 
costs of a future influenza pandemic (hundreds 
of billions of dollars) or of the previous SARS 
(severe acute respiratory syndrome) epidemic 
($10 billion to $30 billion) could be substantial. 
The goal of the GVP is to improve efficiency in 
the face of these increasing viral spillover rates 
by enhancing (not replacing) current pandem-
ic surveillance, prevention, and control strat-
egies. If we were to invest only in surveillance 
for known pathogens (our current business-as- 
usual strategy), our calculations suggest we 
would protect ourselves against less than 0.1% 
of those viruses that could conceivably infect 
people, even using the lower bounds of our un-
certainty for our viral estimates (i.e., 263 viruses 
known from humans out of 263,824 unknown 
potential zoonoses; supplementary text). 

The potential benefits of the GVP may be 
enhanced to maximize public health benefits 
(supplementary text) by (i) optimizing sampling 
to target species most likely to harbor “missing 
zoonoses” (6), or to target emerging disease 
hotspot regions most likely to propagate major 
disease outbreaks (1); (ii) using human and live-
stock syndromic surveillance to identify regions 
for wildlife sampling proximal to repeated out-
breaks of severe influenza-like-illnesses, fevers 
of unknown origin, encephalitides, livestock 
“abortion storms,” and other potential emerg-
ing disease events; (iii) initially targeting RNA 
viruses, which caused 94% of the zoonoses doc-
umented from 1990 to 2010; and (iv) fostering 
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spillover rates by enhancing (not replacing) 

current pandemic surveillance, prevention, 

and control strategies. If we were to invest 

only in surveillance for known pathogens 

(our current business-as-usual strategy), our 

calculations suggest we would protect our-

selves against less than 0.1% of those viruses 

that could conceivably infect people, even us-

ing the lower bounds of our uncertainty for 

our viral estimates (i.e., 263 viruses known 

from humans out of 263,824 unknown poten-

tial zoonoses; supplementary text). 

The potential benefits of the GVP may be 

enhanced to maximize public health benefits 

(supplementary text) by (i) optimizing sam-

pling to target species most likely to harbor 

“missing zoonoses” (6), or to target emerging 

disease hotspot regions most likely to propa-

gate major disease outbreaks (1); (ii) using 

human and livestock syndromic surveillance 

to identify regions for wildlife sampling prox-

imal to repeated outbreaks of severe influ-

enza-like-illnesses, fevers of unknown origin, 

encephalitides, livestock “abortion storms,” 

and other potential emerging disease events; 

(iii) initially targeting RNA viruses, which 

caused 94% of the zoonoses documented 

from 1990 to 2010; and (iv) fostering econo-

mies of scale and adoption of technological 

innovation as the GVP ramps up. This in-

cludes use of laboratories that can facilitate 

regional sample processing, development of 

centralized bioinformatics platforms, and 

improved logistics for sample collection and 

transport. We also expect the cost of testing 

and sequencing to decrease as technology 

is enhanced, much as the development of 

next-generation sequencing reduced genetic 

sequencing costs by up to four orders of mag-

nitude in a decade. 

The accelerated pace of viral discovery un-

der the GVP will make the virological, phy-

logenetic, and modeling approaches used in 

pandemic preparedness more data-rich, and 

likely more effective. For example, having the 

sequence data for thousands, rather than a 

few, viruses from a single family could extend 

vaccine, therapeutic, or drug development to 

a wider range of targets, leading to broad-

spectrum vaccines and other countermea-

sures. Identification of novel viruses may be 

useful to programs like the Coalition for Epi-

demic Preparedness Innovations (CEPI) in 

assessing the breadth of action of candidate 

vaccines and therapeutics, and in expand-

ing their efficacy. More broad-scale preven-

tion approaches could provide immediate 

return on investment prior to vaccine and 

countermeasure development, which would 

require substantial investment and time. For 

example, metadata on viral reservoir host 

identity, geography, seasonality, proximity to 

people, and drivers of emergence will refine 

our mechanistic understanding of spillover 

and enhance published models of emerging 

infectious diseases risk (1, 6). Identification 

of novel viruses in hunted, traded, or farmed 

wildlife species could be used to enhance 

bio security in markets and farming systems, 

reducing public health risk, increasing food 

security, and assisting in conservation of 

hunted species. The presence of hosts har-

boring high-risk novel viruses in proximity to 

human populations may allow targeted fol-

low-up to examine evidence of spillover and 

design intervention strategies (supplemen-

tary text). Ultimately, the benefits of the GVP 

may include enhancing our understanding of 

viral biology, such as drivers of competition 

or cooperation among viruses within hosts, 

genomic underpinnings of host-virus coevo-

lution, processes underlying deep evolution 

of viral clades, and the identification of novel 

viral groups (15).

The regions targeted by the GVP are 

largely highly biodiverse, rapidly developing 

countries in the tropics, which often have low 

capacity to deal with public health crises (1). 

The expanded laboratory capacity, field sam-

pling, and data generation intrinsic to the 

GVP goals will therefore improve capacity 

to detect, diagnose, and discover viruses in 

vulnerable populations within regions most 

critical to preventing future pandemics. This 

enhanced capacity may also help improve 

diagnosis and control for endemic diseases, 

as well as the portion of the virome that re-

mains undiscovered. 

The Human Genome Project in the 1980s 

catalyzed technological innovation that dra-

matically shortened the time and cost for its 

completion, and ushered in the era of per-

sonalized genomics and precision medicine. 

The GVP will likely accelerate development 

of pathogen discovery technology, diagnos-

tic tests, and science-based mitigation strat-

egies, which may also provide unexpected 

benefits. Like the Human Genome Project, 

the GVP will provide a wealth of publicly 

accessible data, potentially leading to dis-

coveries that are hard to anticipate, per-

haps viruses that cause cancers and chronic 

physiological, mental health, or behavioral 

disorders. It will provide orders-of-magni-

tude more information about future threats 

to global health and biosecurity, improve 

our ability to identify vulnerable popula-

tions, and enable us to more precisely target 

mitigation and control measures to foster 

an era of global pandemic prevention. j
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Of these 111 viral families, 

the GVP will target 25 containing 

viruses known to infect 

(or to have substantial risk 

of infecting) people.

Of these 1.67 million viruses, an 

estimated 631,00 to 827,000 
likely have the capacity to infect 

people.

In these 25 families, an estimated 
1.67 million unknown viruses 

exist in mammals and 
birds—hosts that represent 99% 

of the risk for viral emergence.

111 viral families have been 

discovered globally to date.
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GVP targeting strategy
The project will capitalize on economies of scale 

in viral testing, systematically sampling 

mammals and birds to identify currently unknown, 

potentially zoonotic viruses that they carry.
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economies of scale and adoption of techno-
logical innovation as the GVP ramps up. This 
includes use of laboratories that can facilitate 
regional sample processing, development of cen-
tralized bioinformatics platforms, and improved 
logistics for sample collection and transport. We 
also expect the cost of testing and sequencing 
to decrease as technology is enhanced, much as 
the development of next-generation sequencing 
reduced genetic sequencing costs by up to four 
orders of magnitude in a decade.

The accelerated pace of viral discovery under 
the GVP will make the virological, phylogenet-
ic, and modeling approaches used in pandemic 
preparedness more data-rich, and likely more 
effective. For example, having the sequence data 
for thousands, rather than a few, viruses from a 
single family could extend vaccine, therapeutic, 
or drug development to a wider range of targets, 
leading to broad-spectrum vaccines and other 
countermeasures. Identification of novel virus-
es may be useful to programs like the Coalition 
for Epidemic Preparedness Innovations (CEPI) 
in assessing the breadth of action of candidate 
vaccines and therapeutics, and in expanding 
their efficacy. More broad-scale prevention ap-
proaches could provide immediate return on 
investment prior to vaccine and countermeasure 
development, which would require substantial 
investment and time. For example, metadata on 
viral reservoir host identity, geography, season-
ality, proximity to people, and drivers of emer-
gence will refine our mechanistic understanding 
of spillover and enhance published models of 
emerging infectious diseases risk (1, 6). Iden-
tification of novel viruses in hunted, traded, or 
farmed wildlife species could be used to enhance 
biosecurity in markets and farming systems, re-

ducing public health risk, increasing food se-
curity, and assisting in conservation of hunted 
species. The presence of hosts harboring high-
risk novel viruses in proximity to human popu-
lations may allow targeted follow-up to examine 
evidence of spillover and design intervention 
strategies (supplementary text). Ultimately, the 
benefits of the GVP may include enhancing our 
understanding of viral biology, such as drivers 
of competition or cooperation among viruses 
within hosts, genomic underpinnings of host- 
virus coevolution, processes underlying deep 
evolution of viral clades, and the identification 
of novel viral groups (15).

The regions targeted by the GVP are largely 
highly biodiverse, rapidly developing countries 
in the tropics, which often have low capacity 
to deal with public health crises (1). The ex-
panded laboratory capacity, field sampling, and 
data generation intrinsic to the GVP goals will 
therefore improve capacity to detect, diagnose, 
and discover viruses in vulnerable populations 
within regions most critical to preventing future 
pandemics. This enhanced capacity may also 
help improve diagnosis and control for endemic 
diseases, as well as the portion of the virome that 
remains undiscovered. 

The Human Genome Project in the 1980s 
catalyzed technological innovation that dramat-
ically shortened the time and cost for its com-
pletion, and ushered in the era of personalized 
genomics and precision medicine. The GVP will 
likely accelerate development of pathogen dis-
covery technology, diagnostic tests, and science- 
based mitigation strategies, which may also 
provide unexpected benefits. Like the Human 
Genome Project, the GVP will provide a wealth 
of publicly accessible data, potentially leading to 

discoveries that are hard to anticipate, perhaps  
viruses that cause cancers and chronic physio-
logical, mental health, or behavioral disorders. 
It will provide orders-of-magnitude more in-
formation about future threats to global health 
and biosecurity, improve our ability to identify 
vulnerable populations, and enable us to more 
precisely target mitigation and control measures 
to foster an era of global pandemic prevention. 
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VIEWPOINT: COVID-19

COVID-19 testing: One size does not fit all
To control the pandemic, testing should be considered a public health tool
By Michael J. Mina1,2,3,4 and  
Kristian G. Andersen5,6

T
ests for detecting severe acute respira-
tory syndrome coronavirus 2 (SARS-
CoV-2) were developed within days of 
the release of the virus genome (1). Mul-
tiple countries have been successful  at 
controlling SARS-CoV-2 transmission 

by investing in large-scale testing  capacity (2). 
Most testing has focused on quantitative poly-
merase chain reaction (qPCR) assays, which 
are capable of detecting minute amounts of 
viral RNA. Although powerful, these molecu-

lar tools cannot be scaled to meet demands for 
more extensive public health testing. To combat 
COVID-19, the “one-size-fits-all” approach that 
has dominated and confused decision-making 
with regard to testing and the evaluation of 
tests is unsuitable: Diagnostics, screening, and 
surveillance  serve different purposes, demand 
distinct strategies, and require separate approv-
al mechanisms. By supporting the innovation, 
approval, manufacturing, and distribution of 
simpler and cheaper screening and surveillance 
tools, it will be possible to more effectively limit 
the spread of COVID-19 and respond to future 
pandemics.

Many types of tests are available for 
COVID-19 for clinical and public health use 
(see the figure). Testing can be performed in a 
central laboratory, at the point of care (POC), or 
in the community at the workplace, school, or 
home. COVID-19 testing begins with specimen 
collection. For medical use, a nasopharyngeal 
swab collected by a health care professional has 
been used for detection of virus infections. De-
mands on testing throughput for COVID-19, 
however, have driven new collection approach-
es, including saliva and less invasive nasal swabs. 
COVID-19 tests include molecular tests such as 
qPCR, isothermal amplification, and CRISPR, 
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as well as antigen tests that detect SARS-CoV-2 
proteins directly. Although rapid antigen tests 
have lower analytical sensitivity (i.e., require 
greater amounts of virus material to turn posi-
tive) than qPCR-based tests, their ability to de-
tect infectious individuals with culturable virus 
is as high as for qPCR (3). Specificity (i.e., cor-
rectly identifying those not infected with SARS-
CoV-2) of antigen tests achieves comparable 
results to molecular tests (4).

Diagnostic testing for COVID-19 focuses on 
accurately identifying patients who are infected 
with SARS-CoV-2 to establish the presence or 
absence of disease and is performed on symp-
tomatic patients or asymptomatic individuals 
who are at high risk of infection. This type of 
testing requires assays that are highly sensitive, 
so as to not miss COVID-19 patients (false nega-
tives), and specific, so as to not wrongly diagnose 
SARS-CoV-2–negative individuals as having 
COVID-19 (false positives). These tests are typ-
ically performed by centralized high-complexity 
laboratories with specialized equipment using 
qPCR assays, with results that can be report-
ed within 12 to 48 hours. Major bottlenecks in 
testing, however, have led to turnaround times 
exceeding 5 to 10 days in some regions, making 
such tests useless to prevent transmission. 

POC diagnostic testing at medical facilities 
can be qPCR assays, isothermal amplification, 
or antigen-based (4). These POC tests often 
require instruments that run a limited number 
of tests and can return results in under an hour. 
The need for an instrument limits the number 
of tests that can be performed and where they 
can be used. However, newer antigen tests are 
becoming available that do not require instru-
ments or skilled operators, potentially allowing 
for much more distributed POC testing.

Surveillance testing of populations can be 
used both as a tool for understanding historical 
exposures and as a measure of ongoing commu-
nity transmission. For the former, serological 
testing of individuals for the presence of SARS-
CoV-2–specific antibodies is used to identify 
those previously infected. For the latter, surveil-
lance testing can be an effective way to monitor 
real-time SARS-CoV-2 spread in communities. 
One promising method is wastewater surveil-
lance, which has been used to assess community 
transmission of polio virus (5) and has shown 

potential for COVID-19 (6). qPCR testing of 
wastewater is used to detect SARS-CoV-2, and 
frequency dynamics of viral genetic material 
indicate COVID-19 infections in a community. 
Surveillance can also be performed from swab 
or saliva samples taken directly from individ-
uals, and, in populations with low COVID-19 
prevalence, pooling can be used to increase ca-
pacity and lower cost. 

For surveillance testing, the goal is not identi-
fication of every case but rather the collection of 
data from representative samples that accurately 
measure prevalence and serve to inform public 
health policy and resource allocation. Because 
the focus is on extrapolations to the population 
and not the individual, tests with known devi-
ations from 100% sensitivity and specificity are 
still appropriate when the variance can be statis-
tically corrected (7). To be most effective, results 
should include reported qPCR cycle thresholds, 
which is an estimate of viral load (7), to mod-
el epidemic trajectory and allow for real-time 
evaluation of mitigation programs (8), including 
once vaccination programs have begun.

Screening testing of asymptomatic individ-
uals to detect people who are likely infectious 
has been critically underused yet is one of the 
most promising tools to combat the COVID-19 
pandemic (9). Infection with SARS-CoV-2 does 
not lead to symptoms in ~20 to 40% of cases, 
and symptomatic disease is preceded by a pre-
symptomatic incubation period (10). However, 
asymptomatic and presymptomatic cases are key 
contributors to virus spread, complicating our 
ability to break transmission chains (10).

Entry screening to detect infectious indi-
viduals before accessing facilities (e.g., nursing 
homes, restaurants, and airports), along with 
symptom screening and temperature checks, 
can be beneficial, particularly in high-risk fa-
cilities such as skilled nursing facilities. When 
used strategically, entry-screening measures can 
be effective at suppressing transmission. Entry 
screening requires testing that provides rap-
id results—ideally within 15 min—to be most 
effective. The required sensitivity and speci-
ficity of entry-screening tests are, like all tests, 
context dependent. Entry-screening tests for 
a nursing home, for example, must be highly 
sensitive because the consequences of bring-
ing SARS-CoV-2 into a nursing home can be 
devastating. Such tests must also be highly spe-
cific because the consequences of grouping a 
false-positive person with COVID-19–positive 
individuals could be deadly. Conversely, because 
children have substantially reduced mortality 
from COVID-19, entry screening into schools 
might require greater compromise that balanc-
es resources and sensitivity to test as many in-
dividuals as possible with a need to minimize 
disruptive false positives. Key to use of tests for 

entrance screening is that a negative test alone 
should not be considered sufficient to enter—
that should be based on satisfying other require-
ments, including masks and physical distancing. 
Conversely, a positive test should be sufficient to 
bar entry in most settings.

Public health screening is potentially the 
most powerful form of COVID-19 testing, 
aimed at outbreak suppression through maxi-
mizing detection of infectious individuals. This 
type of screening entails frequent serial testing 
of large fractions of the population, through self- 
administered at-home rapid tests, or in the com-
munity at high-contact settings, such as schools 
and workplaces (9). Public health screening can 
achieve herd effects by stopping onward spread 
through detection of asymptomatic or presymp-
tomatic cases (fig. S1).

Notably, not every transmission chain needs 
to be severed to achieve herd effects. Mathemat-
ical models that incorporate relevant variation 
in viral loads and test accuracy suggest that with 
frequent testing of a large fraction of a popula-
tion, a sufficient number of cases could be de-
tected to create herd effects (11). For example, 
Slovakia undertook public health screening to 
address COVID-19 (12): During a 2-week peri-
od, ~80% of the population was screened using 
rapid antigen tests. With 50,000 cases identified, 
combined with other public health measures, it 
reduced incidence by 82% within 2 weeks (12). 
An important feature of large-scale public health 
screening is that centrally controlled reporting 
and contact tracing programs are not essential 
to induce herd effects as they are for surveillance 
testing. In a robust public health screening pro-
gram, sufficient numbers of people are routinely 
testing themselves, such that contact tracing is 
subsumed by the screening program (11).

Similar to home pregnancy tests, screening 
tests should be easy to obtain and administer, 
fast, and cheap. Like diagnostic tests, these tests 
must produce very low false-positive rates. If 
a screening test does not achieve high-enough 
specificity (e.g., >99.9%), screening programs 
can be paired with secondary confirmatory 
testing. Unlike diagnostic tests, however, the 
sensitivity of screening tests should not be de-
termined based on their ability to diagnose pa-
tients but rather by their ability to accurately 
identify people who are most at risk of trans-
mitting SARS-CoV-2. Such individuals tend to 
have higher viral loads (13), which makes the 
virus easier to detect (14). A focus on identify-
ing infectious people means that frequency and 
abundance of tests should be prioritized above 
achieving high analytical sensitivity (11). In-
deed, loss in sensitivity of individual tests, with-
in reason, can be compensated for by frequency 
of testing and wider dissemination of tests (9). 
In addition, public health messaging should en-
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sure appropriate expectations of 
screening, particularly around sen-
sitivity and specificity so that false 
negatives and false positives do not 
erode public trust. 

Tests for public health screen-
ing require rapid, decentralized 
solutions that can be scaled for 
frequent screening of large num-
bers of asymptomatic individu-
als. Lateral-flow antigen tests and 
upcoming paper-based synthetic 
biology and CRISPR-based as-
says fit these needs and could be 
scaled to tens of millions of daily 
tests (9). These tests are simple and 
cheap, can be self-administered, 
and do not require machines to 
run and return results. The Abbott  
BinaxNOW rapid antigen test, 
which recently received an Emer-
gency Use Authorization (EUA) in 
the United States as a diagnostic de-
vice, also comes with a smartphone 
app, allowing self-reporting of COVID-19 status 
that could be used instead of centralized report-
ing by public health agencies. Critically, despite 
being shown to be highly effective at detecting 
infectious individuals (14), very few of these 
tests are currently approved for screening of as-
ymptomatic individuals, substantially limiting 
their utility. If such tests were made available 
direct to consumer (priced to allow equitable 
access) or produced and provided free of charge 
by governments, individuals could obtain their 
COVID-19 status at their own choosing and 
without complex medical decisions. 

Testing is a central pillar of clinical and pub-
lic health response to global health emergencies, 

including the COVID-19 pandemic. Nearly all 
testing modalities have a role, and the one-size-
fits-all approach to testing by many Western 
countries has failed. Many lower- and middle- 
income countries—including Senegal, Viet-
nam, and Ghana—have fared far better in their 
COVID-19 response, often using strong testing 
programs. The focus on diagnostic tests and the 
use of preexisting authorization pathways fo-
cused on qPCR-based clinical diagnostics not 
only slows the development and deployment 
of new surveillance and screening tests but also 
confuses the picture of what metrics effective 
public health tools should achieve. Testing to di-
agnose a patient with COVID-19 is fundamen-

tally different from testing a person 
to prevent onward transmission. 
Regulatory pathways should be 
modified to incorporate these dif-
ferences so that public health and 
screening tests are appropriately 
evaluated. It is necessary to be in-
novative and produce, distribute, 
and continuously improve the tests 
that exist to save lives and gain con-
trol of the COVID-19 pandemic.
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because children have substan-

tially reduced mortality from 

COVID-19, entry screening into 

schools might require greater 

compromise that balances re-

sources and sensitivity to test 

as many individuals as possible 

with a need to minimize disrup-

tive false positives. Key to use of 

tests for entrance screening is 

that a negative test alone should 

not be considered sufficient to 

enter—that should be based on 

satisfying other requirements, 

including masks and physical 

distancing. Conversely, a positive 

test should be sufficient to bar 

entry in most settings.

Public health screening is 

potentially the most power-

ful form of COVID-19 testing, 

aimed at outbreak suppression 

through maximizing detection 

of infectious individuals. This 

type of screening entails frequent serial 

testing of large fractions of the population, 

through self-administered at-home rapid 

tests, or in the community at high-contact 

settings, such as schools and workplaces 

(9). Public health screening can achieve 

herd effects by stopping onward spread 

through detection of asymptomatic or pre-

symptomatic cases (fig. S1).

Notably, not every transmission chain 

needs to be severed to achieve herd effects. 

Mathematical models that incorporate rele-

vant variation in viral loads and test accuracy 

suggest that with frequent testing of a large 

fraction of a population, a sufficient number 

of cases could be detected to create herd ef-

fects   (11). For example, Slovakia undertook 

public health screening to address COVID-19 

  (12): During a 2-week period, ~80% of the 

population was screened using rapid antigen 

tests. With 50,000 cases identified, combined 

with other public health measures, it reduced 

incidence by 82% within 2 weeks (12). An im-

portant feature of large-scale public health 

screening is that centrally controlled report-

ing and contact tracing programs are not es-

sential to induce herd effects as they are for 

surveillance testing. In a robust public health 

screening program, sufficient numbers of 

people are routinely testing themselves, 

such that contact tracing is subsumed by the 

screening program (11).

Similar to home pregnancy tests, screening 

tests should be easy to obtain and administer, 

fast, and cheap. Like diagnostic tests, these 

tests must produce very low false-positive 

rates. If a screening test does not achieve 

high-enough specificity (e.g., >99.9%), screen-

ing programs can be paired with secondary 

confirmatory testing. Unlike diagnostic tests, 

however, the sensitivity of screening tests 

should not be determined based on their 

ability to diagnose patients but rather by 

their ability to accurately identify people who 

are most at risk of transmitting SARS-CoV-2. 

Such individuals tend to have higher viral 

loads (13), which makes the virus easier to 

detect (14). A focus on identifying infectious 

people means that frequency and abundance 

of tests should be prioritized above achieving 

high analytical sensitivity (11). Indeed, loss in 

sensitivity of individual tests, within reason, 

can be compensated for by frequency of test-

ing and wider dissemination of tests   (9). In 

addition, public health messaging should en-

sure appropriate expectations of screening, 

particularly around sensitivity and specificity 

so that false negatives and false positives do 

not erode public trust. 

Tests for public health screening require 

rapid, decentralized solutions that can be 

scaled for frequent screening of large num-

bers of asymptomatic individuals. Lateral-

flow antigen tests and upcoming paper-based 

synthetic biology and CRISPR-based assays 

fit these needs and could be scaled to tens of 

millions of daily tests (9). These tests are sim-

ple and cheap, can be self-administered, and 

do not require machines to run and return 

results. The Abbott BinaxNOW rapid antigen 

test, which recently received an Emergency 

Use Authorization (EUA) in the United States 

as a diagnostic device, also comes with a 

smartphone app, allowing self-reporting of 

COVID-19 status that could be used instead 

of centralized reporting by public health 

agencies. Critically, despite being shown to 

be highly effective at detecting infectious 

individuals (14), very few of these tests are 

currently approved for screening of asymp-

tomatic individuals, substan-

tially limiting their utility. If such 

tests were made available direct 

to consumer (priced to allow 

equitable access) or produced 

and provided free of charge by 

governments, individuals could 

obtain their COVID-19 status at 

their own choosing and without 

complex medical decisions. 

Testing is a central pillar of 

clinical and public health re-

sponse to global health emer-

gencies, including the COVID-19 

pandemic. Nearly all testing 

modalities have a role, and the 

one-size-fits-all approach to test-

ing by many Western countries 

has failed. Many lower- and 

middle-income countries—in-

cluding Senegal, Vietnam, and 

Ghana—have fared far better in 

their COVID-19 response, often 

using strong testing programs. 

The focus on diagnostic tests and the use of 

preexisting authorization pathways focused 

on qPCR-based clinical diagnostics not only 

slows the development and deployment of 

new surveillance and screening tests but also 

confuses the picture of what metrics effective 

public health tools should achieve. Testing 

to diagnose a patient with COVID-19 is fun-

damentally different from testing a person 

to prevent onward transmission. Regulatory 

pathways should be modified to incorporate 

these differences so that public health and 

screening tests are appropriately evaluated. 

It is necessary to be innovative and produce, 

distribute, and continuously improve the 

tests that exist to save lives and gain control 

of the COVID-19 pandemic.
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           IN 1945, ALEXANDER FLEMING SHARED THE NOBEL PRIZE FOR PHYSIOLOGY OR MEDI
cine in recognition of his part in the discovery of penicillin. In his Nobel Lecture, he warned 
that “it is not dif  cult to make microbes resistant to penicillin,” and that people may die as a 
result of bacteria becoming resistant to antibiotics in the future. Fleming’s prediction has come 
true. Estimates suggest that around 25,000 people in Europe (http://bit.ly/1hi4oR7) and 23,000 
people in the United States (http://1.usa.gov/1hi4W9E) die each year from infections caused 
by bacteria that are resistant to antibiotics. Meanwhile, in Asia infections caused by resistant 
bacteria kill one child every f ve minutes. T e problem of antimicrobial resistance can only be 
solved through concerted global action. Antimicrobials include antibiotics to combat bacterial 
infections as well as treatments for infections caused by viruses and fungi. T e greatest threat is 
the rapid growth of resistance to our current armamentarium of antibiotics.

T e development of antimicrobial resistance is due to the natural Darwinian process of 
evolution. When bacterial cells are exposed to antibiotics, those cells without natural resis-
tance to the drugs will be killed; those with resistance will thrive in an environment of reduced 
competition. Given repeated antibiotic exposure and time, any bacterial species will develop 
some form of resistance. Society’s misuse of antibiotics over the last century has exacerbated 
and expedited this process, and turned resistance into a current and grave threat to modern 
medicine. Without antibiotics, the infection-related risks of procedures—from surgery to or-
gan transplants—will substantially increase mortality rates. Treating cancer patients on che-
motherapy with antibiotics to prevent infection will become impossible.

T e economic cost of allowing antimicrobial resistance to continue is likely to be extreme. 
T e costs associated with antimicrobial resistance are already large, and will grow exponen-
tially if the problem is not tackled. Costs will spiral as we sustain longer hospital admissions 
and resort to the few newer, more expensive antibiotics. Annual health care costs and produc-
tivity losses attributable to antimicrobial resistance are dif  cult to calculate and estimates vary 
considerably, yet all the estimates are large. One estimate suggests that the total societal and 
health care cost in Europe is €1.5 billion, and another estimate suggests that the total cost in 
the United States is $55 billion (http://bit.ly/1hi4oR7; http://1.usa.gov/1hi4W9E).

Immediate and coordinated global action is required to preserve the ef ectiveness of the 
current antimicrobial armoury (of en referred to as “stewardship”) and to incentivise the de-
velopment of new antimicrobials. Preservation of antibiotic ef ectiveness begins at the individ-
ual level. T roughout society, assiduous hygiene practices need to be reinforced. T e ef ect of 
regular handwashing in health care settings on incidence rates of infections caused by resistant 
bacteria is well-documented (http://bit.ly/1hi7PXS). In the community, improved sanitation 
and hygiene practices are likely to reduce both the burden of infection (and hence the use of 
antibiotics) as well as the spread of resistant organisms.

Individual action is also required on the part of prescribers. A complex web of inf uence 
drives prescribing behavior, including demands from patients, competition from alternative 
systems of health care, and in some countries, f nancial incentives to prescribe. To reduce the 
likelihood of the development of resistance, we must ensure that prescribers of er the right 
antibiotic, at the right dose, for the right amount of time. T is includes narrowing the spec-
trum of antibiotic therapy in a timely manner as microbiological evidence of the causative 
agent becomes available. T is could be aided through the development of rapid and cheap 
point-of-care diagnostics, which may help to reduce the incidence of initial prescriptions for 
broad-spectrum antibiotics.

Governments around the world need to tackle the gross misuse of antibiotics. For example, 
most of the 100,000 to 200,000 metric tons of antibiotics manufactured every year is used in 
the agricultural, aquacultural, and veterinary sectors (http://bit.ly/1hi9igO). A pricing para-
dox exists in farming in which antibiotics, a scarce natural resource, cost less than implemen-
tation of more ef ective hygiene practices. Indeed, antibiotics are used in many countries to 
promote animal growth and hence increase meat yield, rather than for the direct treatment of 
infections. Reduction of antibiotic use in animal rearing must be achieved while maintaining 
the security of the food supply. We need to better understand the link between animal antibi-
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Antimicrobial resistance:  
A global challenge
IN 1945, ALEXANDER FLEMING SHARED THE NOBEL PRIZE FOR PHYSIOLOGY OR MEDI- 
cine in recognition of his part in the discovery of penicillin. In his Nobel Lecture, he warned that “it 
is not difficult to make microbes resistant to penicillin,” and that people may die as a result of bacteria 
becoming resistant to antibiotics in the future. Fleming’s prediction has come true. Estimates suggest 
that around 25,000 people in Europe (http://bit.ly/1hi4oR7) and 23,000 people in the United States  
(https://www.cdc.gov/drugresistance/pdf/ar-threats-2013-508.pdf) die each year from infections 
caused by bacteria that are resistant to antibiotics. Meanwhile, in Asia infections caused by resistant 
bacteria kill one child every five minutes. The problem of antimicrobial resistance can only be solved 
through concerted global action. Antimicrobials include antibiotics to combat bacterial infections as 
well as treatments for infections caused by viruses and fungi. The greatest threat is the rapid growth of 
resistance to our current armamentarium of antibiotics.

The development of antimicrobial resistance is due to the natural Darwinian process of evolution. 
When bacterial cells are exposed to antibiotics, those cells without natural resistance to the drugs will 
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           IN 1945, ALEXANDER FLEMING SHARED THE NOBEL PRIZE FOR PHYSIOLOGY OR MEDI
cine in recognition of his part in the discovery of penicillin. In his Nobel Lecture, he warned 
that “it is not dif  cult to make microbes resistant to penicillin,” and that people may die as a 
result of bacteria becoming resistant to antibiotics in the future. Fleming’s prediction has come 
true. Estimates suggest that around 25,000 people in Europe (http://bit.ly/1hi4oR7) and 23,000 
people in the United States (http://1.usa.gov/1hi4W9E) die each year from infections caused 
by bacteria that are resistant to antibiotics. Meanwhile, in Asia infections caused by resistant 
bacteria kill one child every f ve minutes. T e problem of antimicrobial resistance can only be 
solved through concerted global action. Antimicrobials include antibiotics to combat bacterial 
infections as well as treatments for infections caused by viruses and fungi. T e greatest threat is 
the rapid growth of resistance to our current armamentarium of antibiotics.

T e development of antimicrobial resistance is due to the natural Darwinian process of 
evolution. When bacterial cells are exposed to antibiotics, those cells without natural resis-
tance to the drugs will be killed; those with resistance will thrive in an environment of reduced 
competition. Given repeated antibiotic exposure and time, any bacterial species will develop 
some form of resistance. Society’s misuse of antibiotics over the last century has exacerbated 
and expedited this process, and turned resistance into a current and grave threat to modern 
medicine. Without antibiotics, the infection-related risks of procedures—from surgery to or-
gan transplants—will substantially increase mortality rates. Treating cancer patients on che-
motherapy with antibiotics to prevent infection will become impossible.

T e economic cost of allowing antimicrobial resistance to continue is likely to be extreme. 
T e costs associated with antimicrobial resistance are already large, and will grow exponen-
tially if the problem is not tackled. Costs will spiral as we sustain longer hospital admissions 
and resort to the few newer, more expensive antibiotics. Annual health care costs and produc-
tivity losses attributable to antimicrobial resistance are dif  cult to calculate and estimates vary 
considerably, yet all the estimates are large. One estimate suggests that the total societal and 
health care cost in Europe is €1.5 billion, and another estimate suggests that the total cost in 
the United States is $55 billion (http://bit.ly/1hi4oR7; http://1.usa.gov/1hi4W9E).

Immediate and coordinated global action is required to preserve the ef ectiveness of the 
current antimicrobial armoury (of en referred to as “stewardship”) and to incentivise the de-
velopment of new antimicrobials. Preservation of antibiotic ef ectiveness begins at the individ-
ual level. T roughout society, assiduous hygiene practices need to be reinforced. T e ef ect of 
regular handwashing in health care settings on incidence rates of infections caused by resistant 
bacteria is well-documented (http://bit.ly/1hi7PXS). In the community, improved sanitation 
and hygiene practices are likely to reduce both the burden of infection (and hence the use of 
antibiotics) as well as the spread of resistant organisms.

Individual action is also required on the part of prescribers. A complex web of inf uence 
drives prescribing behavior, including demands from patients, competition from alternative 
systems of health care, and in some countries, f nancial incentives to prescribe. To reduce the 
likelihood of the development of resistance, we must ensure that prescribers of er the right 
antibiotic, at the right dose, for the right amount of time. T is includes narrowing the spec-
trum of antibiotic therapy in a timely manner as microbiological evidence of the causative 
agent becomes available. T is could be aided through the development of rapid and cheap 
point-of-care diagnostics, which may help to reduce the incidence of initial prescriptions for 
broad-spectrum antibiotics.

Governments around the world need to tackle the gross misuse of antibiotics. For example, 
most of the 100,000 to 200,000 metric tons of antibiotics manufactured every year is used in 
the agricultural, aquacultural, and veterinary sectors (http://bit.ly/1hi9igO). A pricing para-
dox exists in farming in which antibiotics, a scarce natural resource, cost less than implemen-
tation of more ef ective hygiene practices. Indeed, antibiotics are used in many countries to 
promote animal growth and hence increase meat yield, rather than for the direct treatment of 
infections. Reduction of antibiotic use in animal rearing must be achieved while maintaining 
the security of the food supply. We need to better understand the link between animal antibi-
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be killed; those with resistance will thrive in an environment of reduced competition. Given repeated 
antibiotic exposure and time, any bacterial species will develop some form of resistance. Society’s mis-
use of antibiotics over the last century has exacerbated and expedited this process, and turned resistance 
into a current and grave threat to modern medicine. Without antibiotics, the infection-related risks of  
procedures—from surgery to organ transplants—will substantially increase mortality rates. Treating 
cancer patients on chemotherapy with antibiotics to prevent infection will become impossible.

The economic cost of allowing antimicrobial resistance to continue is likely to be extreme. The costs 
associated with antimicrobial resistance are already large, and will grow exponentially if the problem is 
not tackled. Costs will spiral as we sustain longer hospital admissions and resort to the few newer, more 
expensive antibiotics. Annual health care costs and productivity losses attributable to antimicrobial 
resistance are difficult to calculate and estimates vary considerably, yet all the estimates are large. One 
estimate suggests that the total societal and health care cost in Europe is €1.5 billion, and another esti-
mate suggests that the total cost in the United States is $55 billion (http://bit.ly/1hi4oR7; https://www.
cdc.gov/drugresistance/pdf/ar-threats-2013-508.pdf).

Immediate and coordinated global action is required to preserve the effectiveness of the current 
antimicrobial armoury (often referred to as “stewardship”) and to incentivise the development of new 
antimicrobials. Preservation of antibiotic effectiveness begins at the individual level. Throughout so-
ciety, assiduous hygiene practices need to be reinforced. The effect of regular handwashing in health 
care settings on incidence rates of infections caused by resistant bacteria is well-documented (http://
bit.ly/1hi7PXS). In the community, improved sanitation and hygiene practices are likely to reduce both 
the burden of infection (and hence the use of antibiotics) as well as the spread of resistant organisms.

Individual action is also required on the part of prescribers. A complex web of influence drives 
prescribing behavior, including demands from patients, competition from alternative systems of health 
care, and in some countries, financial incentives to prescribe. To reduce the likelihood of the develop-
ment of resistance, we must ensure that prescribers offer the right antibiotic, at the right dose, for the 
right amount of time. This includes narrowing the spectrum of antibiotic therapy in a timely manner 
as microbiological evidence of the causative agent becomes available. This could be aided through the 
development of rapid and cheap point-of-care diagnostics, which may help to reduce the incidence of 
initial prescriptions for broad-spectrum antibiotics.

Governments around the world need to tackle the gross misuse of antibiotics. For example, most 
of the 100,000 to 200,000 metric tons of antibiotics manufactured every year is used in the agricultur-
al, aquacultural, and veterinary sectors (http://bit.ly/1hi9igO). A pricing paradox exists in farming in 
which antibiotics, a scarce natural resource, cost less than implementation of more effective hygiene 
practices. Indeed, antibiotics are used in many countries to promote animal growth and hence increase 
meat yield, rather than for the direct treatment of infections. Reduction of antibiotic use in animal rear-
ing must be achieved while maintaining the security of the food supply. We need to better understand 
the link between animal antibiotic use and human health, and the costs of inaction to society, the econ-
omy, and our health. International collaboration on the introduction, surveillance, and enforcement of 
guidelines regarding the appropriate use of antibiotics could be fostered through a resolution passed by 
the Food and Agriculture Organisation of the United Nations (www.fao.org/home/en).

In many countries, an over-the-counter supply of antibiotics without a prescription is the norm. This 
greatly reduces control of the antibiotic supply, as well as our ability to monitor the use of antibiotics 
and the development of resistance. However, in countries where access to the advice of qualified med-
ical practitioners is limited, such supplies probably save many lives. There is a balance to be struck be-
tween limiting the availability of antibiotics and ensuring timely access to treatment for those who need 
them. Such a balance is difficult to strike in countries with robust health care systems, but is exponen-
tially more difficult in those with limited health facilities. The increasing pattern of resistance shown 
by the Enterobacteriaceae, the leading cause of newborn sepsis in developing countries, demonstrates 
that resistance is a serious threat in these countries. Concerted global action is required to tackle this 
problem and also to ensure equity of access to effective treatments. Above all, it is important that the 
needs of all countries, regardless of income or geographical location, are considered as plans to tackle 
antimicrobial resistance are developed.

To this end, the World Health Organization (WHO) executive board adopted a resolution on anti-
microbial resistance in January of this year. If passed by member states at the World Health Assembly 
next week, the resolution will ask the WHO to develop a global action plan to tackle this major public 
health issue. In addition, passage of the resolution will mean that the WHO will support individual 
countries in developing their own strategies for dealing with antimicrobial resistance. This resolution is 
an important step toward tackling antimicrobial resistance worldwide.

There is also a pressing need to address the drug-development pipeline. We have previously been for-
tunate enough to have a continued supply of antibiotics to replace those to which bacteria have become 
resistant, but there has not been a new class of antibiotic developed since 1987 (http://bit.ly/1hibxAM). 
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T
hirty-five years ago, it was believed that 
the health burden of infectious diseas-
es was close to becoming insignificant 
as hygiene, improved nutrition, drugs, 
and vaccines brought about a steady de-
cline in overall mortality (1). In recent 

decades, however, it has become clear that the 
threat from serious infectious diseases will per-
sist, and human mortality attributed to infec-
tion is projected to remain at current levels of 
13 to 15 million deaths annually until at least 
2030 (2). Successes in eradicating smallpox and 
rinderpest have been isolated events in a land-
scape of endemic and epidemic infections (3). 
Newly emerging infectious agents represent a 
continuing challenge—for example, HIV in the 
20th century; more recently, severe acute respi-
ratory syndrome (SARS) and Middle Eastern 
respiratory syndrome (MERS) coronaviruses; 
West Nile Virus; Nipah virus; drug-resistant 
pathogens; novel influenza A strains; and a ma-
jor Ebola virus outbreak in 2014–2015. Most 
new infections enter the human population 
from wildlife or livestock, and the possibilities 
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Modeling infectious disease  
dynamics in the complex landscape  
of global health
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Chris Dye,6 Ken T. D. Eames,7 W. John Edmunds,7 Simon D. W. Frost,8 Sebastian Funk,4 T. Deirdre 
Hollingsworth,9,10 Thomas House,11 Valerie Isham,12 Petra Klepac,8 Justin Lessler,13 James O. Lloyd-
Smith,14 C. Jessica E. Metcalf,15 Denis Mollison,16 Lorenzo Pellis,11 Juliet R. C. Pulliam,17,18 Mick G. 
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Despite some notable successes in the control of infectious diseases, transmissible pathogens still 
pose an enormous threat to human and animal health. The ecological and evolutionary dynamics 
of infections play out on a wide range of interconnected temporal, organizational, and spatial 
scales, which span hours to months, cells to ecosystems, and local to global spread. Moreover, 
some pathogens are directly transmitted between individuals of a single species, whereas others 
circulate among multiple hosts, need arthropod vectors, or can survive in environmental reservoirs. 
Many factors, including increasing antimicrobial resistance, increased human connectivity and 
changeable human behavior, elevate prevention and control from matters of national policy to 
international challenge. In the face of this complexity, mathematical models offer valuable tools for 
synthesizing information to understand epidemiological patterns, and for developing quantitative 
evidence for decision-making in global health.

The development of new antibiotics requires innovative funding solutions to promote research in this 
field while removing the incentive for pharmaceutical companies to attempt to maximize sales volume 
of any newly developed product. Pharmaceutical companies are currently not incentivized to focus on 
antibiotics compared with other drugs for long-term conditions, such as statins and antihypertensives 
for cardiovascular disease, because antibiotics are given for shorter periods of time and therefore are far 
less profitable. Drugs for chronic conditions are taken every day for the rest of a patient’s life, whereas 
antibiotics may only be taken for a week once every few years. New models need to be developed such 
as decoupling sales volume from monetary reward. Such models may be public-private partnerships, 
advanced purchase agreements, or something entirely new and are likely to require collaborations  
among academia, research funders, and not-for-profit organizations. Because of the international na-
ture of regulations and in order to secure widespread availability of new products and foster global 
cooperation, any economic model developed would need to be standardized across nations. As such, 
the model will need to be acceptable to all nations.

Antimicrobial resistance is of such concern to the UK that it is now on the risk registers for both the 
Department of Health and the Department for Environment, Food and Rural Affairs, alongside threats 
such as climate change. These risk registers assess the likelihood and potential impact of major risks 
that may directly affect the UK within the next 5 years and allow the relevant departments to plan their 
response to such events. Antimicrobial resistance, however, can only be successfully addressed through 
international cooperation. Given that resistant bacteria can be easily transmitted between countries, 
any mechanism that incentivizes the development of new antibiotics will only be effective if applied to 
the international pharmaceutical market as a whole. New basic and translational research efforts will be 
needed to identify new microbial targets and to develop drugs against them. We also need to galvanize 
international collaborations to prevent the global spread of antimicrobial resistance. This includes pre-
vention and control, surveillance and monitoring, as well as stewardship and conservation. By working 
together as countries, we believe that sustainable solutions can be developed. Passage of WHO’s resolu-
tion on antimicrobial resistance at the World Health Assembly next week would be an important first 
step in helping to solve this international crisis.

– Simon J. Howard, Sarah Hopwood, Sally C. Davies
Acknowledgments: Sally C. Davies is Chair of the WHO Science and Technical Advisory Group on Antimicrobial Resistance and the 
Antimicrobial Resistance Forum of the World Innovation Summit for Health.
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for emergence and spread in the coming de-
cades are likely to increase as a result of popu-
lation growth, increased urbanization and land 
changes, greater travel, and increased livestock 
production to meet demands from the world’s 
expanding population (4–8). In our modern 
world of instant communication, the changing 
behavior of individuals in response to publicity 
about epidemics can have profound effects on 
the course of an outbreak (9, 10). Phylogenetic 
data shed light on an additional layer of com-
plexity (11), as will increased understanding of 
the human genome in relation to susceptibility, 
infectiousness, and its duration. At the same 
time, the development of effective new vaccines 
remains a difficult challenge, especially for an-
tigenically very variable pathogens (e.g., HIV 
or falciparum malaria) and for pathogens that 
stimulate immunity that is only partly protec-
tive (e.g., Mycobacterium tuberculosis) or tem-
porary (e.g., Vibrio cholerae).

In the face of this complexity, computational 
tools (Box 1) are essential for synthesizing infor-
mation to understand epidemiological patterns 
and for developing and weighing the evidence 
base for decision-making. Here, we review the 
contribution of these tools to our understanding 
of infectious disease dynamics for public health 
by using representative examples and by rang-
ing into current developments. We argue that to 
improve decision-making for human health and 
for sustaining the health of our food systems, 
experts on infectious disease dynamics and ex-
perts on prevention and control need to collab-
orate on a global scale. To succeed, quantitative 
analysis needs to lie at the heart of public health 
policy formulation.

Models and public health policy formulation
The value of mathematical models to investigate 
public health policy questions was recognized at 
least 250 years ago when, in 1766, Daniel Ber-
noulli published a mathematical analysis of the 
benefits of smallpox inoculation (then called va-
riolation) (12). In the past 50 years, the study of 
infectious disease dynamics has grown into a rich 
interdisciplinary field. For example, decision- 
making for vaccination strategies increasingly 
depends on model analyses in which infection 
dynamics are combined with cost data (Box 2, 
Influenza: prevention and control). In recent 
decades, responses to major infectious disease 
outbreaks, including HIV, bovine spongiform 
encephalopathy (BSE), foot-and-mouth disease 
(FMD), SARS, and pandemic and avian influen-
za, have shown both the need for and capabili-
ties of models (Box 3, HIV: Test and treat strate-
gy). Model-based analysis of such outbreaks also 
continually brings improvements in methodolo-
gy and data, emerging from the comparison of 
model prediction with observed patterns.

For infectious agents important to public 
health, a series of principles has emerged for 
modeling infection dynamics (Table 1 and Box 
4). The basic reproduction number R0, for ex-
ample, is a central concept characterizing the 
average number of secondary cases generated 
by one primary case in a susceptible population. 
This concept highlights what must be measured 
to interpret observed disease patterns and to 
quantify the impact of selected control strate-
gies (Fig. 1).

Two fundamental properties of the world that 
shape infectious disease dynamics make com-
putational tools key for understanding reality. 
The world is essentially a stochastic and high-
ly nonlinear system. The nonlinearity derives 
not only from the complex interaction between 
factors involved in transmission, but also from 
the influence that the infection process has on 
the distribution of important characteristics at 
various temporal and spatial scales. This effect 
is seen in the age-related nature of infection and 
mortality in HIV changing the age distribution 
of the population, and in previous exposure to 
strains of influenza altering the distribution of 
influenza susceptibility. Such feedback mecha-
nisms contribute to the nonlinearity of infection 
processes. Nonlinearity also leads to counter- 
intuitive phenomena (Fig. 2) and prevents sim-
ple extrapolation of experience from one situa-
tion to another, such as when deciding whether 
to implement a vaccination policy in different 
countries (Fig. 1). Mathematical tools, relating 
to data and processes on a large range of inter-
acting scales, have become essential to explore, 
anticipate, understand, and predict the effects of 
feedbacks within such complex systems, includ-
ing changes caused by intervention.

Current and future opportunities for models 
in public health
Over the past decade, key public health ques-
tions, ranging from emergence to elimination, 
have posed a range of challenges for modeling 
infectious disease dynamics, many of which rely 
on leveraging disparate data sources and inte-
grating data from a range of scales from genom-
ics to global circulation. Given commonalities 
in processes across pathogens, progress made 
in one area can lead to advances in another.  
Progress in the areas described above all build 
on and inform each other, making this a dy-
namic time for research in the discipline (13). A  
few themes are chosen to illustrate current 
trends in model development and public health 
application.

Real-time outbreak modeling: 
The Ebola 2014–2015 outbreak
The 2014–2015 outbreak of Ebola in West Af-
rica serves to highlight both opportunities and 

challenges in modeling for public health. In 
the initial phase of this outbreak, real-time es-
timates of the reproduction number or simple 
exponential extrapolation (14) allowed short-
term predictions of epidemic growth that were 
used, for example, to plan for necessary bed 
capacity. Quantitative phylogenetic tools ap-
plied to samples from initial victims provided 
important estimates of the origin of the out-
break (15). Early mechanistic models that ex-
plicitly took into account the roles played by 
different transmission routes or settings were 
informed by analysis of earlier outbreaks (16, 
17). When the failure to contain the epidemic 
with methods successful in previous outbreaks 
led to a scale-up of capacity driven by interna-
tional aid, such models were used to assess the 
impact of, for example, reducing transmission 
at funerals (17) and whether the construction 
of novel types of treatment centers could end 
up doing more harm than good. Ensuring that 
the most effective combinations of interven-
tions were implemented required close and 
fast interaction between modelers and policy- 
makers (18). Looking forward, models are now 
used to help clinical trial design and inform a 
debate on the optimal deployment of initially 
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scarce Ebola vaccines, once such vaccines be-
come available.

With the opportunities of real-time modeling 
for public health come specific challenges. The 
imperative to produce reliable and meaningful 
analysis for those treating infected people has to 
be balanced against the pressures and delays of 
scientific publication. In an ongoing outbreak, 
data can be patchy and reporting delayed, and 
different data sources are not always synthe-
sized. When the Ebola outbreak expanded ex-
plosively in the summer of 2014, data were often 
lacking on the effect on transmission dynamics 
of the various control measures that operated 
simultaneously in the hectic circumstances of 
the most severely hit areas. In any emerging 
epidemic, underreporting is a critical challenge 
for ongoing assessment of this epidemic and 
has had enormous impact on predictions of 
out-break size, but also of outbreak impact—for 
example, in terms of the case-fatality ratio (the 
proportion of cases that lead to death). Early in 
any outbreak, this estimate of severity can suffer 
from imprecise information on both the numer-
ator (if not all deaths due to the infection are 
identified as such; for example, because health 
services are overwhelmed caring for the sick) 
and the denominator (if cases are not reported 
or, conversely, noncases get reported as cases if 
they are not laboratory-confirmed). This caused 
problems early in the H1N1 influenza outbreak 
first reported in in Mexico in 2009, as well as 
in the current Ebola outbreak. Although level 
of underreporting can be estimated from ret-
rospective serological studies, it is usually not 
identifiable in real-time data.

These limitations make it almost impossible 
to make reliable long-term predictions. Thus, 
modeling results are often based on scenarios in 
which a pathogen spreads unaltered by behav-
ioral changes or the public health response. This 
rarely reflects reality, especially in such a dev-
astating outbreak as Ebola, where the situation 
constantly changes owing to growing awareness 
in the community, as well as national and inter-
national intervention. Careful communication 
of findings is key, and data and methods of anal-
ysis (including code) must be made freely avail-
able to the wider research community. Only in 
this way can reproducibility of analyses and an 
open exchange of methods and results be en-
sured for maximal transparency and benefit to 
public health.

Emergence of novel human pathogens
There is an ever-present hazard that novel hu-
man pathogens emerge from livestock and wild 
mammal and bird reservoirs. Research on po-
tential emerging zoonoses draws on concepts 
from across the spectrum of infectious disease 
dynamics, disease ecology, microbiology, and 

phylogenetic analysis. Particular challenges in-
clude estimating human-to-human transmis-
sibility against a backdrop of ongoing zoonotic 
spillover, detecting anomalous outbreaks, and 
assessing the risk that more dangerous strains 
may arise through pathogen evolution.

The recently identified gap in methodology 
for zoonoses with weak human-to-human trans-
mission (6) is being filled with new approach-
es for estimating R0 and other transmission- 
related quantities from subcritical outbreak 
data (19–21). These studies address key public 
health concerns, but rely on strong assump-
tions regarding the quality and completeness 
of case observations. Better information on 
surveillance program efficacy could be gained 
through serological surveys (where blood 
and saliva samples reveal evidence of past and 
present infections) or sociological study, and 
modeling studies can help to design and char-
acterize efficient surveillance programs (22). 
Given the predominance of zoonotic patho-
gens among emerging infections, models for 
transmission dynamics and evolution in multi- 
species ecosystems and food webs (consisting 
of host species and nonhost species interacting 
ecologically and epidemiologically) are a crucial 
area for future development (6, 23). The greatest 

challenge—and the greatest prize—in modeling 
emerging zoonoses is to assess which diseases 
pose the most risk to humans and how these 
might change over time and in different locali-
ties (24). Such tasks, which will join molecular 
studies to experimental infections to epidemio-
logical and ecological surveys, will drive empir-
ical and theoretical efforts for decades to come.

The rising availability of pathogen genome 
sequence data, coupled with new computation-
al methods, presents opportunities to identify 
with precision “who infects whom” and the 
networks of infection between humans and 
reservoirs (25). Full realization of this poten-
tial, though, will require denser and more sys-
tematic whole-genome sampling of pathogens 
coupled with associated epidemiological data, 
as well as baseline information on genetic di-
versity and evolutionary rates, especially in an-
imal hosts (26).

Pathogen evolution and phylodynamics
As pathogen genetic data become increasingly 
available, modelers are finding ways to synthesize 
these new data streams with more traditional epi-
demiological information in phylodynamic tools 
(27, 28). However, current frameworks employ 
compartmental epidemiological models, which 

nonlinear system. The nonlinearity derives not
only from the complex interaction between fac-
tors involved in transmission, but also from the
influence that the infection process has on the
distribution of important characteristics at vari-
ous temporal and spatial scales. This effect is
seen in the age-related nature of infection and
mortality in HIV changing the age distribution
of the population, and in previous exposure to
strains of influenza altering the distribution of
influenza susceptibility. Such feedback mecha-
nisms contribute to the nonlinearity of infection
processes. Nonlinearity also leads to counter-
intuitive phenomena (Fig. 2) and prevents simple
extrapolation of experience from one situation to
another, such as when deciding whether to im-
plement a vaccination policy in different coun-
tries (Fig. 1). Mathematical tools, relating to data
and processes on a large range of interacting scales,
have become essential to explore, anticipate, un-
derstand, and predict the effects of feedbacks
within such complex systems, including changes
caused by intervention.

Current and future opportunities for
models in public health

Over the past decade, key public health ques-
tions, ranging from emergence to elimination,
have posed a range of challenges for modeling
infectious disease dynamics, many of which rely
on leveraging disparate data sources and inte-
grating data from a range of scales from ge-
nomics to global circulation. Given commonalities
in processes across pathogens, progress made
in one area can lead to advances in another.
Progress in the areas described above all build
on and inform each other, making this a dy-
namic time for research in the discipline (13).
A few themes are chosen to illustrate current
trends in model development and public health
application.

Real-time outbreak modeling:
The Ebola 2014–2015 outbreak

The 2014–2015 outbreak of Ebola in West Africa
serves to highlight both opportunities and chal-
lenges in modeling for public health. In the ini-
tial phase of this outbreak, real-time estimates
of the reproduction number or simple exponen-
tial extrapolation (14) allowed short-term predic-
tions of epidemic growth that were used, for
example, to plan for necessary bed capacity.
Quantitative phylogenetic tools applied to sam-
ples from initial victims provided important es-
timates of the origin of the outbreak (15). Early
mechanistic models that explicitly took into ac-
count the roles played by different transmission
routes or settings were informed by analysis of
earlier outbreaks (16, 17). When the failure to
contain the epidemic with methods successful in
previous outbreaks led to a scale-up of capacity
driven by international aid, such models were
used to assess the impact of, for example, reduc-
ing transmission at funerals (17) and whether
the construction of novel types of treatment cen-
ters could end up doing more harm than good.
Ensuring that the most effective combinations

of interventions were implemented required close
and fast interaction between modelers and policy-
makers (18). Looking forward, models are now
used to help clinical trial design and inform a
debate on the optimal deployment of initially
scarce Ebola vaccines, once such vaccines be-
come available.
With the opportunities of real-time modeling

for public health come specific challenges. The
imperative to produce reliable and meaningful
analysis for those treating infected people has to
be balanced against the pressures and delays of
scientific publication. In an ongoing outbreak,
data can be patchy and reporting delayed, and
different data sources are not always synthe-
sized. When the Ebola outbreak expanded ex-
plosively in the summer of 2014, data were often
lacking on the effect on transmission dynamics
of the various control measures that operated
simultaneously in the hectic circumstances of
the most severely hit areas. In any emerging
epidemic, underreporting is a critical challenge
for ongoing assessment of this epidemic and
has had enormous impact on predictions of out-
break size, but also of outbreak impact—for ex-
ample, in terms of the case-fatality ratio (the
proportion of cases that lead to death). Early in
any outbreak, this estimate of severity can suffer
from imprecise information on both the numer-
ator (if not all deaths due to the infection are
identified as such; for example, because health

services are overwhelmed caring for the sick)
and the denominator (if cases are not reported
or, conversely, noncases get reported as cases if
they are not laboratory-confirmed). This caused
problems early in the H1N1 influenza outbreak
first reported in in Mexico in 2009, as well as in
the current Ebola outbreak. Although level of
underreporting can be estimated from retro-
spective serological studies, it is usually not
identifiable in real-time data.
These limitations make it almost impossible

to make reliable long-term predictions. Thus,
modeling results are often based on scenarios in
which a pathogen spreads unaltered by behav-
ioral changes or the public health response. This
rarely reflects reality, especially in such a devas-
tating outbreak as Ebola, where the situation
constantly changes owing to growing awareness
in the community, as well as national and inter-
national intervention. Careful communication of
findings is key, and data and methods of analysis
(including code) must be made freely available
to the wider research community. Only in this
way can reproducibility of analyses and an open
exchange of methods and results be ensured
for maximal transparency and benefit to public
health.

Emergence of novel human pathogens

There is an ever-present hazard that novel hu-
man pathogens emerge from livestock and wild
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Box 1. Quantitative tools in infectious disease dynamics.

Here, we use the words “computational tools” loosely. In infectious disease dynamics, there is a
broad range of relevant quantitative tools, and we refer to the entire collection. It comprises
statistical methods for inference directly from data, including methods to analyze sequencing and
other genetic data. This leads to estimates of important epidemiological information such as
length of latency, incubation and infectious periods and their statistical distributions, inferred
transmission chains and trees early in outbreaks, the risks related to various transmission routes,
or estimates of rates of evolution. Mathematical models in the strict sense refer to mathematical
descriptions of processes thought to be associated with the dynamics of infection—for example, in a
population or within an individual. Such models take many forms, depending on the level of bi-
ological knowledge of processes involved and data available, and depending on the purpose.
Several classes of model are used, spanning the spectrum of information available. At one end

of the range are detailed individual-based simulation models, where large numbers of distinct
individual entities (with their own characteristic traits such as age, spatial location, sex, immune
status, risk profile, or behavior pattern) are described in interaction with each other, possibly in a
contact network, and with the infectious agent. At the other end are compartmental models where
no individuals are recognized, but only states for individuals (for example: susceptible, infectious,
immune) aggregated into compartments where everyone has the same average characteristics
and where interaction is typically uniform (everybody interacts with everybody else). Such models
do not describe the disease history of single individuals, but rather the time evolution of aggre-
gated variables, such as the number of individuals that are currently susceptible.
Mathematical models can have both mechanistic parts in their description, based on assump-

tions about biological mechanisms involved, and more phenomenological parts, where there is a
statistical or presumed relation between variables, without clear assumptions from which this re-
lation can be derived. An example of the former is the assumption of mass action to describe
interaction between individual hosts; an example of the latter is an empirical relation between the
length of an infectious period in a mosquito and environmental temperature.
For infectious disease dynamics, our world is clearly stochastic, in that chance events play a role in

many of the processes involved. Certainly at lower levels of biological aggregation, chance dominates—
for example, in infection of individual cells or in contacts individual hosts make. At higher aggregation
levels, many cells or individuals interact, and chance effects may average out to allow deterministic
descriptions.There are purely stochastic models, purely deterministic models, and models that are
mixed. It is important to point out that, even though the world is stochastic, stochastic descrip-
tions are not by definition better than deterministic descriptions. Both are still models of reality,
and the fact that chance plays a role may have a far less significant influence on model outcome
and prediction than choices made in the relations between ingredients and variables.
Areas of rapid growth are statistical and numerical methods and tools to estimate model pa-

rameters from, often scarce, mismatched or incomplete data, and to contrast model output with
real-world observations.
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do not make efficient use of individual-level ep-
idemiological data. Although sampling theory is 
well developed for standard surveillance data, the 
relationship between a set of pathogen sequenc-
es and the phylogeny inferred from a population 
sample is more complex (11). Many-to-one map-
ping possibilities between, on the one hand, com-
binations of epidemiological, immunological, 
and evolutionary processes shaping sequences 
and, on the other hand, the inferred phylogeny, 
demand the integration of diverse data sources 
and an increased focus on systematic sampling.

Phylodynamic studies to date have largely fo-
cused on fast-evolving RNA viruses, driven by 
the large amount of data generated for clinical 

[e.g., hepatitis C virus (HCV) or HIV)] or surveil-
lance (e.g., influenza) purposes (11). Replicating 
these efforts on an expanded array of pathogens, 
including DNA viruses, bacteria, fungi, protozoa 
(e.g., malaria), and helminths, is a promising av-
enue for future research (29). It is of particular 
importance in the context of the evolution and 
spread of drug-resistant variants and vaccine es-
cape mutants. However, genome-wide pathogen 
data also present challenges, in particular in rela-
tion to accommodating recombination, reassort-
ment, and mobile genetic elements. Analysis of 
bacterial genomes usually considers only those 
genes that are shared across taxa, but there are 
good reasons to believe that noncore genes play 

an important role in bacterial evolution, includ-
ing the evolution of antibiotic resistance (30).

Although sequence data are extremely valu-
able, to link these data fully to disease dynamics, 
it will be important to determine how sequence 
changes affect functions related to pathogen fit-
ness, such as replication rate, transmissibility, and 
immune recognition. Molecular epidemiological 
studies often treat pathogen genetic variation as 
simply reflecting the underlying transmission 
process, whereas in reality such variation may 
play an important role in determining transmis-
sion dynamics, as exemplified by escape from 
herd immunity by influenza A virus (31).

“Deep” sequencing of pathogens with-
in individual hosts gener-
ates information on within- 
host diversity, resulting from evolu-
tion within the host (often in response 
to drug treatment), or multiple infec-
tions. To tackle within-host diversity, 
models that embed pathogen evolu-
tion within a transmission tree are  
needed. Such models, which cross 
the within- and between-host 
scales, are only just becoming an-
alytically and computationally  
feasible despite being proposed 
several years ago (32). Similarly, 
although progress has been made 
in scaling inference from genes to  
genomes (33), scaling inference to 
large numbers of sequences is lag-
ging far behind. 

Multiple infections
Infectious disease epidemiology 
evolved by focusing on interactions 
between a single host species and a 
single infectious agent. It is becom-
ing increasingly clear that multiple 
agents simultaneously infecting the 
same host populations and individ-
uals appreciably add to the public 
health burden and complicate pre-
vention and control. Coinfections in 
relation to HIV— for example, tuber-
culosis and HCV—or coinfection of 
different strains of influenza A virus 
raise important public health and 
evolutionary issues. Multiple agents 
infecting the same host individual 
have been shown to influence each 
other by increasing or decreasing 
susceptibility and/or infectivity of 
that individual, thereby influencing 
the population dynamics of these 
agents in ways that we have yet to ex-
plore and understand (34, 35).

Multiple infections of the same 
individual with closely related patho-

mammal and bird reservoirs. Research on po-
tential emerging zoonoses draws on concepts
from across the spectrum of infectious disease
dynamics, disease ecology, microbiology, and
phylogenetic analysis. Particular challenges in-
clude estimating human-to-human transmis-
sibility against a backdrop of ongoing zoonotic
spillover, detecting anomalous outbreaks, and
assessing the risk that more dangerous strains
may arise through pathogen evolution.
The recently identified gap in methodology

for zoonoses with weak human-to-human trans-
mission (6) is being filled with new approaches
for estimating R0 and other transmission-related
quantities from subcritical outbreak data (19–21).
These studies address key public health concerns,
but rely on strong assumptions regarding the

quality and completeness of case observations.
Better information on surveillance program effi-
cacy could be gained through serological surveys
(where blood and saliva samples reveal evidence
of past and present infections) or sociological
study, and modeling studies can help to design
and characterize efficient surveillance programs
(22). Given the predominance of zoonotic path-
ogens among emerging infections, models for
transmission dynamics and evolution in multi-
species ecosystems and food webs (consisting of
host species and nonhost species interacting
ecologically and epidemiologically) are a crucial
area for future development (6, 23). The greatest
challenge—and the greatest prize—in modeling
emerging zoonoses is to assess which diseases
pose the most risk to humans and how these

might change over time and in different local-
ities (24). Such tasks, which will join molecular
studies to experimental infections to epide-
miological and ecological surveys, will drive
empirical and theoretical efforts for decades
to come.
The rising availability of pathogen genome

sequence data, coupled with new computational
methods, presents opportunities to identify with
precision “who infects whom” and the networks
of infection between humans and reservoirs (25).
Full realization of this potential, though, will re-
quire denser and more systematic whole-genome
sampling of pathogens coupled with associated
epidemiological data, as well as baseline infor-
mation on genetic diversity and evolutionary
rates, especially in animal hosts (26).

Pathogen evolution
and phylodynamics

As pathogen genetic data become
increasingly available, modelers are
finding ways to synthesize these new
data streams with more traditional
epidemiological information in phy-
lodynamic tools (27, 28). However,
current frameworks employ compart-
mental epidemiologicalmodels, which
do notmake efficient use of individual-
level epidemiological data. Although
sampling theory is well developed for
standard surveillance data, the rela-
tionship between a set of pathogen
sequences and the phylogeny inferred
from a population sample is more
complex (11). Many-to-one mapping
possibilities between, on the one hand,
combinations of epidemiological, im-
munological, and evolutionary pro-
cesses shaping sequences and, on the
other hand, the inferred phylogeny,
demand the integration of diverse
data sources and an increased focus
on systematic sampling.
Phylodynamic studies to date have

largely focused on fast-evolving RNA
viruses, driven by the large amount of
data generated for clinical [e.g., hepa-
titis C virus (HCV) or HIV)] or surveil-
lance (e.g., influenza) purposes (11).
Replicating these efforts on an ex-
panded array of pathogens, including
DNA viruses, bacteria, fungi, protozoa
(e.g., malaria), and helminths, is a
promising avenue for future research
(29). It is of particular importance in
the context of the evolutionand spread
of drug-resistant variants and vaccine
escape mutants. However, genome-
wide pathogen data also present chal-
lenges, in particular in relation to
accommodating recombination, reas-
sortment, and mobile genetic ele-
ments. Analysis of bacterial genomes
usually considers only those genes that
are shared across taxa, but there are
good reasons to believe that noncore

SCIENCE sciencemag.org 13 MARCH 2015 • VOL 347 ISSUE 6227 aaa4339-3

Fig. 1. Modeling for public health exemplified by rubella. (A to F) Policy questions are formulated; available data 
are brought to bear on the question. In this example, the incidence of rubella is shown following the introduction of 
vaccination in individuals under 15 or 15+ years of age in Costa Rica (127). Application of a nonlinear age-structured 
SIR model (see Box 4) to these circumstances led to the collection of key missing data. In the bottom right-hand plot, 
each square depicts a combination of birth rate and infant vaccine coverage reflecting different countries (e.g., 
Somalia depicted by a diamond and Nepal by a circle), colored by expected effect on congenital rubella syndrome 
(CRS) in newborns,  related to local  R0 (128). This translates into confidence that routine vaccination is likely to 
reduce the public health burden caused by CRS in Nepal (green), but not in Somalia (red).
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gens occur when infection elicits no immunity, 
or only a partial immune response. Macropar-
asites, including many of the important human 
helminth infections, are good examples of patho-
gens that evade human immune responses and 
cause repeated infection of the same host (36). 
Biological mechanisms giving rise to such mul-
tiple infections include sequential reinfections 
caused by antigenic drift in influenza, antigenic 

variation in respiratory syncytial virus (RSV), 
and waning (slow loss of) immunity in pertussis, 
while lack of cross-protection in many coloniz-
ing microparasites— for example, pneumococ-
cus and human papilloma virus (HPV)—allows 
for multiple concurrent infections. Although the 
existence of reinfections is a clinical fact, popu-
lation-level data are scarce as reinfections are of-
ten subclinical and individual-based longitudi-

nal infection histories are often only anecdotal. 
Results from new analytical approaches relating 
to deep sequencing and neutralization tests cov-
ering multiple antigens are being utilized (37).

The immunodynamics of influenza have 
clear policy implications for the identification of 
high-risk groups in connection with pandemic 
planning (38), while the dynamics of waning 
immunity are key to the current concerns about 

genes play an important role in bacterial evo-
lution, including the evolution of antibiotic re-
sistance (30).
Although sequence data are extremely valu-

able, to link these data fully to disease dynamics,
it will be important to determine how sequence
changes affect functions related to pathogen fit-
ness, such as replication rate, transmissibility,
and immune recognition. Molecular epidemi-
ological studies often treat pathogen genetic

variation as simply reflecting the underlying
transmission process, whereas in reality such
variation may play an important role in deter-
mining transmission dynamics, as exemplified
by escape from herd immunity by influenza A
virus (31).
“Deep” sequencing of pathogens within in-

dividual hosts generates information on within-
host diversity, resulting from evolution within
the host (often in response to drug treatment),

or multiple infections. To tackle within-host di-
versity, models that embed pathogen evolution
within a transmission tree are needed. Such mod-
els, which cross the within- and between-host
scales, are only just becoming analytically and
computationally feasible despite being proposed
several years ago (32). Similarly, although pro-
gress has been made in scaling inference from
genes to genomes (33), scaling inference to large
numbers of sequences is lagging far behind.
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Fig. 2. Examples of counterintuitive effects of nonlinear infection dy-
namics. (A) Nonlinear interaction between prevalence of a helminth infec-
tion and infection pressure (as measured by the mean intensity of existing 
infections) means that control measures must have a disproportionately large 
impact on intensity before prevalence is reduced. This effect is predicted by a 
mathematical model (solid line) and corroborated by field data (crosses) (129).
(B) Nonlinear relation between total number of cases of congenital rubella 
syndrome (CRS) and rubella vaccine coverage, showing that suboptimal levels of 
vaccine coverage cause worse health outcomes than no vaccination [adapted 
from (130)]. The line shows model predictions; similar effects have been docu-

mented for real rubella control situations (131). (C and D) Modeling results of 
rebound of gonorrhea transmission with different treatment strategies 
without (C) and with (D) antimicrobial resistance developing [adapted from 
(132)]. In the presence of resistance, focusing treatment on the high-risk core 
group leads to an increase in prevalence approaching that of untreated base-
line prevalence, after an initially strong decline for more than a decade. (E) 
Box plot from field data of a nonlinear relation between R0 for dengue trans-
mission and average dengue hemorrhagic fever (DHF) incidence across 
Thailand, showing that control measures that reduce R0 may paradoxically 
increase cases of DHF [adapted from (133)].
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immunization level for pertussis (39). Multi-
valent vaccines covering only a targeted subset 
from the circulating strains of pneumococcus 
and HPV pose important new applied problems 
(40). The spread of recombinant viruses implies 
the existence of multiple infections. One exam-
ple is the Sydney 2012 strain of norovirus, but 
how this can occur in such an acute infection 
remains to be understood, as the time window 
for multiple exposures is limited, unless sub-
clinical or environmental reservoirs of infection 
are important. Mathematical models could help 
to explore how, for example, such subpopula-
tions may contribute to the dynamics of mul-
tiple infections.

Behavior of hosts
Human behavior is a fundamental determinant 
of infectious disease dynamics, whether by af-
fecting how people come in contact with each 
other, vaccination coverage, reporting biases, 
or adherence to treatment. Traditional epidem-
ic models have tended to ignore heterogeneity 
in contact behavior [although early HIV mod-
els addressed heterogeneity in sexual behavior 
by necessity (41)]. Increasing sophistication 
of contact network models (42), together with 
data on epidemiological contacts, creates op-
portunities for understanding and controlling 
transmission at a fundamental level (43) and 
opens up the possibility of independent study 
of relevant social factors (10). Recent years 
have seen exciting developments in the mea-
surement of contact patterns and “who might 
infect whom” through advances in individual 
electronic identification technology. This is a 
promising avenue for linking pathogen genetic 
data and human behavior. 

Contact patterns are not static and can shift 
during outbreaks as individuals change their be-
havior in response to perceived risk and public 
health interventions (44). Modeling has illumi-
nated this process—for example, by the incorpo-
ration of peer influence on vaccination behavior 
into models of infectious disease dynamics (45, 
46). Analysis of data from online social net-
works has also created promising opportunities 
to validate such approaches with empirical ob-
servations (47, 48).

Movement and travel are tightly linked 
to the spread of infection and have been ex-
plored through models to highlight commut-
ing and agricultural migration driving local 
disease transmission (49) and global disease  
patterns through air travel (50). These proc- 
esses are now being investigated to gain in- 
sights into the more complex case of vector- 
borne diseases, such as malaria and dengue, 
where both host and vector movement can 
interact to drive local (51) and large-scale dy-
namics (52).

Elimination and eradication
Modeling has long provided support for elimi-
nation efforts: Vector control (53), critical com-
munity size (54), herd immunity, and critical 
vaccination threshold (55, 56) were all powerful 
insights from models framed in relatively simple 
and homogeneous terms. Subtleties and com-
plexities in many current eradication programs, 
as well as the availability of novel data sources, 
have called for a range of extensions in the the-
ory. As we approach elimination targets, disease 
dynamics have changed in ways that were largely 
predicted by models, but also in unanticipated 
ways as a result of ignorance about key epidemi-
ological processes (3).

Incentives for control efforts also change, 
both at the individual level [passive or active re-
fusal to participate can develop (57)] and at the 
country level (58). This reinforces the call for 
development of models of human behavior and 
its interaction with infectious disease dynam-
ics (9) potentially drawing on new data sources 
from social media (59, 60), as well as for models 
that can capture national and nongovernmental 
motivations, interactions, and competition, eco-
nomical or otherwise. Long-term control puts 
pathogens under strong selection for resistance, 
calling for evolution-proof control methods (61) 
and novel vaccine technologies and their opti-
mized delivery (62).

Multiple infections

Infectious disease epidemiology evolved by fo-
cusing on interactions between a single host
species and a single infectious agent. It is
becoming increasingly clear that multiple agents
simultaneously infecting the same host popula-
tions and individuals appreciably add to the
public health burden and complicate prevention
and control. Coinfections in relation to HIV— for
example, tuberculosis and HCV—or coinfection
of different strains of influenza A virus raise im-
portant public health and evolutionary issues.
Multiple agents infecting the samehost individual
have been shown to influence each other by in-
creasing or decreasing susceptibility and/or in-
fectivity of that individual, thereby influencing the
population dynamics of these agents in ways that
we have yet to explore and understand (34, 35).
Multiple infections of the same individual with

closely related pathogens occur when infection
elicits no immunity, or only a partial immune
response. Macroparasites, including many of the
important human helminth infections, are good
examples of pathogens that evade human im-
mune responses and cause repeated infection of
the same host (36). Biological mechanisms giving
rise to such multiple infections include sequen-
tial reinfections caused by antigenic drift in in-
fluenza, antigenic variation in respiratory syncytial
virus (RSV), and waning (slow loss of) immunity
in pertussis, while lack of cross-protection in
many colonizing microparasites— for example,
pneumococcus and human papilloma virus
(HPV)—allows for multiple concurrent infec-
tions. Although the existence of reinfections is
a clinical fact, population-level data are scarce as
reinfections are often subclinical and individual-
based longitudinal infection histories are often
only anecdotal. Results from new analytical ap-
proaches relating to deep sequencing and neu-
tralization tests covering multiple antigens are
being utilized (37).
The immunodynamics of influenza have clear

policy implications for the identification of high-
risk groups in connection with pandemic planning
(38), while the dynamics of waning immunity
are key to the current concerns about immuni-
zation level for pertussis (39). Multivalent vac-
cines covering only a targeted subset from the
circulating strains of pneumococcus and HPV
pose important new applied problems (40). The
spread of recombinant viruses implies the exist-
ence of multiple infections. One example is the
Sydney 2012 strain of norovirus, but how this
can occur in such an acute infection remains to
be understood, as the time window for multiple
exposures is limited, unless subclinical or envi-
ronmental reservoirs of infection are important.
Mathematical models could help to explore how,
for example, such subpopulations may contribute
to the dynamics of multiple infections.

Behavior of hosts

Human behavior is a fundamental determinant
of infectious disease dynamics, whether by af-
fecting how people come in contact with each
other, vaccination coverage, reporting biases, or

adherence to treatment. Traditional epidemic
models have tended to ignore heterogeneity in
contact behavior [although early HIV models
addressed heterogeneity in sexual behavior by
necessity (41)]. Increasing sophistication of con-
tact network models (42), together with data on
epidemiological contacts, creates opportunities
for understanding and controlling transmission
at a fundamental level (43) and opens up the
possibility of independent study of relevant social
factors (10). Recent years have seen exciting de-
velopments in the measurement of contact pat-
terns and “who might infect whom” through
advances in individual electronic identification
technology. This is a promising avenue for link-
ing pathogen genetic data and human behavior.
Contact patterns are not static and can shift

during outbreaks as individuals change their be-

havior in response to perceived risk and public
health interventions (44). Modeling has illumi-
nated this process—for example, by the incorpo-
ration of peer influence on vaccination behavior
intomodels of infectious disease dynamics (45, 46).
Analysis of data from online social networks has
also created promising opportunities to validate
such approaches with empirical observations
(47, 48).
Movement and travel are tightly linked to the

spread of infection and have been explored
through models to highlight commuting and ag-
ricultural migration driving local disease trans-
mission (49) and global disease patterns through
air travel (50). These processes are now being in-
vestigated to gain insights into the more complex
case of vector-borne diseases, such as malaria and
dengue, where both host and vector movement
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Box 2. Influenza: prevention and control.

Human influenza—pandemic and seasonal—remains a major issue in public health owing to 
the continued emergence of novel genetic strains, and one where models have successfully 
addressed questions from basic biology to epidemiology and health policy. In recent years, 
modeling and other quantitative analysis has been used to study at least three major issues: 
pandemic preparedness and mitigation strategies (84–89), rethinking vaccination strategies 
for seasonal influenza (70), and improved methods in phylodynamics and influenza strain 
evolution (11). Recent models of influenza fitness have also been developed to predict viral 
evolution from one year to the next, providing a principled and more precise method for the 
vaccine selection required every year (90).
For seasonal influenza, models have played a key role in providing the scientific evidence base 

for vaccination policy, making use of the information in multiple, often unavoidably biased, data 
sources such as syndromic time series, vaccine coverage and efficacy, economic costs, and con-
tact patterns in the population. For example, a combined epidemic and economic model was fitted 
to fine-grained data from many sources to describe the dynamics of influenza in the United 
Kingdom, and the influence of previous vaccination programs (70). With confidence in the model’s 
predictions based on its ability to capture past patterns, it was used to look at alternative vac-
cination strategies and led to a new national policy to vaccinate school-age children (91). Targeting 
those individuals most likely to spread the virus, rather than only those most likely to suffer the 
largest morbidity, is a marked departure from established practice in the UK and is currently under 
consideration elsewhere (92).

Box 3. HIV: test and treat.

Mathematical modeling has played a central role in our understanding of the HIV epidemic, and 
in informing policy from the outset of our recognition of the pandemic (93). Some of the many 
insights include a model-based analysis of viral load data from inhibition experiments, which 
revealed the rapid and ongoing turnover of the within-host viral population (94), and the use of 
phylogenetic models to show that the HIV pandemic did not emerge in the 1980s, but had its roots 
in the early 20th century (95).
A key contribution of mathematical modeling has been to identify when viral transmission 

occurs over the course of infection, which determines the potential to halt spread by various 
measures. Models have shown that transmission of HIV depends on the epidemic phase and 
the sexual behavior of the population, and a large proportion of transmissions may occur late in 
infection (96). Model-based inference in the Netherlands also suggested that the effective 
reproduction number (Box 4) had fallen below 1 due to a combination of low-risk behavior and a very 
effective diagnosis and treatment program (97). The debate was transformed in the mid-2000s, when 
eradication of HIV through a “test and treat” strategy was hypothesized (98, 99). Subsequent trial 
results showing that antiretroviral treatment (ART) of HIV-positive individuals could practically 
eliminate transmission within sexual partnerships when the index case is treated (100) have 
further supported the role of treatment as prevention. Although these findings have not dispelled 
concerns about transmission early in infection (93), or about extra-couple transmission (101), it is 
suggested that high population coverage of ART may have reduced the incidence of HIV infection 
in rural KwaZulu-Natal, South Africa (102).
These findings, combined with the prospect of cheaper, more effective drugs and delivery 

structures, underpin UNAIDS’ goal of “zero new infections” for HIV and the initiation of a multi-
million dollar cluster-randomized trial (103), which will have its outcome assessed against model 
predictions. In the meantime, the scientific discussion of the effectiveness of ART in preventing 
transmission continues, sparked by studies that fail to show a decline in incidence after increased 
treatment (104). Such debates are essential to elucidate areas for improvement of the models 
used and data needs for such improvement, and to highlight methodological limitations (105).
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Finally, since the era of smallpox eradica-
tion, patterns of global disease circulation have 
changed radically. Human mobility and migra-
tion are increasing global connectivity, strength-
ening the need for cooperation and interna-
tional synchronization of efforts (as illustrated 
by polio). Techniques for analysis of novel data 
sources are again key here; e.g., mobile phone 

records provide unique opportunities to under-
stand disease source-sink dynamics (52).

Computational statistics, model fitting,  
and big data
By definition and design, models are not reality. 
The properties of stochasticity and nonlinear-
ity strongly influence the accuracy of absolute 

predictions over long time horizons. Even if the 
mechanisms involved are broadly understood 
and relevant data are available, predicting the 
exact future course of an outbreak is impossi-
ble owing to changes in conditions in response 
to the outbreak itself, and because of the many 
chance effects in play. These stochastic effects 
dominate developments in situations with rel-

can interact to drive local (51) and large-scale
dynamics (52).

Elimination and eradication

Modeling has long provided support for elimi-
nation efforts: Vector control (53), critical com-
munity size (54), herd immunity, and critical
vaccination threshold (55, 56) were all powerful

insights from models framed in relatively sim-
ple and homogeneous terms. Subtleties and com-
plexities in many current eradication programs,
as well as the availability of novel data sources,
have called for a range of extensions in the the-
ory. As we approach elimination targets, disease
dynamics have changed in ways that were large-
ly predicted by models, but also in unanticipated

ways as a result of ignorance about key epide-
miological processes (3).
Incentives for control efforts also change, both

at the individual level [passive or active refusal
to participate can develop (57)] and at the coun-
try level (58). This reinforces the call for develop-
ment of models of human behavior and its
interaction with infectious disease dynamics (9)
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Table 1. Principles for modeling infection dynamics. As different infections
have become the focus of public health attention, the modeling community
has responded by developing improved concepts and methods. The table
concentrates on the period since 1950. The first column lists the classes of
infection, and the second column lists factors whose importance to infection

dynamics became particularly clear in relation to those infections; the third
and fourth columns highlight concepts and methods that were developed in
response. For each row, only a few typical references are given. Many factors,
concepts, and methods are relevant, in current use, and in continual develop-
ment for much larger classes of infectious agents.

Motivating studies Important factors Concepts Methods

Malaria
[1910s, 1950s onwards,
(53, 106, 107)]

Transmission via insect vectors;
nonlinear dependence of
transmission on mosquito
biting rate; influence of
environmental and climatic
variables.

Threshold for control, basic
reproduction number.

Models with two host species (host-
vector models); using models to
support and guide field campaigns;
relating models to field data.

Childhood infectious
diseases, e.g., measles.
[1950s onwards,
(54, 108)]

Immunizing infections; spatial
and temporal heterogeneity;
demography; age structure;
household structure.

Critical community size and
herd immunity; periodic
outbreaks; fade out; vaccine
efficacy.

SIR models; age-structured models;
models with periodic forcing; spatial
and stochastic models; metapopulation
models; time-series models.

Macroparasites.
[1970s onwards, (108)]

Clumped infections, multistrain
and multispecies infections,
cross immunity, concurrent
infections.

Consequences of
overdispersed distribution
of parasite load (Fig. 1)

Stochastic models, approximations
including hybrid models and
moment closure.

Sexually transmitted
infections, e.g., HIV.
[1980s onwards,
(108, 109)]

High/low risk groups; nonrandom
contact structure; partnerships;
within-host strain diversity and
evolution; time scale.

Incubation and infectious
period distribution; core
group; next-generation
matrix and operator;
partnership dynamics.

Statistical methods (e.g., back
calculation); models with
(dis)assortative mixing; pair-formation
models; within-host dynamic models.

Veterinary outbreaks,
e.g. BSE and FMD.
[1990s onwards,
(110, 111)]

Fixed spatial locations with
changing contact networks.

Local versus long-range
transmission; spatial
intervention (ring
vaccination/culling);
conflict of priorities at
different scales.

Individual-based models and spatial
simulations (FMD); data-driven
real-time modeling; inference of
transmission trees.

Novel emerging
infections, e.g., SARS, 
Nipah virus, MERS.
[2000 onwards,
(6, 19, 112–115)]

Behavior change; global
interconnectedness and
international cooperation
in control; responses in
absence of biomedical
measures; animal reservoirs.

Zoonotic spillover; stuttering
chains; importance of index
case; superspreaders;
unobserved dynamics in
an animal reservoir;
supershedding

Contact tracing; modeling international
spread and control; quarantine
and case isolation; individual
heterogeneity in infectiousness,
incubation, and latency period.

Influenza, including
avian influenza.
[Present, (27, 28, 116–118)]

Distribution of prior immunity;
within-population and species
strain differences, virus
evolution and interaction;
role of wildlife and farm
animals.

Pandemics; spillover
between wild birds and
farmed birds; phylodynamics.

Interaction between immunological
and epidemiological dynamics;
integrating phylogenetic and
epidemic methods and models.

Vector-borne diseases,
e.g., dengue, malaria.
[Present, (119-122)]

The influence of climate and
environment on vector and
pathogen development;
animal reservoirs; interaction
between strains within-
host and between-host.

Dilution effect and role of
biodiversity in infectious
disease dynamics;
reemerging infections.

Evolutionary impact of vaccines/other
interventions; synthesis of data
from ecology and epidemiology;
elimination modeling; statistical
modeling of environmental vector
suitability.

Bacterial infections, e.g.,
pneumococcal disease, 
MRSA, and tuberculosis.
[Present, (39, 123–126)]

Antibiotic/drug resistance;
adaptive dynamics.

Vaccine effectiveness;
interacting natural
immunity and vaccine
boosting.

Modeling interacting and emerging
strains; stochastic models in small
populations.
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atively few infected individuals that occur at 
emergence, approaching the threshold for sus-
tained host-host spread, or approaching elimi-
nation and eradication. This makes it virtually 
impossible to predict which infectious disease 
agent is going to emerge and evolve next and 
where, or to predict when and where the next 
or last case in an outbreak will occur. There is, 
typically in complex systems, a fundamental 
horizon beyond which accurate prediction is 
impossible. The field has yet to explore where 
that horizon is and whether computational 
tools and additional data (and if so which data) 
can stretch predictions to this limit. In contrast, 
“what-if ” scenarios for public health interven-
tion can provide qualitative (and increasingly 
semiquantitative) insight into their population 
consequences.

With growing applications in public health, 
there is an increasing demand to validate mod-
els by making model predictions consistent 
with observed data. The development of ever- 
more-powerful computers is accompanied by 
new techniques utilizing this power, notably for 
statistically rigorous parameter estimation and 
model comparison. Techniques such as Markov 
chain Monte Carlo (MCMC) have become firmly 
established tools for parameter estimation from 
data in infectious disease models [e.g., (63)],  

and Monte Carlo based methods will play a piv-
otal role in addressing the challenges that lie in 
reconciling predictions and observations (64, 
65). Other techniques, such as so-called parti-
cle filters, approximate Bayesian computation, 
emulation, and their combinations with MCMC 
[e.g., (66)], are rapidly developing and allow sto-
chastic models that explicitly account for incom-
plete observations to be matched to time series 
of cases, giving insights into scenarios as diverse 
as cholera in Bangladesh (67) and influenza (68, 
69). The need to integrate multiple data sourc-
es (70, 71), as well as to include uncertainty in 
model parameters and/or structure, has driven 
the use of Bayesian approaches.

Although the rapid expansion of infectious 
disease models and their application over the 
past decade has coincided with an increase in 
open access data sets available from a variety 
of sources, progress in data capture needs to be 
accelerated. Although some of these techno-
logically advanced data streams have been in-
corporated into models—for example, to track 
the incidence of influenza in the United States 
(72), to elucidate the spatial dynamics of measles 
and malaria in Africa (53, 73), and to chart the 
spread of dengue globally (74)—much more re-
mains to be done to leverage data collected from 
different sources (e.g., demographic, genetic, 

epidemiological, treatment, and travel patterns) 
and at different temporal and spatial scales.

Concluding remarks
Infectious diseases are an important frontier in 
public health, and their prevention and control 
call for global, rather than national or region-
al, coordinated efforts (75–78). The success of 
smallpox and rinderpest eradication campaigns 
shows the possibilities; the global spread of new-
ly emerged pathogens (recently avian influenza 
strains and MERS coronavirus), the difficulties 
in curbing the spread of antibiotic resistance, 
the upsurge of polio toward the “end-phase” of 
its eradication, and the recent unprecedented 
spread of Ebola virus, are examples that show 
the need for international coordination and 
collaboration. Nonlinearity in infectious dis-
ease dynamics and global connectivity cause 
suboptimal national decisions on control and 
prevention to have regional and even global re-
percussions.

Given the mismatch with regions where most 
expertise on infectious disease dynamics is con-
centrated, it is important to empower local sci-
entists and policy-makers, in regions where the 
burden of disease is heaviest, about the problems 
facing their own countries and the consequenc-
es of local actions. It is essential to make exper-
tise, data, models, statistical methods, and soft-
ware widely available by open access. There are 
several initiatives (e.g., Thiswormyworld.org, 
Garkiproject.nd.edu, EDENextdata.com, the 
Humanitarian Data Exchange (HDX), and the 
Malaria Atlas Project), but more needs to be 
done. Modeling tools and software for data anal-
ysis are beginning to become open source, such 
that findings can be replicated, additional sce-
narios can be evaluated, and others can incor-
porate methods for data analysis or simulation. 
Ultimately, sharing models guarantees more 
reproducible results, while maximizing model 
transparency.

Making data sets widely available is also cru-
cial, for example, to support replication of find-
ings and broader comparative analyses (79). As 
models become open access, so should much 
of the data collected by governments, inter-
national agencies, and epidemiology research 
groups. Two outbreaks never occur in exact-
ly matching circumstances, even for the same 
infectious agent, so there is potential to study 
many outbreaks in parallel to gain insight into 
the determinants of outbreak pattern and sever-
ity. Looking forward, there is a major opportu-
nity to design experiments, clinical trials [for 
example for vaccines (80)], and surveillance 
protocols to test model predictions or assump-
tions, and to help reduce or better target the 
enormous costs involved. By integrating model-
ing approaches throughout the full life cycle of 

potentially drawing on new data sources from
social media (59, 60), as well as for models that
can capture national and nongovernmental mo-
tivations, interactions, and competition, eco-
nomical or otherwise. Long-term control puts
pathogens under strong selection for resistance,
calling for evolution-proof control methods (61)
and novel vaccine technologies and their opti-
mized delivery (62).
Finally, since the era of smallpox eradication,

patterns of global disease circulation have changed
radically. Human mobility and migration are
increasing global connectivity, strengthening the
need for cooperation and international synchro-
nization of efforts (as illustrated by polio). Tech-
niques for analysis of novel data sources are
again key here; e.g., mobile phone records pro-
vide unique opportunities to understand disease
source-sink dynamics (52).

Computational statistics, model
fitting, and big data

By definition and design, models are not reality.
The properties of stochasticity and nonlinearity
strongly influence the accuracy of absolute pre-
dictions over long time horizons. Even if the
mechanisms involved are broadly understood and
relevant data are available, predicting the exact
future course of an outbreak is impossible owing
to changes in conditions in response to the out-
break itself, and because of the many chance
effects in play. These stochastic effects dominate

developments in situations with relatively few
infected individuals that occur at emergence,
approaching the threshold for sustained host-
host spread, or approaching elimination and
eradication. This makes it virtually impossible to
predict which infectious disease agent is going
to emerge and evolve next and where, or to
predict when and where the next or last case in
an outbreak will occur. There is, typically in
complex systems, a fundamental horizon beyond
which accurate prediction is impossible. The
field has yet to explore where that horizon is and
whether computational tools and additional
data (and if so which data) can stretch predic-
tions to this limit. In contrast, “what-if” scenarios
for public health intervention can provide qual-
itative (and increasingly semiquantitative) in-
sight into their population consequences.
With growing applications in public health,

there is an increasing demand to validate mod-
els by making model predictions consistent with
observed data. The development of ever-more-
powerful computers is accompanied by new
techniques utilizing this power, notably for
statistically rigorous parameter estimation and
model comparison. Techniques such as Markov
chain Monte Carlo (MCMC) have become firm-
ly established tools for parameter estimation
from data in infectious disease models [e.g.,
(63)], andMonte Carlo basedmethods will play
a pivotal role in addressing the challenges that
lie in reconciling predictions and observations

(64, 65). Other techniques, such as so-called
particle filters, approximate Bayesian compu-
tation, emulation, and their combinations with
MCMC [e.g., (66)], are rapidly developing and
allow stochastic models that explicitly account
for incomplete observations to be matched to
time series of cases, giving insights into sce-
narios as diverse as cholera in Bangladesh (67)
and influenza (68, 69). The need to integrate
multiple data sources (70, 71), as well as to
include uncertainty in model parameters and/
or structure, has driven the use of Bayesian
approaches.
Although the rapid expansion of infectious

disease models and their application over the
past decade has coincided with an increase in
open access data sets available from a variety of
sources, progress in data capture needs to be
accelerated. Although some of these technolog-
ically advanced data streams have been incor-
porated into models—for example, to track the
incidence of influenza in the United States (72),
to elucidate the spatial dynamics of measles and
malaria in Africa (53, 73), and to chart the
spread of dengue globally (74)—much more re-
mains to be done to leverage data collected from
different sources (e.g., demographic, genetic, epi-
demiological, treatment, and travel patterns) and
at different temporal and spatial scales.

Concluding remarks

Infectious diseases are an important frontier in
public health, and their prevention and control
call for global, rather than national or regional,
coordinated efforts (75–78). The success of small-
pox and rinderpest eradication campaigns shows
the possibilities; the global spread of newly
emerged pathogens (recently avian influenza
strains and MERS coronavirus), the difficulties
in curbing the spread of antibiotic resistance,
the upsurge of polio toward the “end-phase” of
its eradication, and the recent unprecedented
spread of Ebola virus, are examples that show
the need for international coordination and col-
laboration. Nonlinearity in infectious disease
dynamics and global connectivity cause subop-
timal national decisions on control and prevention
to have regional and even global repercussions.
Given the mismatch with regions where most

expertise on infectious disease dynamics is con-
centrated, it is important to empower local scien-
tists and policy-makers, in regions where the
burden of disease is heaviest, about the problems
facing their own countries and the consequences
of local actions. It is essential to make exper-
tise, data, models, statistical methods, and soft-
ware widely available by open access. There
are several initiatives (e.g., Thiswormyworld.org,
Garkiproject.nd.edu, EDENextdata.com, the Hu-
manitarian Data Exchange (HDX), and the
Malaria Atlas Project), but more needs to be
done. Modeling tools and software for data ana-
lysis are beginning to become open source, such
that findings can be replicated, additional sce-
narios can be evaluated, and others can incor-
porate methods for data analysis or simulation.
Ultimately, sharing models guarantees more
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Box 4. Some fundamental terms and concepts.

• susceptible: individual who is at risk of becoming infected if exposed to an infectious
agent.

• basic reproduction number, R0: average number of infections caused by a typical infected
individual in a population consisting only of susceptibles; if R0 > 1, the infectious agent can
start to spread.

• effective reproduction number, Re: average number of infections caused by a typical
infected individual when only part of the population is susceptible; as long as Re > 1, the agent
can continue to spread.

• herd immunity: state of the population where the fraction protected is just sufficient to
prevent outbreaks (Re < 1).

• critical elimination threshold, pc: proportion of the susceptible population that needs to
be successfully protected—for example, by vaccination—to achieve herd immunity; pc = 1: 1/R0
is a rule of thumb from models when hosts are assumed to mix randomly.

• force of infection: per capita rate at which susceptible individuals acquire infection.

• final size: fraction of the initial susceptible population that eventually becomes infected
during an outbreak.

• prevalence: proportion of the population with infection or disease at a given time point.

• superspreader/supershedder: infected individual that produces substantially more new
cases than the average because of greater infectiousness, longer duration of infectiousness,
many more transmission opportunities and contacts, or combinations of these. Even when the
average R0 is relatively small, these individuals have large effects on outbreaks.

• metapopulation: collection of populations, separated in space, but connected through
movement of individuals.

• critical community size: minimum number of individuals in a population that allow an
infectious agent to persist without importation of cases.

• case fatality ratio: proportion of symptomatic infections that result in death.

• SIR model: most basic model metaphor for immunizing infections where each living individual
is assumed to be in one of three epidemiological states at any given time: susceptible, infected and
infectious, and recovered and immune. The model specifies the rates at which individuals change
their state. Individuals progress from S to I when infected, then from I to R upon recovery. Many
variants exist—for example, recognizing different classes of S, I, and R individuals, depending on
individual traits such as age.
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infectious disease policies, including economic 
considerations (58, 70, 81), health outcomes can 
be improved and scientific understanding can 
be advanced.

At present, the evidence provided by infec-
tious disease models is not considered by the 
Grading of Recommendations Assessment, De-
velopment and Evaluation (GRADE) working 
group (www.gradeworkinggroup.org) alongside 
that of conventional studies such as clinical tri-
als. Regardless, models are essential when di-
verse sources of data (including GRADE-scale 
evidence) need to be combined and weighed to 
assess quality of evidence and recommendations 
made in health care scenarios. In many cases, 
the definitive trial cannot be performed, and in 
such circumstances models can offer insight and 
extract maximum value from data that are avail-
able. In recent years, uniformity of practice and 
quality control for models has received more 
attention, resulting in initial attempts to char-
acterize good modeling practice for infectious 
diseases (82, 83).

The optimal use of models to inform policy 
decisions requires a continuous dialogue be-
tween the multidisciplinary infectious disease 
dynamics community and decision-makers. 
This is increasingly understood by governments 
in developed countries, in nongovernmental 
agencies and by large funding bodies. This di-
alogue will help to reduce the burden from in-
fectious diseases by providing better-informed 
control strategies. Mathematical models will 
allow us to capitalize on new data streams and 
lead to an ever-greater ability to generate robust 
insight and collectively shape successful local 
and global public health policy.
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By Elizabeth Pennisi

I
t took just one virus to cripple the world’s 
economy and kill millions of people; yet 
virologists estimate that trillions of still- 
unknown viruses exist, many of which might 
be lethal or have the potential to spark the 
next pandemic. Now, they have a new—and 

very long—list of possible suspects to interrogate. 
By sifting through unprecedented amounts 
of existing genomic data, scientists have 
uncovered more than 100,000 novel virus-
es, including nine coronaviruses and more 
than 300 related to the hepatitis Delta virus, 
which can cause liver failure.

“It’s a foundational piece of work,” says 
J. Rodney Brister, a bioinformatician at the 
National Library of Medicine. The study, 
published last week in Nature, expands the 
number of known viruses that use RNA 
instead of DNA for their genes by an order 
of magnitude. It “demonstrates our outra-
geous lack of knowledge about this group 
of organisms,” says disease ecologist Peter 
Daszak, president of the EcoHealth Alli-
ance, a nonprofit research group in New 
York City that is raising money to launch a 
global survey of viruses.

Scientists predict the study will also 
help launch so-called petabyte genom-
ics—the analyses of previously unfath-
omable quantities of DNA and RNA data. (One 
petabyte is 1015 bytes.) That wasn’t exactly what 
computational biologist Artem Babaian had in 

mind when he came up with the project while 
in between jobs in early 2020. Instead, he was 
simply curious about how many coronavirus-
es—aside from the virus that had just launched 
the COVID-19 pandemic—could be found in 
sequences in existing genomic databases.

So, he and independent supercomputing 
expert Jeff Taylor scoured cloud-based ge-

nomic data that had been deposited to a glob-
al sequence database and uploaded by the U.S. 
National Institutes of Health. As of now, the 

database contains 16 petabytes  of archived se-
quences, which come from genetic surveys of 
everything from fugu fish, the risky Japanese 
delicacy, to farm soils to human guts. (A data-
base with a 5-megabase digital photo of every 
person in the United States would take up about 
the same amount of space.) The sequences also 
capture the genomes of viruses infecting differ-

ent organisms in samples, but the viruses 
usually go undetected.

To sift through the reams of data, 
Babaian and Taylor devised a set of com-
puter search tools specialized for cloud-
based data. With the help of several 
bioinformaticians, some whom became 
collaborators on the project, they tweaked 
the new software to make their analysis 
“way faster than anyone thought possible,” 
recalls Babaian, who is now at the Univer-
sity of Cambridge.

They soon expanded the viral hunt 
beyond coronaviruses and looked at all 
the data in the cloud. Babaian and his 
colleagues’ programs hunted among the 
cloud’s sequences for matches to the cen-
tral core of the gene for RNA-dependent 
RNA polymerase, which is key to the rep-
lication of all RNA viruses. Such viruses 
include not only coronaviruses, but also 
those that cause flu, polio, measles, and 

hepatitis.
Babaian’s approach was fast enough to work 

through 1 million data sets a day—at a com-
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Computer scan uncovers 100,000 new viruses
Clues to future outbreaks may be hidden in existing genomic databases
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I
t took just one virus to cripple the 

world’s economy and kill millions of 

people; yet virologists estimate that 

trillions of still-unknown viruses exist, 

many of which might be lethal or have 

the potential to spark the next pandemic. 

Now, they have a new—and very long—list of 

possible suspects to interrogate. By sifting 

through unprecedented amounts of exist-

ing genomic data, scientists have uncovered 

more than 100,000 novel viruses, including 

nine coronaviruses and more than 300 re-

lated to the hepatitis Delta virus, which can 

cause liver failure.

“It’s a foundational piece of work,” 

says J. Rodney Brister, a bioinformati-

cian at the National Library of Medi-

cine. The study, published last week in 

Nature, expands the number of known 

viruses that use RNA instead of DNA 

for their genes by an order of magni-

tude. It “demonstrates our outrageous 

lack of knowledge about this group of 

organisms,” says disease ecologist Peter 

Daszak, president of the EcoHealth Al-

liance, a nonprofit research group in 

New York City that is raising money to 

launch a global survey of viruses. 

Scientists predict the study will 

also help launch so-called petabyte 

genomics—the analyses of previously 

unfathomable quantities of DNA and 

RNA data. (One petabyte is 1015 bytes.) 

That wasn’t exactly what computa-

tional biologist Artem Babaian had 

in mind when he came up with the proj-

ect while in between jobs in early 2020. 

Instead, he was simply curious about how 

many coronaviruses—aside from the virus 

that had just launched the COVID-19 pan-

demic—could be found in sequences in ex-

isting genomic databases.

So, he and independent supercomput-

ing expert Jeff Taylor scoured cloud-based 

genomic data that had been deposited to a 

global sequence database and uploaded by 

the U.S. National Institutes of Health. As of 

now, the database contains 16 petabytes  of 

archived sequences, which come from ge-

netic surveys of everything from fugu fish, 

the risky Japanese delicacy, to farm soils to 

human guts. (A database with a 5-megabase 

digital photo of every person in the United 

States would take up about the same amount 

of space.) The sequences also capture the 

genomes of viruses infecting different or-

ganisms in samples, but the viruses usually 

go undetected.

To sift through the reams of data, Babaian 

and Taylor devised a set of computer search 

tools specialized for cloud-based data. With 

the help of several bioinformaticians, some 

whom became collaborators on the project, 

they tweaked the new software to make 

their analysis “way faster than anyone 

thought possible,” recalls Babaian, who is 

now at the University of Cambridge.

They soon expanded the viral hunt be-

yond coronaviruses and looked at all the 

data in the cloud. Babaian and his col-

leagues’ programs hunted among the 

cloud’s sequences for matches to the central 

core of the gene for RNA-dependent RNA 

polymerase, which is key to the replication 

of all RNA viruses. Such viruses include 

not only coronaviruses, but also those that 

cause flu, polio, measles, and hepatitis.

Babaian’s approach was fast enough to 

work through 1 million data sets a day—

at a computing cost of less than 1 cent per 

data set. “It’s an impressive engineering 

feat,” says C. Titus Brown, a bioinformati-

cian at the University of California, Davis. 

When the researchers were finally finished, 

they had uncovered the partial genomes of 

almost 132,000 RNA viruses.

The group’s new database doesn’t have 

the complete sequence of each new virus—

in many cases, there’s just the gene for the 

core enzyme. But researchers can use even 

partial sequences to build family trees that 

reveal how different viruses are related. In 

some cases, they can also use the database to 

find out where around the world a particu-

lar virus was found—and what type of host 

it was in. And some of the discovered viruses 

could help researchers better understand 

how human pathogens arise, Brown says, 

or improve diagnostic tests for infections. 

Finally, when a new virus is isolated from 

a sick patient, a scan of the genomic da-

tabase could show whether it was already 

present elsewhere. “We have turned this 

[database] into a giant virus surveil-

lance network,” Babaian says.

Some findings were unexpected, 

including new coronaviruses in the 

well-studied fugu fish and in the 

axolotl, an amphibian that is a com-

mon lab organism. In a few cases, 

researchers could piece together 

whole genomes for the viral finds. 

And in some aquatic animals, those 

sequences suggested their novel 

coronavirus genomes are spread 

across two separate RNA molecules, 

not the usual single strand, Babaian 

and his colleagues report.

Babaian’s team also came across 

evidence of more than 250 giant 

bacteriophages—viruses that infect 

bacteria—that resemble ones al-

ready known in algae. These “huge 

phages” were detected in sequences 

from vastly different organisms. One 

group of huge phages was found in a per-

son in Bangladesh and also in cats and 

dogs in the United Kingdom, for example. 

These viruses are big enough to carry genes 

between different hosts species, suggesting 

they might provide a new source of genetic 

changes, Babaian notes. That’s the way it is 

with viruses, Daszak says. “Every time we 

start digging, we get surprises.”

To make sure others can take advantage of 

the work, Babaian’s team has created a pub-

lic repository of the tools it developed, along 

with the results. The amount of cloud-based, 

publicly available DNA sequences is expand-

ing exponentially; if he did the same analy-

sis next year, Babaian expects he would find 

hundreds of thousands more RNA viruses. 

“By the end of decade, I want to identify over 

100 million.” j

By Elizabeth Pennisi 
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Computer scan uncovers 100,000 new viruses
Clues to future outbreaks may be hidden in existing genomic databases

In a vast repository of genetic sequences, scientists found nine 

unknown coronaviruses, relatives of SARS-CoV-2 (computer model).

IM
A

G
E:

 J
U

A
N

 G
A

ER
TN

ER
/S

CI
EN

CE
 S

O
U

RC
E

NEWS

http://www.sciencemag.org
http://www.newton.ac.uk
http://www.newton.ac.uk


Pandemic Preparedness in a Changing World

36
sciencemag.org    SCIENCE

T
he risk posed by viruses evolving to 
greater virulence—i.e., causing greater 
damage to their hosts—has been exten-
sively studied in theoretical work despite 
few population-level examples (1–3). 
The most notable recent example is the 

B.1.617.2 lineage (Delta variant) of severe acute 
respiratory syndrome coronavirus 2 (SARS-
CoV-2), for which an increased probability 
of death has been reported (4–6), as well as 
increased transmissibility (7, 8). RNA viruses 
have long been a particular concern, as their 
error-prone replication results in the greatest 
known rate of mutation—and thus high po-
tential for adaptation. Greater virulence could 
benefit a virus if it is not outweighed by re-
duced opportunity for transmission. These 
antagonistic selection pressures may result in 
an intermediate level of virulence being opti-
mal for viral fitness, as observed for HIV (9). 
Concrete examples of such evolution in action, 
however, have been elusive. Continued moni-
toring of HIV virulence is important for global 
health: 38 million people currently live with the 

Originally published 4 February 2022 

puting cost of less than 1 cent per data set. “It’s 
an impressive engineering feat,” says C. Titus 
Brown, a bioinformatician at the University of 
California, Davis. When the researchers were 
finally finished, they had uncovered the partial 
genomes of almost 132,000 RNA viruses.

The group’s new database doesn’t have the 
complete sequence of each new virus— in many 
cases, there’s just the gene for the core enzyme. 
But researchers can use even partial sequences 
to build family trees that reveal how different vi-
ruses are related. In some cases, they can also use 
the database to find out where around the world 
a particular virus was found—and what type of 
host it was in. And some of the discovered virus-
es could help researchers better understand how 
human pathogens arise, Brown says, or improve 
diagnostic tests for infections. Finally, when a 
new virus is isolated from a sick patient, a scan 

of the genomic database could show whether it 
was already present elsewhere. “We have turned 
this [database] into a giant virus surveillance 
network,” Babaian says.

Some findings were unexpected, including 
new coronaviruses in the well-studied fugu 
fish and in the axolotl, an amphibian that is a 
common lab organism. In a few cases, research-
ers could piece together whole genomes for the 
viral finds. And in some aquatic animals, those 
sequences suggested their novel coronavirus ge-
nomes are spread across two separate RNA mol-
ecules, not the usual single strand, Babaian and 
his colleagues report.

Babaian’s team also came across evidence of 
more than 250 giant bacteriophages—viruses 
that infect bacteria—that resemble ones already  
known in algae. These “huge phages” were de-
tected in sequences from vastly different organ-

isms. One group of huge phages was found in a 
per-son in Bangladesh and also in cats and dogs 
in the United Kingdom, for example. These vi-
ruses are big enough to carry genes between dif-
ferent hosts species, suggesting they might pro-
vide a new source of genetic changes, Babaian 
notes. That’s the way it is with viruses, Daszak 
says. “Every time we start digging, we get sur-
prises.”

To make sure others can take advantage of 
the work, Babaian’s team has created a public 
repository of the tools it developed, along with 
the results. The amount of cloud-based, pub-
licly available DNA sequences is expanding 
exponentially; if he did the same analysis next 
year, Babaian expects he would find hundreds 
of thousands more RNA viruses. “By the end of 
decade, I want to identify over 100 million.” 
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A highly virulent variant of HIV-1 
circulating in the Netherlands
Chris Wymant1*, Daniela Bezemer2, François Blanquart3,4, Luca Ferretti1, Astrid Gall5, Matthew 
Hall1, Tanya Golubchik1, Margreet Bakker6, Swee Hoe Ong7, Lele Zhao1, David Bonsall1,8, 
Mariateresa de Cesare8, George MacIntyre-Cockett1,8, Lucie Abeler-Dörner1, Jan Albert9,10, Norbert 
Bannert11, Jacques Fellay12,13,14, M. Kate Grabowski15, Barbara Gunsenheimer-Bartmeyer16, 
Huldrych F. Günthard17,18, Pia Kivelä19, Roger D. Kouyos17,18, Oliver Laeyendecker20, Laurence 
Meyer21, Kholoud Porter22, Matti Ristola19, Ard van Sighem2, Ben Berkhout6, Paul Kellam23,24, 
Marion Cornelissen6,25, Peter Reiss2,26, Christophe Fraser1,8*, the Netherlands ATHENA HIV 
Observational Cohort†, the BEEHIVE Collaboration†

We discovered a highly virulent variant of subtype-B HIV-1 in the Netherlands. One hundred nine 
individuals with this variant had a 0.54 to 0.74 log10 increase (i.e., a ~3.5-fold to 5.5-fold increase) 
in viral load compared with, and exhibited CD4 cell decline twice as fast as, 6604 individuals with 
other subtype-B strains. Without treatment, advanced HIV—CD4 cell counts below 350 cells per 
cubic millimeter, with long-term clinical consequences—is expected to be reached, on average, 9 
months after diagnosis for individuals in their thirties with this variant. Age, sex, suspected mode 
of transmission, and place of birth for the aforementioned 109 individuals were typical for HIV-
positive people in the Netherlands, which suggests that the increased virulence is attributable to 
the viral strain. Genetic sequence analysis suggests that this variant arose in the 1990s from de 
novo mutation, not recombination, with increased transmissibility and an unfamiliar molecular 
mechanism of virulence.
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virus, and it has caused an estimated 33 million 
deaths (www.unaids.org).

The main (M) group of HIV-1, responsible 
for the global pandemic, first emerged around 
1920 in the area of what is now Kinshasa, Dem-
ocratic Republic of the Congo (10), and had 
diversified into subtypes by 1960 (11). The 
subtypes, and the most common circulating 
recombinant forms (CRFs) between the sub-
types, took different routes for global spread, 
establishing strong associations with geogra-
phy (12), ethnicity, and mode of transmission. 
Differences in virulence between subtypes and 
CRFs have been reported, though it is challeng-
ing to disentangle genotypic effects on virulence 
from confounding effects while retaining large 
sample sizes, given the strong associations be-
tween viral, host, and epidemiological factors 
(13). The co-receptor used for cell entry has 
long been understood to affect virulence (14, 
15), and this has been proposed as a mechanism 
that underlies differences in virulence between 
subtypes and CRFs (13), as well as one reported 
difference within a CRF (16).

HIV-1 virulence is most commonly mea-
sured by viral loads (the concentration of viral 
particles in blood plasma) and CD4 counts (the 
concentration of CD4+ T cells in peripheral 
blood, which tracks immune system damage 
by the virus). Successful treatment with anti- 
retroviral drugs suppresses viral load and inter-
rupts the decline in CD4 counts that would oth-
erwise lead to AIDS. Both viral load and rate of 
CD4 cell decline are heritable properties—that 
is, these properties are causally affected by viral 
genetics, leading to correlation between an indi-
vidual and whomever they infect (17–21). It has 
therefore been expected that viral load and CD4 
cell decline could change with the emergence 
of a new viral variant. We substantiate that ex-
pectation with empirical evidence by reporting 
a subtype-B variant of HIV-1 with exceptionally 
high virulence that has been circulating within 
the Netherlands during the past two decades.

Discovery of the highly virulent variant
Within an ongoing study (the BEEHIVE project; 
www.beehive.ox.ac.uk), we identified a group of 
17 individuals with a distinct subtype-B viral 
variant, whose viral loads in the set-point win-
dow of infection (6 to 24 months after a positive 
test obtained early in the course of infection) were 
highly elevated (Table 1, middle column). BEE-
HIVE is a study of individuals enrolled in eight 
cohorts across Europe and Uganda, who were 
selected because they have well-characterized  
dates of infection and samples available from 
early infection, for whom whole viral genomes 
were sequenced. The 17 individuals with the dis-
tinct viral variant comprised 15 participants in 
the ATHENA study in the Netherlands, 1 from 

Switzerland, and 1 from Belgium. See materials 
and methods for details on the initial discovery.

Replication of the discovery in Dutch  
ATHENA data
To replicate the finding and to investigate this 
viral variant in more detail, we then analyzed 
data from 6706 participants in ATHENA with 
subtype-B infections (expanding on the subset 
of 521 participants in ATHENA who were eli-
gible for inclusion in BEEHIVE). We found 92 
additional individuals infected with the viral 
variant, bringing the total to 109 such individu-
als in either dataset. When replicating the BEE-
HIVE test with the ATHENA data (Table 1, right 
column), we again observed a large rise in viral 
load in individuals with this viral variant: an in-
crease of 0.54 log10 viral copies/ml (i.e., a ~3.5-
fold increase). The effect size was the same in a 
linear model including age at diagnosis and sex 
as covariates, and persisted in newly diagnosed 
individuals over time (Fig. 1A). Henceforth, for 
brevity, we refer to this viral variant as the “VB 
variant” (for virulent subtype B), to individuals 
infected with this variant as “VB individuals,” 
and to individuals infected with a different 
strain of HIV as “non-VB individuals.”

Search for closely related viruses
To test whether the variant was more widely 
disseminated, we searched publicly available 
databases for similar HIV viral genotypes. All 
results had <95% sequence similarity to a repre-
sentative viral sequence for the variant. Of the 17 
VB individuals originally found in BEEHIVE, 
one was from the Swiss HIV Cohort Study (22) 
(SHCS). By examining previously published 
data (23), we found that three other individuals 
from the SHCS were closely related (a phyloge-
netic distance below 2.5%). The high coverage of 
the Swiss HIV Cohort [including 89% of report-
ed new infections from 2009 through 2018, with 
~65% of the cohort sequenced (24)] makes it 
unlikely that many more VB individuals in Swit-
zerland were undetected. Data to assess viral 
load or CD4 cell decline for these three individ-
uals were not available, owing to early initiation 
of treatment.

More-rapid CD4 cell decline
At the time of diagnosis, CD4 counts for VB in-
dividuals were already lower than for non-VB 
individuals by 73 cells/mm3 [95% confidence 
interval (CI): 12 to 134]. These counts subse-
quently declined faster, by a further 49 cells/
mm3 per year (CI: 20 to 79), in addition to the 
decline for comparable non-VB individuals [49 
cells/mm3 per year (CI: 46 to 51) for men di-
agnosed at the age of 30 to 39 years]. The VB 
variant is therefore associated with a doubling in 
the rate of CD4 cell decline. These values are av-

erages estimated by using a linear mixed model 
adjusted for sex and age at diagnosis. Figure 1B 
illustrates the CD4 count decline that would be 
expected if disease progression were to continue 
linearly in the absence of treatment. Initiating 
treatment at a CD4 count of 350 cells/mm3, in-
stead of immediately, was previously shown to 
substantially increase the subsequent hazard for 
serious adverse events (25). As seen in Fig. 1B, 
this stage of CD4 cell decline is expected to be 
reached in 9 months (CI: 2 to 17) from the time 
of diagnosis for VB individuals, as opposed to 36 
months (CI: 33 to 39) for non-VB individuals, in 
males diagnosed at the age of 30 to 39 years. It is 
reached even more quickly in older age groups, 
for which we found progressively lower CD4 
counts at time of diagnosis (table S1). At a CD4 
count of 200 cells/mm3, there is a high risk of 
immediate AIDS-related complications; without 
treatment this stage of decline would be reached, 
on average, between 2 and 3 years after diagno-
sis for VB individuals and between 6 and 7 years 
after diagnosis for comparable non-VB individ-
uals [the latter being similar to previous reports 
in Europe (26)].

The effect of the VB variant on CD4 cell de-
cline remained after we adjusted for the effect of 
higher viral load. With this adjustment, VB indi-
viduals have a CD4 count at diagnosis as would-
be expected given their high viral loads, but their 
subsequent decline in CD4 counts is again twice 
as fast as for as comparable non-VB individuals 
with high viral loads—their rate of decline is 
accelerated by 44 cells/mm3 per year (CI: 16 to 
72). Comparison of this additional decline with 
that expected from a +1 increase in log10 viral 
load, 15 cells/mm3 per year (CI: 11 to 18), shows 
that the variant’s effect on CD4 count decline is 
equivalent to that expected from a +3.0 increase 
in log10 viral load. The same analysis of measure-
ments of CD4 percentages (the percentage of all 
T cells that express CD4) showed that these also 
declined twice as fast for VB individuals, and 
again this doubling in speed of decline remained 
when we adjusted for the higher viral load of the 
variant (table S2 and fig. S1).

No difference in CD4 cells after treatment, or 
in mortality
Measurements of treatment success include 
CD4 cell recovery and mortality. CD4 counts 
and percentages after treatment initiation were 
similar for VB and non-VB individuals, as mea-
sured with both linear mixed modeling of the 
CD4 dynamics (tables S3 and S4 and fig. S2) and 
an individual-matching procedure. The hazard 
for death (from any cause) was also similar: VB 
individuals had a relative hazard of 1.4 (CI: 0.7 to 
2.8, P = 0.35, Cox proportional hazards model). 
Our study had statistical power to detect only 
very large differences in mortality, as reflected 
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in the wide CI for relative hazard for death and 
shown in Fig. 1C. VB individuals had similar 
CD4 counts and mortality after treatment de-
spite a faster CD4 cell decline before treatment; 
this could be explained by their tendency to 
start treatment sooner after diagnosis (fig. S3). 
For example, although the probability of having 
started treatment was estimated to be similar 6 
months after diagnosis [42% (CI: 41 to 44%) for 
non-VB individuals compared with 46% (CI: 35 
to 54%) for VB individuals], it was different 2 
years after diagnosis [65% (CI: 64 to 67%) for 
non-VB individuals and 93% (CI: 85 to 96%) for 
VB individuals]. Had VB individuals not started 
treatment earlier than others, lower CD4 counts 
at treatment initiation would have been expect-
ed, potentially causing increased morbidity and 
mortality (25). This information could be rele-
vant if VB or variants like it are found in settings 
with less widespread availability of HIV care.

Characteristics of individuals infected with 
the VB variant
VB individuals were mostly (82%) men who 
have sex with men, similar to non-VB individ-
uals (76%). Age at diagnosis was also similar for 
VB and non-VB individuals (fig. S4). Neither 
ethnicity nor host genotype data were available, 
but the place of birth was mostly recorded as 
Western Europe for both groups (71% for non-
VB individuals, 86% for VB individuals). VB in-
dividuals were present in all regions of the Neth-
erlands, but with a different distribution relative 
to that of non-VB individuals (N = 102 versus 
6604 individuals, P < 10−7, simulated Fisher’s ex-

act test): VB individuals were more common in 
the south (25% of VB individuals versus 6% of 
non-VB individuals) and less common in Am-
sterdam (20% versus 51%), as shown in table 
S5. Table S6 lists the hospitals included in each 
region. The average time from infection to diag-
nosis, for men who have sex with men in this co-
hort diagnosed in the late 2000s, was previously 
estimated to be 3.6 years (CI: 3.3 to 4.0) (27).

Genotype of the VB variant
Sequence data from the BEEHIVE proj-

ect are whole-genome data, providing the 
17 whole genomes available for the variant; 
sequence data from ATHENA are partial pol 
gene data only, available for the additional 92 
VB individuals. We subtyped the 17 whole ge-
nomes for the variant as pure subtype B [with 
100% support from two concordant methods 
(28, 29)], like most HIV-1 in the Netherlands. 
We predicted co-receptor usage from the 17 
whole genomes using two concordant meth-
ods (30, 31): one was likely CXCR4-tropic; the 
other 16 were likely CCR5-tropic. Only one 
drug-resistance mutation was common for the 
VB variant: Met41→Leu (M41L), present in 
91 of 109 partial pol gene sequences. Without 
other linked resistance mutations, M41L caus-
es only low-level resistance to zidovudine (32, 
33). Two of the whole genomes were found to 
be recombinants between the VB variant and 
another subtype-B cluster in ATHENA (con-
taining a small amount of sequence from the 
latter) and were excluded from subsequent 
sequence analysis. Among whole genomes 

in BEEHIVE and all whole genomes in the 
Los Alamos National Laboratory HIV Data-
base (www.hiv.lanl.gov), none appeared to 
be a candidate for a “recombination parent” 
of the VB variant—i.e., the many mutations 
that distinguish the VB variant from any oth-
er known virus appear to have arisen de novo, 
not through recombination.

We compared the consensus sequence for 
the VB variant with the consensus of all Dutch 
subtype-B sequences in BEEHIVE, at both the 
amino acid and the nucleotide level: There 
were 250 amino acid changes and 509 nucleo-
tide changes, as well as insertions and deletions. 
These alignments are included as data S1, and 
the amino acid alignment is illustrated in fig. S5. 
The distribution of nucleotide changes over the 
genome is in line with expectations (for exam-
ple, fewer in the conserved pol gene region and 
more in the variable env gene region; see fig. S6). 
The VB-variant genotype is thus characterized 
by many mutations spread through the genome, 
meaning that a single genetic cause for the en-
hanced virulence cannot be determined from 
the current data.

We conducted descriptive analyses of the 
mutations that distinguish the VB variant 
from the Dutch subtype-B consensus. All of 
the amino acid–level changes are listed in data 
S2 with annotations. Of the observed amino 
acid substitutions, 30 were previously shown 
to be positively associated with escape from 
cytotoxic T lymphocyte (CTL) response for 
at least one human leukocyte antigen type, 
and 13 were shown to be negatively associated 
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Table 1. Comparison of viral loads between individuals infected with the VB viral variant and other individuals. When analyzing the viral loads of

individuals in the ATHENA study, we first excluded individuals who were in BEEHIVE, so that the test would be independent of the initial finding within the

BEEHIVE study. After our statistical tests of viral load, we did not exclude BEEHIVE individuals from the ATHENA data for subsequent analyses. N, number of

individuals after those without viral load measurements before treatment were excluded; IQR, interquartile range.

Test

Discovery

[BEEHIVE dataset

(Europe)]

Replication

[ATHENA dataset

(Netherlands), excluding

overlap with BEEHIVE]

Viral load measurements

compared

Set-point viral loads for

N = 15 VB individuals and N = 2446 individuals

with any other HIV-1 strain

Mean pretreatment viral loads for

N = 91 VB individuals and N = 5272 individuals

with any other subtype-B HIV-1 strain
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Mean and IQR of viral load

in non-VB individuals, in log10
copies per milliliter

5.10

(IQR: 4.69 to 5.58)

4.79

(IQR: 4.34 to 5.27)
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Mean and IQR of viral load

in VB individuals, in log10
copies per milliliter

5.84

(IQR: 5.57 to 6.09)

5.33

(IQR: 4.94 to 5.75)
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Viral load increase in VB individuals 0.74 log10 viral copies/ml 0.54 log10 viral copies/ml
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

P value for increase

5 × 10−6

(two-tailed t test, significant at a level

of 5 × 10−5 when Bonferroni-corrected

for performing 50 such tests)

1 × 10−12

(one-tailed t test)

.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

http://www.sciencemag.org


Research and News Articles

39
SCIENCE    sciencemag.org

(34). To provide context for these numbers, 
within Dutch subtype-B data in BEEHIVE 
we defined 16 other clades that are similar to 
the lineage in size (see materials and meth-
ods). For each clade, we calculated the ami-
no acid consensus sequence, compared this 
to the Dutch subtype-B overall consensus, 
and determined CTL escape mutations. This 
showed that the number of such mutations for 
the VB variant is typical when normalized by 
its overall level of divergence (fig. S11). We 
also calculated the ratio of rates of nonsyn-
onymous and synonymous changes (dn/ds) for 
each gene, for the VB variant and the other 
16 Dutch subtype-B clades used for compar-
ison. The VB variant had lower dn/ds values 
than all of the other clades for env, pol, and 
tat, though its values were not extreme; for the 
other genes, its dn/ds value was in the range 
spanned by the other clades (fig. S12). Finally, 
at codon position 77 of the protein Vpr, the 
consensus of all Dutch subtype-B sequences 
in BEEHIVE is glutamine, whereas the VB 
consensus is arginine. Glutamine was previ-
ously found to be more common in long-term 
nonprogressors, and mutation to arginine in-
creased T cell apoptosis in vitro and strong-
ly increased T cell decline in mouse models 
(35). However, both alleles have been com-
monly observed in subtype B to date (of 2178 
subtype-B Vpr protein sequences in the Los 
Alamos National Laboratory HIV Database, 
52% have glutamine and 36% have arginine), 
making it implausible that this mutation alone 
is the dominant mechanism for the virulence 
effect we observed.

Evolution of the VB variant
The maximum-likelihood phylogeny in Fig. 2A 
shows the VB variant in the context of back-
ground sequences, demonstrating that it is a 
distinct genetic cluster characterized by high 
viral loads. The phylogeny was inferred from 
15 whole-genome VB-variant sequences and 
100 randomly chosen whole-genome subtype-B 
background sequences from BEEHIVE. Figure 
2B shows a dated phylogeny for VB-variant se-
quences only, estimated by using BEAST (36) and 
partial pol sequences. This phylogeny is colored 
by region, inferred with an ancestral state recon-
struction by parsimony (minimizing changes of 
region). Amsterdam was assigned to the most 
recent common ancestor in 97% of trees in the 
posterior, showing that this reconstruction was 
robust to the uncertainty in the phylogeny. All 
VB-variant sequences date from 2003 onward; 
the time of their most recent common ancestor 
(TMRCA) was estimated as 1998.0 (95% credi-
bility interval: 1995.7 to 2000.1). Trees were vi-
sualized by using ggtree (37).

Phylodynamics of the VB variant
The effective population size (Ne) of a pathogen 
is indicative of the number of infectious people. 
For the VB variant, Ne was estimated by using 
a sky grid demographic model (38) in BEAST 
and is shown in Fig. 2C (scaled by the coalescent 
generation time τ). Ne increased until roughly 
2010; after this, there is more uncertainty but 
a possible downward trend [which may be an 
artefact of Ne inference methods in the recent 
past (39)]. The proportion of VB-variant cases 
among all new subtype-B cases increased un-

til a peak in 2008 and subsequently decreased, 
though again with appreciable uncertainty [ab-
solute numbers of both VB and non-VB diag-
noses in our dataset have been decreasing since 
roughly 2008, and the data are right-censored by 
several years (fig. S7)]. In a recent analysis of an 
updated version of the ATHENA dataset (40), 
33 additional VB individuals were found, which 
suggests that VB diagnoses were stable until 
roughly 2013 and have since been declining, still 
with appreciable uncertainty.

We calculated the local branching index 
(LBI), which is a measure of fitness (41). For 
HIV in a context in which most individuals start 
treatment without long delays, the LBI is closely 
related to transmissibility (see supplementary 
text). Compared with that of other transmission 
clusters, the LBI was higher for the VB variant 
both in BEEHIVE (P = 2 × 10−7) and ATHENA  
(P < 2 × 10−16; fig. S8). High pretreatment trans-
missibility may explain why the VB variant grew 
to be the 10th largest of 1783 clusters in the full 
ATHENA tree.

Tree imbalance and evolution within the 
VB-variant clade
We found nothing unusual in the extent to 
which the VB variant’s phylogeny is imbalanced, 
nor did we detect any indication of further evo-
lution of viral load within the variant’s clade 
(supplementary text and fig. S9).

The first sampled VB individual
We retrieved and sequenced two additional sam-
ples from the VB individual who was diagnosed 
in 1992, 10 years before subsequent diagnoses 
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cline before treatment; this could be explained

by their tendency to start treatment sooner

after diagnosis (fig. S3). For example, although

the probability of having started treatment

was estimated to be similar 6 months after

diagnosis [42% (CI: 41 to 44%) for non-VB

individuals compared with 46% (CI: 35 to

54%) for VB individuals], it was different

2 years after diagnosis [65% (CI: 64 to 67%) for

non-VB individuals and 93% (CI: 85 to 96%)

for VB individuals]. Had VB individuals not

started treatment earlier than others, lower

CD4 counts at treatment initiationwould have

been expected, potentially causing increased

morbidity and mortality (25). This informa-

tion could be relevant if VB or variants like it

are found in settings with less widespread

availability of HIV care.

Characteristics of individuals infected with

the VB variant

VB individuals were mostly (82%) men who

have sex with men, similar to non-VB individ-

uals (76%). Age at diagnosis was also similar

for VB and non-VB individuals (fig. S4). Neither

ethnicity nor host genotype datawere available,

but the place of birth was mostly recorded as

Western Europe for both groups (71% for non-

VB individuals, 86% for VB individuals). VB

individuals were present in all regions of the

Netherlands, but with a different distribution

relative to that of non-VB individuals (N = 102

versus 6604 individuals, P < 10−7, simulated

Fisher’s exact test): VB individuals were more

common in the south (25% of VB individuals

versus 6% of non-VB individuals) and less

common in Amsterdam (20% versus 51%), as

shown in table S5. Table S6 lists the hospitals

included in each region. The average time from

infection to diagnosis, for men who have sex

withmen in this cohort diagnosed in the late

2000s, was previously estimated to be 3.6 years

(CI: 3.3 to 4.0) (27).

Genotype of the VB variant

Sequence data from the BEEHIVE project are

whole-genome data, providing the 17 whole

genomes available for the variant; sequence

data from ATHENA are partial pol gene data

only, available for the additional 92 VB in-

dividuals. We subtyped the 17 whole genomes

for the variant as pure subtype B [with 100%

support from two concordantmethods (28, 29)],

like most HIV-1 in the Netherlands. We pre-

dicted co-receptor usage from the 17 whole

genomes using two concordant methods

(30, 31): one was likely CXCR4-tropic; the other

16 were likely CCR5-tropic. Only one drug-

resistance mutation was common for the VB

variant: Met
41
→Leu (M41L), present in 91 of

109 partial pol gene sequences. Without other

linked resistancemutations, M41L causes only

low-level resistance to zidovudine (32, 33).

Two of the whole genomes were found to

be recombinants between the VB variant and

another subtype-B cluster in ATHENA (con-

taining a small amount of sequence from the

latter) and were excluded from subsequent

sequence analysis. Among whole genomes

in BEEHIVE and all whole genomes in the

Los Alamos National Laboratory HIV Database

(www.hiv.lanl.gov), none appeared to be a

candidate for a “recombination parent” of

the VB variant—i.e., themanymutations that

distinguish the VB variant from any other

known virus appear to have arisen de novo,

not through recombination.

We compared the consensus sequence for

the VB variant with the consensus of all Dutch

subtype-B sequences in BEEHIVE, at both

the amino acid and the nucleotide level: There

were 250 amino acid changes and 509 nu-

cleotide changes, as well as insertions and

deletions. These alignments are included as

data S1, and the amino acid alignment is il-

lustrated in fig. S5. The distribution of nu-

cleotide changes over the genome is in line

with expectations (for example, fewer in the

conserved pol gene region and more in the

variable env gene region; see fig. S6). The VB-

variant genotype is thus characterized by

many mutations spread through the genome,

meaning that a single genetic cause for the

enhanced virulence cannot be determined from

the current data.
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Fig. 1. Clinical characteristics of VB individuals. Those infected with the highly

virulent variant (VB individuals) are represented in red; those infected with

any other subtype-B virus (non-VB individuals) are shown in blue. (A) Box-and-

whisker plots of viral load, by year of diagnosis. Diagnosis dates were grouped

to produce boundaries that coincide with years and roughly equal numbers

of VB individuals (39 in 2002–2006, 35 in 2007–2008, and 27 after 2008; the

pattern is robust to other groupings). (B) Expected decline in CD4 count in the

absence of treatment. The model was adjusted for sex and age at diagnosis;

values shown are for males diagnosed at the age of 30 to 39 years. Shaded regions

indicate 95% CIs in the model’s prediction of mean values, given the uncertainty

in estimation of parameter values (it does not reflect the variability between

individuals in each of the two groups, which is much greater). The dashed black

line denotes a CD4 count of 350 cells/mm3 (see text for details). (C) Probability

of still being alive at a given time after diagnosis.
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of other VB individuals. Phylogenetic analysis 
suggested that this individual was infected with 
a virus that had evolved most of the way, but not 
entirely, toward VB-variant viruses typical of lat-
er dates (supplementary text and fig. S10). This 
individual was diagnosed in Amsterdam, con-
sistent with the aforementioned ancestral recon-
struction of region. In the 10 years before this 
first VB diagnosis, the proportion of individuals 
diagnosed in the Netherlands for whom a viral 
sequence was available was roughly one-third. 
The proportion of those diagnosed or undiag-
nosed would be smaller still. This means that the 
infector of the 1992 individual was most likely 
not sampled, and indeed two or three steps in 
the transmission chain could have been unsam-
pled. The long phylogenetic branch leading to 
the 1992 individual could therefore represent 
between-host evolution, not necessarily within- 
host evolution in a single individual.

Discussion
Previous studies of the heritability of viral load 
and CD4 cell decline led us to expect that these 
properties could change with the emergence of 
a new variant of HIV-1. We provided strong ev-
idence for this, discovering a virulent subtype-B 
variant (the VB variant) that has been circulat-
ing in the Netherlands since the late 1990s. We 
characterized the variant’s genotype and evo-
lutionary history, as well as its association with 
high viral loads, rapid decline of CD4 cells, and 
increased transmissibility. We found 109 indi-
viduals with the variant (VB individuals) whose 
age, sex, suspected mode of transmission, and 
region of birth are all typical for people living 
with HIV in the Netherlands. This suggests that 
the observed association is causal: The increased 
virulence is a property of the virus rather than 
a confounding property of individuals in this 
transmission cluster. An absence of viral load 
evolution inside the clade of VB variants sug-
gests that the increased virulence is a property of 
the whole clade and not a subset of it—i.e., that 
the virulence evolution occurred on the long 
phylogenetic branch that connects this clade to 
other known viruses.

Deferring the initiation of treatment until the 
measurement of a CD4 count’s decline to ≤350 
cells/mm3 or the onset of AIDS, instead of im-
mediate treatment initiation upon diagnosis, 
was previously shown to increase the subsequent 
hazard of serious AIDS-related events by a fac-
tor of 3.6 (CI: 2.0 to 6.7) and of any serious event 
(including death) by a factor of 2.4 (CI: 1.6 to 
3.3) (25). This long-lasting immunological dam-
age justifies WHO’s classification of 350 CD4 
cells/mm3 as “advanced HIV.” Without treat-
ment, advanced HIV is expected to be reached 
in only 9 months (CI: 2 to 17) from the time of 
diagnosis for VB individuals, compared with 36 

months (CI: 33 to 39) for non-VB individuals, 
in males diagnosed at the age of 30 to 39 years. 
Advanced HIV is reached even more quickly 
in older age groups, and there is considerable 
variation between individuals around these ex-
pected values. Many individuals could therefore 
progress to advanced HIV by the time they are 
diagnosed, with a poorer prognosis expect-
ed thereafter in spite of treatment. In practice, 
there is still substantial variation in the delay 
from becoming infected to starting treatment, 
making the VB variant a concern even in the 
high-awareness and highly monitored context of 
the Dutch HIV-1 epidemic. In contexts with less 
awareness and monitoring, in which diagnosis 

often occurs later in infection, the probability of 
reaching advanced HIV before diagnosis would 
be even greater.

Future in vitro investigations could more 
firmly establish the role of the viral genotype, 
and reveal an as-yet-unknown virulence mecha-
nism at the molecular or cellular level. A higher 
replicative capacity of the virus might be ob-
served, given the increased viral loads seen here. 
However, it is likely that there will be more to the 
virulence mechanism: The VB variant doubles 
the rate of CD4 cell decline, measured with both 
counts and T cell percentages, even after adjust-
ing for its higher viral load. This rate is equiva-
lent to the acceleration of CD4 degradation that 

We conducted descriptive analyses of the

mutations that distinguish the VB variant

from the Dutch subtype-B consensus. All of

the amino acid–level changes are listed in data

S2 with annotations. Of the observed amino

acid substitutions, 30 were previously shown

to be positively associated with escape from

cytotoxic T lymphocyte (CTL) response for at

least one human leukocyte antigen type, and

13were shown to be negatively associated (34).

To provide context for these numbers, within

Dutch subtype-B data in BEEHIVEwe defined

16 other clades that are similar to the lineage

in size (see materials and methods). For each

clade, we calculated the amino acid consensus

sequence, compared this to theDutch subtype-B

overall consensus, and determined CTL escape

mutations. This showed that the number of

such mutations for the VB variant is typical

when normalized by its overall level of diver-

gence (fig. S11). We also calculated the ratio

of rates of nonsynonymous and synonymous

changes (dn/ds) for each gene, for the VB var-

iant and the other 16 Dutch subtype-B clades

used for comparison. The VB variant had lower

dn/ds values than all of the other clades for

env, pol, and tat, though its values were not

extreme; for the other genes, its dn/ds value

was in the range spanned by the other clades

(fig. S12). Finally, at codon position 77 of

the protein Vpr, the consensus of all Dutch

subtype-B sequences in BEEHIVE is gluta-

mine, whereas the VB consensus is arginine.

Glutamine was previously found to be more

common in long-term nonprogressors, and

mutation to arginine increased T cell apoptosis

in vitro and strongly increased T cell decline in

mouse models (35). However, both alleles have

been commonly observed in subtype B to

date (of 2178 subtype-B Vpr protein sequences

in the Los Alamos National Laboratory HIV

Database, 52% have glutamine and 36% have

arginine), making it implausible that this mu-

tation alone is the dominant mechanism for

the virulence effect we observed.

Evolution of the VB variant

Themaximum-likelihood phylogeny in Fig. 2A

shows the VB variant in the context of back-

ground sequences, demonstrating that it is a

distinct genetic cluster characterized by high

viral loads. The phylogeny was inferred from

15 whole-genome VB-variant sequences and

100 randomly chosenwhole-genome subtype-B

background sequences from BEEHIVE. Figure

2B shows a dated phylogeny for VB-variant

sequences only, estimated by using BEAST

(36) and partial pol sequences. This phylogeny is

colored by region, inferred with an ancestral

state reconstruction by parsimony (minimizing

changes of region). Amsterdam was assigned

to themost recent common ancestor in 97% of

trees in the posterior, showing that this re-

construction was robust to the uncertainty in

the phylogeny. All VB-variant sequences date

from2003 onward; the time of theirmost recent

common ancestor (TMRCA) was estimated as

1998.0 (95% credibility interval: 1995.7 to 2000.1).

Trees were visualized by using ggtree (37).

Phylodynamics of the VB variant

The effective population size (Ne) of a patho-

gen is indicative of the number of infectious

people. For the VB variant,Ne was estimated

by using a skygrid demographic model (38)

in BEAST and is shown in Fig. 2C (scaled by

the coalescent generation time t).Ne increased

until roughly 2010; after this, there is more

uncertainty but a possible downward trend

[which may be an artefact of Ne inference

methods in the recent past (39)]. The pro-

portion of VB-variant cases among all new

subtype-B cases increased until a peak in

2008 and subsequently decreased, though

again with appreciable uncertainty [absolute

numbers of both VB and non-VB diagnoses

in our dataset have been decreasing since

roughly 2008, and the data are right-censored

by several years (fig. S7)]. In a recent analysis

of an updated version of the ATHENA dataset

(40), 33 additional VB individuals were found,

which suggests that VB diagnoses were stable

until roughly 2013 and have since been declining,

still with appreciable uncertainty.
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Fig. 2. Phylogenetic

and phylodynamic

analysis of the

VB variant. (A) Whole-

genome maximum-

likelihood phylogeny of

15 VB-variant sequences

and 100 background

subtype-B sequences.

The color of each circle

indicates the individualÕs

viral load in log10
copies per milliliter. The

inset scale bar shows

the branch length scale

in units of substitutions

per site. (B) Dated

maximum-clade-credibil-

ity tree for 107 partial pol

gene sequences from the

VB variant. Colors indi-

cate geographical regions

(N, E, S, and W: north,

east, south, and west),

which are known for the

tips of the tree but are

otherwise inferred by

ancestral state recon-

struction. The gray violin

plot superimposed on

the root node shows the

posterior density for its

date (i.e., the TMRCA);

1994 contains overflow to

earlier dates for clarity.

(C) Effective population

size (Ne) (scaled by

the coalescent generation

time t) over time with

95% credibility intervals,

with the same time axis

as in (B).

0.05

3.5
4.0
4.5
5.0
5.5

log10(viral load)

VB variant

0.01

0.1

1

10

100

1995 2000 2005 2010 2015

Year

Amsterdam

Netherlands, N

Netherlands, E

Netherlands, S

Netherlands, W

Belgium

Switzerland

A

B

C

RESEARCH | RESEARCH ARTICLES

http://www.sciencemag.org


Research and News Articles

41
SCIENCE    sciencemag.org

would be expected from a 3.0 log10 increase in vi-
ral load, though we observed a 0.54 to 0.74 log10 
increase. This means that the virulence normal-
ized by the amount of virus—the “per-parasite 
pathogenicity” (42, 43), which for HIV is herita-
ble (19)—is much higher for the VB variant. Us-
ing two aforementioned methods, we predicted 
that, of the 17 whole genomes available, 16 use 
only the R5 co-receptor for cell entry, which is 
typical for subtype-B viruses in early infection 
(13). This finding suggests that the underlying 
virulence mechanism is distinct from the well-
known effect of cell tropism (14, 15).

Previous studies have reported population- 
wide increases (44, 45) and decreases (46) in 
virulence over time. Mixed results between indi-
vidual studies [see (47) for a meta-analysis] can 
be attributed to differences in epidemic context 
(such as the dominant subtypes), statistical pow-
er, and observational biases over time. Temporal 
virulence trends could also be due to changing 
confounders, such as a shift in which subpopu-
lations are most affected, the stage of infection at 
time of diagnosis, or coinfections. We expand on 
these studies by resolving a change in virulence 
to an individual viral variant.

The basic theory of an infectiousness– 
virulence trade-off is that infectiousness and 
virulence are linked (for example, by how fast a 
pathogen replicates in its host) and that selec-
tion pressures favor intermediate values rather 
than extreme ones. If infectiousness is too low, 
the pathogen cannot be transmitted when its 
host contacts other hosts, but if virulence is too 
high, the host becomes too ill to have such con-
tacts. In the case of HIV, the implication of this 
theory is that we would not expect highly virulent 
viruses to spread widely through a population 
in the absence of widespread treatment, because 
their hosts would progress to AIDS very quick-
ly, limiting the opportunities for transmission 
(9). Most of the evolution that gave rise to the 
VB variant occurred before 1992, before effec-
tive combination treatment was available. How-
ever, our findings may stimulate further interest 
in whether widespread treatment shifts the bal-
ance of the infectious–virulence trade-off toward 
higher virulence, thus promoting the emergence 
and spread of new virulent variants. Previous 
modeling studies have investigated this idea for 
pathogens generally (48) and for HIV specifical-
ly (49, 50). We discuss subtleties of the argument 
in the supplementary text, but our conclusion is 
that widespread treatment is helpful to prevent 
new virulent variants, not harmful. The absolute 
fitness of viral variants must be considered in 
addition to their relative fitness, and treatment 
reduces the total onward transmission over the 
course of one infection, regardless of virulence. 
Put simply, “viruses cannot mutate if they cannot 
replicate” (anonymous), and “the best way to stop 

it changing is to stop it” [Marc Lipsitch (51)]. Ear-
ly treatment also prevents CD4 cell decline from 
leading to later morbidity and mortality; thus 
clinical, epidemiological, and evolutionary con-
siderations are aligned. Our discovery of a highly 
virulent and transmissible viral variant therefore 
emphasizes the importance of access to frequent 
testing for at-risk individuals and of adherence to 
recommendations for immediate treatment initi-
ation for every person living with HIV (https://
www.who.int/health-topics/hiv-aids).
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We conducted descriptive analyses of the

mutations that distinguish the VB variant

from the Dutch subtype-B consensus. All of

the amino acid–level changes are listed in data

S2 with annotations. Of the observed amino

acid substitutions, 30 were previously shown

to be positively associated with escape from

cytotoxic T lymphocyte (CTL) response for at

least one human leukocyte antigen type, and

13were shown to be negatively associated (34).

To provide context for these numbers, within

Dutch subtype-B data in BEEHIVEwe defined

16 other clades that are similar to the lineage

in size (see materials and methods). For each

clade, we calculated the amino acid consensus

sequence, compared this to theDutch subtype-B

overall consensus, and determined CTL escape

mutations. This showed that the number of

such mutations for the VB variant is typical

when normalized by its overall level of diver-

gence (fig. S11). We also calculated the ratio

of rates of nonsynonymous and synonymous

changes (dn/ds) for each gene, for the VB var-

iant and the other 16 Dutch subtype-B clades

used for comparison. The VB variant had lower

dn/ds values than all of the other clades for

env, pol, and tat, though its values were not

extreme; for the other genes, its dn/ds value

was in the range spanned by the other clades

(fig. S12). Finally, at codon position 77 of

the protein Vpr, the consensus of all Dutch

subtype-B sequences in BEEHIVE is gluta-

mine, whereas the VB consensus is arginine.

Glutamine was previously found to be more

common in long-term nonprogressors, and

mutation to arginine increased T cell apoptosis

in vitro and strongly increased T cell decline in

mouse models (35). However, both alleles have

been commonly observed in subtype B to

date (of 2178 subtype-B Vpr protein sequences

in the Los Alamos National Laboratory HIV

Database, 52% have glutamine and 36% have

arginine), making it implausible that this mu-

tation alone is the dominant mechanism for

the virulence effect we observed.

Evolution of the VB variant

Themaximum-likelihood phylogeny in Fig. 2A

shows the VB variant in the context of back-

ground sequences, demonstrating that it is a

distinct genetic cluster characterized by high

viral loads. The phylogeny was inferred from

15 whole-genome VB-variant sequences and

100 randomly chosenwhole-genome subtype-B

background sequences from BEEHIVE. Figure

2B shows a dated phylogeny for VB-variant

sequences only, estimated by using BEAST

(36) and partial pol sequences. This phylogeny is

colored by region, inferred with an ancestral

state reconstruction by parsimony (minimizing

changes of region). Amsterdam was assigned

to themost recent common ancestor in 97% of

trees in the posterior, showing that this re-

construction was robust to the uncertainty in

the phylogeny. All VB-variant sequences date

from2003 onward; the time of theirmost recent

common ancestor (TMRCA) was estimated as

1998.0 (95% credibility interval: 1995.7 to 2000.1).

Trees were visualized by using ggtree (37).

Phylodynamics of the VB variant

The effective population size (Ne) of a patho-

gen is indicative of the number of infectious

people. For the VB variant,Ne was estimated

by using a skygrid demographic model (38)

in BEAST and is shown in Fig. 2C (scaled by

the coalescent generation time t).Ne increased

until roughly 2010; after this, there is more

uncertainty but a possible downward trend

[which may be an artefact of Ne inference

methods in the recent past (39)]. The pro-

portion of VB-variant cases among all new

subtype-B cases increased until a peak in

2008 and subsequently decreased, though

again with appreciable uncertainty [absolute

numbers of both VB and non-VB diagnoses

in our dataset have been decreasing since

roughly 2008, and the data are right-censored

by several years (fig. S7)]. In a recent analysis

of an updated version of the ATHENA dataset

(40), 33 additional VB individuals were found,

which suggests that VB diagnoses were stable

until roughly 2013 and have since been declining,

still with appreciable uncertainty.
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Fig. 2. Phylogenetic

and phylodynamic

analysis of the

VB variant. (A) Whole-

genome maximum-

likelihood phylogeny of

15 VB-variant sequences

and 100 background

subtype-B sequences.

The color of each circle

indicates the individualÕs

viral load in log10
copies per milliliter. The

inset scale bar shows

the branch length scale

in units of substitutions

per site. (B) Dated

maximum-clade-credibil-

ity tree for 107 partial pol

gene sequences from the

VB variant. Colors indi-

cate geographical regions

(N, E, S, and W: north,

east, south, and west),

which are known for the

tips of the tree but are

otherwise inferred by

ancestral state recon-

struction. The gray violin

plot superimposed on

the root node shows the

posterior density for its

date (i.e., the TMRCA);

1994 contains overflow to

earlier dates for clarity.

(C) Effective population

size (Ne) (scaled by

the coalescent generation

time t) over time with

95% credibility intervals,

with the same time axis

as in (B).
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A
s the world adapts to its third year of living with 
COVID-19, one thing has become clearer than ever: 
Viruses are in a race with science, and scientists must 
find ways not just to keep pace but to move faster. We 
have now entered an era where epidemic and pan-
demic threats have become the new normal.

Scientists need creative and innovative ways to hunt, track, 
and discover future viral threats as well as those facing us 
today. From highly transmissible COVID variants to deadly flu 
strains and more, viruses move fast and evolve even faster. 
And so must we.

It’s a tall order, but success can be achieved through a 
combination of science and collaboration. 

This means that we must take the lessons we’ve learned 
from the current pandemic and translate them into action, 
which includes developing strong partnerships between 
government and private companies; creating lasting coa-
litions of doctors, scientists, and researchers to watch and 
respond to outbreaks as they occur; and helping to train the 
next generation of epidemiologists.

Creating these partnerships between the private sector, 
academia, and governments can ensure we are ready for the 
next disease that comes our way. With 10 million times more 

viruses on Earth than stars in the universe,1 there’s no shortage 
of pathogens that could cause the next public health crisis. 

During the COVID-19 pandemic, private companies 
stepped up to rapidly develop and manufacture tests. At the 
time of the original Omicron variant surge, there were nine 
at-home rapid COVID-19 tests approved by the U.S. Food 
and Drug Administration—and 375 million tests were avail-
able in the market2—but the volume was still not enough to 
meet household needs. It’s critical that governments contin-
ue to work with private companies to procure key materials, 
secure manufacturing capacity, and coordinate a public 
health response strategy to raise pandemic defenses.

To be as efficient as possible, the public and private sec-
tors will have to collaborate across continents and oceans, 
too. Viruses know no borders, so neither should our efforts to 
combat them. That’s why Abbott, a global health care com-
pany building on a nearly 30-year history in viral surveillance, 
formed the Abbott Pandemic Defense Coalition—a first-of-
its-kind, industry-led global scientific, academic, and public 
health partnership dedicated to improving early detection 
and rapid response to viral threats. The coalition, compris-
ing 14 scientific, academic, and public health organizations 
located around the world, is actively working to help prevent 
the next pandemic. It works with partners on the ground to 
track SARS-CoV-2, hepatitis, HIV, and other global viruses by 
analyzing millions of viral sequences and screening samples 

*Head of Infectious Disease Research and the Pandemic Defense Coalition, Abbott, 
Abbott Park, IL

Pandemic defense: The key is global collaboration
Gavin Cloherty*
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isolated from patients with countless unknown illnesses in 
order to stay one step ahead of the next threat, so we can 
respond quickly and prevent widespread impact.

If a potential threat is discovered, the sequence of the vi-
ruses is published in a public database so that health officials 
and laboratories can work together to identify if it’s a novel 
strain, or a virus that has been previously detected.

That approach proved effective when the COVID-19 
Omicron variant popped up in South Africa late last year 
and again with new subvariants arising across the globe this 
year. Our partners in Africa shared variant sequences and 
tested samples, allowing Abbott to quickly confirm that our 
COVID-19 tests could detect it.

When faced with a new viral threat, Abbott will develop 
diagnostic testing to assist in containment efforts. The goal 
is to anticipate viral threats before they occur, enabling rapid 
responses and diagnostic testing to track how these threats 
are emerging and prevent them from becoming pandemics. 

To fight the current pandemic from all sides, Abbott de-
veloped and produced 14 types of COVID-19 tests for use in 
hospitals, laboratories, point-of-care facilities, and homes. 
Further, because we knew the virus would mutate, we imme-
diately included SARS-CoV-2 in our surveillance program so 
that we could study, sequence, and understand how it was 
changing.

Today, coalition partners are putting this model to the test 
by actively collecting, logging, and monitoring diverse patho-
gens to keep pace with new and changing viruses in every 
region of the globe—from rainforests in Colombia, Brazil, and 
Thailand, to the expansive savannas of South Africa, to the 
metropolitan areas of India and the United States.

In just the past year, our coalition has identified numerous 
new lineages of the SARS-C0V-2 virus. Gaining insight into 
the mutation rate over time, we’ve ensured that our mo-
lecular, antigen, and serological tests can detect variants; 
studied immune systems after vaccination to better under-
stand COVID-19 recovery; and discovered other undetected 
pathogens in circulation in member countries, alerting public 
health officials so that proper testing and monitoring can be 
put in place.

As unknown viral threats become more common, we’ll 
need more eyes on the ground. That’s why we and the coa-
lition are committed to growing and supporting the ranks of 
global virus hunters. Abbott is helping increase the number 
of future virus hunters through the coalition’s partnership 
with the Training Programs in Epidemiology and Public 
Health Interventions Network (TEPHINET), which is already 
training field epidemiologists in more than 100 countries. And 
we’ll continue supporting scientists at each of our coalition 
sites to develop infrastructure and skills for future response.

By expanding training programs, we can attract more virus 
hunters to be educated at research sites across the world 
and learn to respond more effectively in the fight against 
infectious diseases. A part of Abbott’s sustainability plan is to 
build capacity and scientific skills today—which will enable 
us to strengthen pandemic preparedness and protect com-
munities against the threats of tomorrow. 

In an increasingly connected and interdependent world, it 
is imperative to streamline pandemic detection and re-
sponse, improving links between international networks, 
governments, and public health organizations that are 
involved in global health decisions. 

As we make our way through yet another year of living 
with COVID-19, we have to keep taking steps to stop the 
next pandemic. The time to work together to stop future viral 
threats is now. And collaboration is key. 

1https://www.smithsonianmag.com/air-space-magazine/there-are-more-viruses-earth-there-are-stars-universe-180974433.
2https://www.whitehouse.gov/briefing-room/statements-releases/2022/01/14/fact-sheet-the-biden-administration-to-begin-distributing-at-home-rapid-covid-19-tests-to-americans-for-free.
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HELPING TO PREVENT 
THE NEXT PANDEMIC:
THE ABBOT T PANDEMIC 
DEFENSE COALITION
HOW DO WE STOP HISTORY FROM 
REPEATING ITSELF?

This first-of-its-kind* global network is dedicated
to detecting and identifying viral threats. 
Meet the teams who are working around the 
world to help prevent the next pandemic.

KRISP, Genomic Centre 
of the University of 
KwaZulu-Natal

DURBAN, 
SOUTH AFRICA

Institut de Recherche 
en Santé, de Surveillance 
Epidémiologique et de 
Formations (IRESSEF)

DAKAR, SENEGAL

Colombia/Wisconsin 
One-Health Consortium 
at the Universidad 
Nacional de Colombia

MEDELLIN, COLOMBIA

YRG Care

CHENNAI, INDIA

The University of 
the West Indies

MONA, JAMAICA

National Center for 
Disease Control and 
Public Health

TBILISI, GEORGIA

Faculty of Medicine, 
Siriraj Hospital, 
Mahidol University

BANGKOK, THAILAND

University of Zimbabwe

HARARE, ZIMBABWE

Centre for Epidemic 
Response and Innovation

STELLENBOSCH, 
SOUTH AFRICA

Fiocruz

RIO DE JANEIRO, BRAZIL

Uganda Virus Research 
Institute

ENTEBBE, UGANDA

Université Quisqueya

PORT-AU-PRINCE, HAITI

Universidade de 
São Paulo

SAO PAULO, BRAZIL

Abbott
Rush University

CHICAGO, U.S.

HOW IT WORKS: THE COALITION’S ACTION PLAN

The patient samples are sent to 
a coalition member, where they’ll 

undergo further analysis to determine 
if we’ve seen the virus before.

2 We’ll conduct genetic 
sequencing, which will identify 

characteristics that may indicate 
a new threat. 

3When doctors identify patients 
with unknown conditions that 

they can’t diagnose, it can be the 
first sign of a new threat.

1

We’ll deploy diagnostic testing 
to the extent possible to assist in 

e�orts to contain the virus before it 
can reach pandemic levels.

5If a threat is discovered, the viral sequence and 
prototype diagnostic test will be immediately 

shared so that science and public health can collaborate
to understand the risk level and pandemic potential.

4
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The Abbott Pandemic Defense Coalition connects organizations around the world that contribute to global health, scientific research 
and pandemic preparedness. Whether they’re conducting viral surveillance and discovery, analyzing genomic sequences, or training the 
next generation of epidemiologists and virologists, all partners play a vital role in staying a step ahead of infectious disease outbreaks.

Centre for Epidemic Response and Innovation (CERI)
CERI uses its expertise in genomics to identify new variants of pathogens and to 
advance basic and translational science to improve public health e�orts in Africa.

Specialization: Bioinformatics, Genome Sequencing, Phylogenetics, Training 
and Education

Colombia-Wisconsin One Health Consortium 
at the Universidad Nacional de Colombia
University of Wisconsin–Madison and Universidad Nacional de Colombia strengthen 
scientific capabilities with one of the top laboratories outfitted for genomic technology 
in the region. 

Specialization: Clinical and Epidemiological Research, Diagnosis, Health Geography, 
Next-Generation Sequencing

Institut de Recherche en Santé, de Surveillance Epidémiologique 
et de Formation (IRESSEF)
An institution known for health research, IRESSEF aims to support public health policies 
to make healthcare accessible to African populations. 

Specialization: BSL-3, Epidemiological Surveillance, Clinical Research, Virus Discovery

KwaZulu-Natal Research Innovation and Sequencing Platform (KRISP), 
Genomic Centre of the University of KwaZulu-Natal
KRISP utilizes big data, bioinformatics and genomics analysis to understand the infectious 
diseases of today to better respond to future mutations or variants.

Specialization: Bioinformatics, Genome Sequencing, Phylogenetics, Training 
and Education

National Center for Disease Control and Public Health (NCDC)
The NCDC is Georgia’s central public health and research institution under the 
authority of the Ministry of Internally Displaced Persons (IDPs) from the Occupied 
Territories, Labour, Health and Social A�airs.

Specialization: Clinical Research, Connecting Laboratories and Physicians, 
Countrywide Surveillance, Hepatitis Elimination Programs, Informatics

Rush University Medical Center
Rush is one of the leading academic health systems in the U.S. and works to discover 
novel treatments through research and clinical trials.

Specialization: Clinical Research, Immunology, Informatics, Next-Generation 
Sequencing, Training and Education

Uganda Virus Research Institute (UVRI)
UVRI conducts health research pertaining to human infections and diseases and enables 
partnerships and communication while serving as a training and education center.

Specialization: Entomology, Epidemiological Surveillance, Immunology, Training and 
Education, Virological Research

Universidade de São Paulo (USP)
USP is a leading university and plays a fundamental role in advancing scientific, 
technological and social research in Brazil.

Specialization: Clinical Research, Health Geography, Next-Generation 
Sequencing, Phylogenetics

Université Quisqueya
Université Quisqueya is a private education and research institution that is the first 
of its kind in Haiti.

Specialization: Clinical Research, Training and Education, Viral Surveillance

University of the West Indies
The University of the West Indies aims to advance learning, create knowledge and 
foster innovation for the positive transformation of the Caribbean and the world.

Specialization: Genome Sequencing, Health Geography, Next-Generation 
Sequencing, Vector Surveillance, Viral Surveillance

University of Zimbabwe
This public research institution provides academic programs, research, and advisory 
services while developing strategic partnerships for innovative research, outreach and 
business development. 

Specialization: Clinical Research, Phylogenetics, Training and Education, 
Viral Surveillance

Y.R. Gaitonde Centre for AIDS Research and Education (YRG Care)
YRG Care carries an international reputation for clinical, behavioral and epidemiological 
research with global partners and provides community services for people living with HIV, 
AIDS and STIs.  

Specialization: Clinical Research, Epidemiology, Patient Care Services for High-Risk 
Populations, Viral Surveillance

Fiocruz
Fiocruz, or the Oswaldo Cruz Foundation under the Ministry of Health, is the most 
prominent science and technology institution in health in Latin America.

Specialization: Clinical Research, Epidemiological Surveillance, Next-Generation 
Sequencing, Phylogenetics, Training and Education, Virology

Faculty of Medicine, Siriraj Hospital, Mahidol University
Our partners at Siriraj Hospital, the leading medical school in the country, provide 
the latest medical services support and education while driving innovative infectious 
disease research.

Specialization: Bioinformatics, Biorepository, Clinical Research, Diagnosis, 
Health Geography

AMERICAS

AFRICA

EUROPE AND ASIA
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Protecting public health through viral 
molecular surveillance
Mary A. Rodgers*
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T
he continuous evolution and divergence of viral 
pathogens, which are both fascinating and deadly, is 
constantly threatening the advances we have made 
in combating infectious diseases through diagnostics, 
therapeutics, and vaccines. All these tools rely upon 
viral sequence conservation to maintain effectiveness, 

making them prone to failure when viruses mutate. The mag-
nitude of the challenge of viral diversity is most notable in the 
case of highly divergent viruses such as human immunode-
ficiency virus (HIV), hepatitis B virus (HBV), and hepatitis C 
virus (HCV), which have diversified into lineages that differ 
by up to 37.5% and are responsible for 38 million, 257 million, 
and 71 million chronic infections worldwide, respectively 
(1–4). With increasing global travel, immigration, and military 
deployments, the geographical footprint of these viruses is 
expanding (5, 6). Although SARS-CoV-2 has lower overall 

viral diversity than HIV, HBV, or HCV, the pandemic spread 
of variants of concern around the world in a matter of weeks 
has repeatedly altered local transmission dynamics, mak-
ing small changes in sequence a major driver of COVID-19 
illness (7). Therefore, the comprehensive spectrum of viral 
genetic diversity must be accounted for in the design and 
evaluation of diagnostics, therapeutics, and vaccines target-
ing these and other divergent viruses. The consequences of 
an incomplete consideration of viral diversity include false 
negative diagnostic results; underquantification of viral load 
levels; vaccine breakthrough infections; treatment failures; 
and ultimately poor control of infectious diseases (8–16).

Molecular surveillance serves as the foundation for the 
robust design of diagnostics, therapeutics, and vaccines to 
effectively confront viral diversity. Complete characterization 
of the full diversity of pandemic viruses such as HIV, HBV, 
HCV, and SARS-CoV-2 requires a global effort, since even 
one gap in the worldwide molecular surveillance system puts 

*Principal Research Scientist, Abbott Pandemic Defense Coalition, Abbott, 
Abbott Park, IL
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the global population at risk. In addition to sequences from 
surveillance programs, positive clinical specimens are also 
critically important for continuously monitoring the impact 
of viral diversity on diagnostic tests. These paramount needs 
were recognized over 28 years ago when the Abbott Glob-
al Surveillance Program (AGSP) was established in 1994, 
with the goal of characterizing HIV diversity to improve the 
performance of diagnostic tests. The program grew out of 
decades of leadership in infectious disease diagnostics that 
began with Abbott’s first test for HBV in 1972 and the first 
FDA-approved test for HIV in 1985. AGSP has since expand-
ed to collecting more than 90,000 clinical specimens from 
46 different countries on six continents, through collabora-
tions with hospitals, blood banks, research institutions, and 
public health agencies (17, 18). Access to the data generated 
by the program has been democratized for the benefit of 
all researchers through deposition of more than 5,000 new 
viral sequences into public databases and the publication 
of 152 peer-reviewed articles. Furthermore, AGSP-derived 
sequences and specimens serve as the foundation for the 
development of infectious disease diagnostic assays that can 
tolerate viral diversity; these assays serve as our critical first 
line of defense in the efforts to contain and eliminate HIV, 
viral hepatitis, and SARS-CoV-2. As a key aspect of pan-
demic preparedness, AGSP serves as a pillar of the Abbott 
Pandemic Defense Coalition.

Over the course of decades of molecular surveillance, 
AGSP has made several important discoveries in HIV 
research. A majority of the most divergent 
HIV strains have been identified and se-
quenced by AGSP, including 11 out of 17 
sequence-confirmed HIV Group N infections 
identified to date (19–24) and one of the 
only two Group P cases ever to have been 
discovered (25). Numerous HIV-2 and HIV-1 
Group O strains have also been characterized 
by AGSP, some of which differ from Group M 
sequences in the envelope gene—a primary 
target of the antibody response to HIV—by 
>50% (20, 26–29). More recently, the newest 
subtype of HIV Group M, subtype L, was es-
tablished with the third genome sequenced 
by AGSP in 2019 (30). These diverse HIV 
strains illustrate the impact of a robust viral 
surveillance program on diagnostic assay 
development, since Abbott’s ARCHITECT 

HIV Ag/Ab Combo and RealTime HIV-1 tests were designed 
with awareness of viral diversity prior to the discoveries 
of these strains, yet they were all readily detected without 
modification of the tests (21, 30). 

AGSP has also brought new insights and understanding 
about the course of the HIV pandemic (31). AGSP’s HIV sur-
veillance in Africa has uncovered an unexpected population 
of potential HIV elite controllers in the Democratic Republic 
of Congo (DRC) who can control the virus naturally without 
suppression by antivirals (32). The discovery of this group of 
patients was an unexpected outcome of a viral surveillance 
study in which the frequency of samples with viral load was 
unusually low in a seropositive HIV panel from Kinshasa. 
Through systematic follow-up testing, AGSP eliminated 
diagnostic errors, divergent viruses, and antiretrovirals as 
potential explanations. While the frequency of HIV elite con-
trollers is typically less than 0.5% of the population in other 
regions of the world, their prevalence in DRC was estimated 
to be 2.7%–4.4%, a figure that remained consistent over a 30-
year period, suggesting that a unique capacity to control HIV 
infection arose early in the epicenter of the pandemic. These 
results serve as a spark for renewed investigation in this 
area to characterize the mechanisms by which potential elite 
controllers in DRC achieve viral suppression.

After the addition of hepatitis virus surveillance into AGSP 
in the 2000s, several important contributions have been 
made in molecular surveillance of HBV, HCV, and hepatitis 
D virus (HDV) that have benefited public health. In a large 
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study conducted with >13,000 participants in Cameroon, 
where the prevalence of viremic HCV was previously only 
modeled and not measured, the molecular prevalence of 
HCV was determined to be 2.47%, identifying higher rates in 
males (3.81%) and persons over the age of 40 (9.09%) (33). 
In this same group, a high prevalence of HBV infections was 
found (10.45%), and, among these, the prevalence of HDV 
antibodies was 46.73% (20, 34). Remarkably, HDV RNA was 
found in 34.2% of all HBV+ cases, with the highest rates 
found in children ages 2–17 years old (34). 

The sequences generated through molecular surveillance 
studies can also provide deeper insight into the transmission 
dynamics of a countrywide epidemic. For example, in a 2020 
AGSP molecular surveillance study conducted in a group of 
people who inject drugs (PWID) in five cities in India, 10 dif-
ferent subgenotypes were present, whereas significantly less 
diversity was seen for HIV in the same cohort, with only one 
major strain predominating (subtype C) (35). The distribu-
tion of the HCV genotypes across different cities suggested 

novel introductions of HIV and HCV into PWID populations 
consistent with known drug trafficking routes along nearby 
borders. Spatiotemporal phylodynamic analysis of the HCV 
sequences from this study found genetic links within trans-
mission networks between geographically distant Indian 
cities, indicating that targeted interventions must account for 
intercity travel to be successful (36).  
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AGSP has kept pace with the emergence of SARS-CoV-2 
variants during the COVID-19 pandemic by characterizing 
specimens from four continents and testing them in 11 differ-
ent antigen, molecular, and antibody COVID-19 assays, with 
excellent performance demonstrated due to well-conserved 
assay targets and robust design (37). All major variants 
of concern to date (Alpha, Beta, Gamma, Delta, and Omi-
cron) have been sequenced in the program, with genomes 
deposited in the Global Initiative on Sharing All Influenza 
Data (GISAID) repository (38). Important insights about the 
pandemic have also been gained from AGSP-derived SARS-
CoV-2 genomes. Notably, genomes carrying spike protein 
receptor-binding domain (RBD) mutations linked to increase 
transmission and vaccine escape in variants of concern were 
found in Senegal during the second wave of the pandemic 
in the winter of 2020–2021 (39). The mutations were found 
in lineages that were not designated as—and never be-
came—variants of concern, raising questions about the path 
a variant must take to become a global concern. Interestingly, 

the Alpha variant of concern was present during the second 
wave, but it never became the predominant strain in Senegal 
in contrast to other countries where it rapidly became the pri-
mary lineage. This may be due to the pre-existing dominance 
of the B.1.1.420 lineage in Senegal at the time that Alpha was 
introduced (40). The B.1.1.420 lineage was imported from 
Italy and gained fitness in Senegal before spreading global-
ly during the second wave, making it a lineage to continue 
monitoring carefully (40). 

The continual discovery of new strains and deeper insights 
gained from viral sequences in AGSP highlight the impor-
tance of sustained vigilance in monitoring viral sequences 
through a global approach to keep pace with viral evolu-
tion. To further improve our coverage of circulating strains, 
techniques that increase sequencing throughput and quality 
should continue to be implemented in as many geographies 
as possible. For instance, advances in improving next-gen-
eration sequencing (NGS) depth and coverage for low viral 
load specimens have been developed at Abbott through 
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enrichment strategies for SARS-CoV-2, HIV, and hepatitis 
viruses. Implementation of these techniques at additional 
sites will increase the number of genomes generated (41–44). 
Expanded application of surveillance methods to passively 
monitor the environment will also improve real-time visibil-
ity of strains that are circulating in specific areas. Notably, 
recent implementation of wastewater monitoring of SARS-
CoV-2 sequences has been shown to successfully predict 
surges in cases and could be used to prompt public health 
responses when new variants are detected (45, 46). Howev-
er, passive surveillance systems do not exclusively monitor 
human pathogens, and environmental specimens cannot 
be used to monitor diagnostic assay performance. As more 
and more sequencing data is generated through surveillance 
efforts, efficient analysis of the data will continue to pose a 
challenge, and innovative solutions in this area will greatly 
improve surveillance throughput and accessibility. Resources 
that provide up-to-date status reports pulled from surveil-
lance databases will also become an essential part of the 
suite of monitoring tools used to make sense of the data gen-
erated. The more that surveillance sequencing data is shared, 
the stronger our defenses will be against emerging strains 
of divergent viruses such as HIV, hepatitis, and SARS-CoV-2. 
Since new variants of any of these viruses could cause major 
outbreaks and surges globally, improved surveillance of 
these pathogens is a critical pillar of pandemic preparedness. 
As the only diagnostic test manufacturer with such a unique 
long-standing and large-scale surveillance program, Abbott 
provides a vital tool to stay ahead of these dynamic viruses.
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T
he Abbott Pandemic Defense Coalition (APDC) is a scientific and 
public health partnership whose primary purpose is the early 
detection and mitigation of infectious disease threats of pan-
demic potential. To this day, a large percentage of presumed 
infectious diseases go undiagnosed. For example, 15%–30% 
of acute respiratory illness, 30%–50% of gastroenteritis, and 

50%–70% of meningitis/encephalitis have no etiology determined (1). 
In this context and in contrast to “surveillance” of known pathogens, 
“discovery” refers to detection of novel, emerging viruses that have 
not been previously characterized or associated with disease. Unbiased 
next-generation sequencing (NGS) of patient samples has the potential to 
dramatically improve these numbers, but there is spirited discussion about its 
actual diagnostic relevance and actionability in clinical settings (2–4).

Virus discovery for diagnostic 
preparedness
Michael G. Berg*

*Associate Research Fellow, Abbott, Abbott Park, IL
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However, the question as to whether NGS and associated 
bioinformatic algorithms [sequence-based ultrarapid patho-
gen identification (SURPI), Kraken, IDseq, among others] 
can be used to discover the presence of and assemble the 
genomes of new viruses is not a matter of debate. In recent 
decades, various new viruses have been discovered by NGS 
with clear links to disease (1, 5). This number is dwarfed by 
those described in nonhuman host reservoirs (e.g., bats 
and rodents) and insects (e.g., ticks and mosquitos) with 
potential for zoonosis or vectoring, respectively (6–12). One 
need not touch a sample, with new viruses being found by 
combing through the vast reams of data in the sequence 
read archive (13). It is important to appreciate that beyond 
determining the sequence, numerous other criteria need to 
be established to link a pathogen with disease, including 
elicitation of a host response, clustering of cases, and fulfill-
ment of Koch’s postulates (14).

 During an outbreak, finding other cases and making the 
correct association with disease ceases to be an issue. Yet, 
distributing the technical NGS capability to make that initial 
identification of a new virus and to monitor strain diversity 
following its emergence are areas that we can focus on for 
pandemic preparedness. Whether it’s due to globalization, 
international travel, changes in the environment, or en-
croachment of humans into natural habitats, pandemic-scale 
viruses such as severe acute respiratory syndrome (SARS), 
Middle East respiratory syndrome (MERS), Zika, Ebola, and 
SARS-CoV-2 have increased in frequency, and it is likely that 
other outbreaks with pandemic potential will emerge again. 
Diagnostics play the most essential role throughout a public 
health response to a pandemic. Quickly designing molecu-
lar and serologic/rapid tests can be done by any entity, but 
only industry has the resources, technical knowledge, and 
logistic infrastructure to scale up production rapidly enough 
to meet the global demand. It all starts with having a genome 
sequence. For this reason, Abbott’s Virus Discovery program 
performs a necessary function within the APDC framework 
to bolster public health efforts (15).

The evolution of virus discovery at Abbott
The Abbott Diagnostics division was established in 1972 with 
the development and distribution of the AUSRIA-125 blood 
screening test for the hepatitis B virus (HBV) Australian 
antigen. During this period, the search for the elusive non-A, 
non-B hepatitis virus was at its height. Around the same time 
that Chiron Corporation discovered hepatitis C virus (HCV) 

in 1989, Abbott scientists identified another group of flavivi-
ruses that appeared to be associated with hepatitis and other 
transfusion-transmitted diseases. During the 1990s, GB virus 
type C (GBV-C) was ultimately found to be ubiquitous in both 
healthy and sick individuals, and so while a new Pegivirus 
species was established, these viruses were not pathogenic 
(16). The pace of discovery was hampered by reliance on  
labor-intensive methods available at the time, such as clon-
ing and Sanger sequencing, radio-labeling, and virus prop-
agation in culture. The advent of high-throughput methods 
such as microarrays for viruses (ViroChip) held great promise 
for the virus discovery field. In 2006, studies using the Viro-
Chip indicated that xenotropic murine leukemia virus-related 
virus (XMRV) was associated with prostate cancer (PC) 
(17, 18). A flurry of follow-up reports additionally suggested 
a causal role for XMRV in chronic fatigue syndrome (CFS) 
(19, 20). Numerous independent studies failed to confirm an 
association of XMRV with PC and CFS, and Abbott scientists 
created molecular and serologic tools that ultimately helped 
to refute these claims (21, 22). While XMRV was determined 
to be a real virus arising from recombination of endogenous 
murine proviruses during passage of a human PC tumor in 
immunocompromised mice, the field at large concluded that 
the initial results were due to laboratory contamination with 
infected cell lines (23, 24). Important scientific lessons were 
learned from both “discoveries” and highlighted the many 
pitfalls and challenges associated with this work. Abbott not 
only remained engaged in this space but committed to taking 
the lead. 

At this same time, the high-throughput sequencing rev-
olution was underway with 454 and Illumina technologies 
quickly eclipsing microarrays. The concept of “metagenomic 
NGS” (mNGS) was born: unbiased sequencing of all nucleic 
acids in a patient sample to detect bacteria, parasites, fungi, 
and viruses, and to potentially assemble the genomes of new 
viruses. Abbott engaged in a unique, long-term partnership 
with the leading experts in this burgeoning field at University 
of California, San Francisco (UCSF) to establish the Viral Di-
agnostics and Discovery Center (VDDC). Leading the VDDC 
was Charles Chiu, M.D., Ph.D. Among his lab’s many founda-
tional contributions was leveraging mNGS to report the asso-
ciation of known viruses (e.g., astrovirus) with unexpected dis-
ease outcomes (e.g., encephalitis) (25). They also discovered 
several novel viruses, including MW polyomavirus in acute 
pediatric diarrhea cases, Bas-Congo rhabdovirus causing 
hemorrhagic fever, and Lone Star bunyavirus in Amblyomma 
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ticks (26–28). Importantly, this research demonstrated the 
promise of mNGS to deliver an actionable diagnosis, saving 
a young teenager from a fatal case of neuroleptospirosis (29). 
Pivotal to all this work was the development of the SURPI 
data-analysis pipeline (30). Vast amounts of sequences could 
now be aligned to the entire GenBank NT (Nucleotide) data-

base in a few short hours, removing host background DNA/
RNA, identifying known pathogens, and exploring clues as to 
the presence of a potential divergent virus. As intended, the 
focus then shifted to building NGS and bioinformatics capa-
bility internally at Abbott. A key milestone that evidenced this 
transfer of expertise and methodology was the discovery of 

human pegivirus-2 (HPgV-2) 
in 2015 (31). Starting from just 
three sequence reads with remote 
homology to simian pegivirus A, 
Chiu’s group identified the index 
case and assembled the HPgV-2 
draft genome. It was Abbott’s team 
that developed this story further 
by identifying another dozen 
cases of infection, made possible 
by our ability to rapidly prototype 
molecular and serology tools. A 
quantitative reverse transcription 
(RT)-PCR on the Abbott m2000 
RealTime System simultaneously 
detecting HPgV-1 (GBV-C) and 
HPgV-2 viral RNA, together with 
a high-throughput assay on the 
ARCHITECT immunoassay analyzer 
detecting antibodies to envelope 
and NS4A/B antigens, yielded im-
portant epidemiologic data (32, 33). 
We established that HPgV-2 was 
a rare, chronic bloodborne virus 
strongly associated with hepatitis C 
coinfection and likely transmitted by 
intravenous drug use. Concurrent 
studies from Kapoor et al. and other 
subsequent reports around the 
world corroborated this conclusion 
(34–36).

Stopping the next pandemic 
requires us to follow as many leads 
as possible. To do this effectively 
demands the building and optimi-
zation of methods and the devel-
opment of the next generation 
of virus hunters. Recovering full 
genomes and comprehending viral 
genetic diversity from individuals 

Collaboration through VDDC 
laid an important foundation 
for Abbott’s Pandemic Defense 
Coalition by acclimating us to 
the power of next-generation 
sequencing technology. This 
important partnership with UCSF 
allowed Abbott to build research 
capacity internally while also 
playing an active role in the virus 
discovery process.

—John R. Hackett, Jr., 
Divisional Vice President  
of Applied Research and 

Technology, Abbott
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with either low viral loads or limited sample volume necessi-
tated NGS sensitivity improvements. Target capture methods 
(xGen) were first applied to HPgV-2 and then developed for 
HIV, hepatitis B and D, and SARS-CoV-2 viruses (37–40). 
HIV probes proved instrumental in amplifying reads from 
a precious remnant sample to determine a third full-length 
sequence that finally established HIV-1 subtype L (41). This 
sensitive method was exploited once again to identify a high 
percentage of HIV elite controllers—defined as HIV+ indi-
viduals maintaining no detectable viral load for 12 months 
with no antiviral treatment—in the Democratic Republic 
of Congo (42). Hybridization of probes against all human 
viruses represents not only a 1000× boost in sensitivity but 
also allows high multiplexing and rapid data analysis, as the 
myriad of human background reads are washed away and 
not sequenced (43). This shortcut, in parallel with mNGS for 

detection of nonviral and divergent viral reads, is now a pillar 
of APDC patient sample characterization.

In addition to NGS optimization, streamlining laboratory 
methods and developing new assays applied either upstream 
or downstream of sequencing has been another key prior-
ity. This has entailed staffing a deep bench knowledgeable 
and experienced in molecular [e.g., quantitative PCR (qPCR) 
and isothermal amplification] and serologic detection (e.g., 
high-volume, rapid tests). Our biosafety level (BSL)-3 facility, 
used to study high-risk pathogens, has proven indispensable 
in our response to COVID-19 (44, 45). Whether working with 
a known pathogen or culturing newly discovered viruses, this 
BSL-3 lab gives us the ability to respond quickly to shifting 
landscapes (e.g., new SARS variants of concern) and explore 
virus biology to make meaningful scientific contributions 
(46). APDC is equally focused on data-analysis infrastructure. 
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Our bioinformatics team is building a new metagenomics 
and discovery pipeline (DiVir) with a web interface that 
harnesses the power and scalability of cloud computing. 
Phylogenetics expertise is another area we have invested in. 
From rewriting the taxonomic classification of picobirnavi-
ruses (PBVs) to discerning the origins of SARS-CoV-2 strains 
circulating in Senegal, applying state-of-the-art analyses to 
our data is paramount (47, 48). 

Assembling these various elements has culminated in two 
recent reports highlighting these strengths. A novel PBV was 
discovered in a patient hospitalized in Barranquilla, Colom-
bia with acute respiratory illness (ARI) (49). Development of 
an RT-qPCR on the m2000 system led to the identification 
and subsequent sequence characterization of 25 additional 
strains from the United States and Colombia. Phylogenetic 
analysis of the RNA-dependent RNA polymerase enzyme 
indicated the emergence of two lineages that clustered 
together as a distinct genotype: One was linked to the index 
case and the other to Asian strains previously associated 
with ARI. A “novel” orthobunyavirus was also found in an 
HBV+ patient in the Democratic Republic of Congo, which  
after 50 years in a freezer, was recently identified by the  
U.S. Centers for Disease Control and Prevention as Bangui 
virus from the Central African Republic (50). While related  
bunyaviruses have been reported to cause disease, RT-qPCR  
screening with a newly developed test failed to identify 
additional cases of infection in Africa. Phylogenetic analysis 
of this and other members of the Anopheles A serogroup 
reveal these are ancient viruses that infrequently spill over to 
humans. These and other viruses we have yet to describe are 
unlikely to cause the next pandemic, but we have the tools in 
place to make these discoveries and develop the diagnostics 
to detect them.

Virus discovery within the APDC network
A fundamental promise of APDC is the sharing of resources, 
expertise, and samples so that together we can remain vigi-
lant while also making new discoveries. To ensure standard-
ization of data input, we are first defining diagnostic criteria 
for case finding of “illnesses of unknown origin.” Key to this 
enrollment process are universal prescreening methods (e.g., 
qPCR) to flag common pathogens involved in acute respira-
tory or febrile illnesses, to name a few conditions. Abbott is 
also providing protocols and resources for conducting mNGS 
and target enrichment, thereby building sequencing capacity 
in-country. In some cases, specimens are shipped to Abbott 

for processing, while in others, both parties sequence the 
same sample to ideally arrive at the same result. Transfer 
of panels containing positive controls ensures laboratory 
methods are working as expected, yet here again, this is only 
half the equation. Abbott has designed the DiVir pipeline 
with remote, cloud-based data upload and visualization for 
our APDC partners. This will allow the end-user to analyze 
their own data and to be the ones to drive their research 
forward. Similarly, by providing Abbott instrumentation, these 
sites will also be versed in their operation and ready to test 
or develop their own “research use only” (RUO) assays on 
these platforms.

Our identification of an outbreak of Oropouche fever in 
Colombia is a prime example of just how these collabora-
tions can function and provide real public health value. Fever 
clinics at four sites in Colombia screening for dengue, Zika, 
chikungunya, Chagas, and other viruses designated undiag-
nosed cases for further NGS analysis. An acute Oropouche 
bunyavirus infection was detected, and the full-length 
sequence indicated that the virus had been circulating un-
detected in Colombia for years after an initial case report in 
2017 (51). Both an RT-qPCR assay on the m2000 system and 
immunoglobulin M/immunoglobulin G (IgM/IgG) serologic 
assays on the ARCHITECT platform were rapidly developed 
to screen nearly 1,000 fever samples collected between 2019 
and 2021. We observed an 11% incidence of new infections 
and 4.5% IgM/15.2% IgG antibody positivity. This work high-
lighted the importance of logistics and the need for infra-
structure to be in place to enable a rapid response. Whether 
it’s sample collection, overseas shipments, instrumentation 
placements, or having sequencing and qPCR/serology 
capabilities at Abbott and abroad, working out these details 
and actively building technical capacity in advance of an 
outbreak makes all the difference for timely reporting and 
preparedness.

Preparedness for a rapid, informed response
Diagnostics are unquestionably at the center of any pan-
demic response strategy: Every aspect of clinical manage-
ment and a public health response begins with a positive or 
negative test. Whether tallying up new cases to determine 
infection rates, monitoring how long a patient is shedding 
infectious virus to determine quarantine lengths, or looking at 
induction and maintenance of antibody responses following 
immunization and natural exposure, a diagnostic is the start-
ing point. Indeed, tracking new variants through sequencing 

0722Abbott_articles_samples.indd   150722Abbott_articles_samples.indd   15 6/30/22   2:25 PM6/30/22   2:25 PM



Pandemic Preparedness in a Changing World

58

Pandemic preparedness in a changing world: Fostering global collaboration to strengthen public health and respond to viral threats

18
Originally published 8 March 2016 sciencemag.org    SCIENCE

and sophisticated phylogenetics requires first identifying 
a positive sample. For SARS-CoV-2, Abbott correlated the 
PCR cycle threshold (Ct, the number of cycles required to 
detect the target above the 
background) with virus growth 
in culture to indicate the viral 
load likely required for transmis-
sion and hence the sensitivity 
demanded of a rapid test like 
BinaxNOW (45). Similarly, we 
and our partners dissected 
discordant molecular and rapid 
(Panbio) test results to establish 
the window in which a person 
is infectious (52). These types 
of studies with on-market tests 
lead to an appropriate interpre-
tation of multiple data points 
and an informed public health 
response. While proof-of- 
principle tests and academia- 
led initiatives are admirable and 
needed, the ability of industry to 
rapidly deliver reliable products 
in mass quantities that adhere 
to government quality standards 
and specifications (e.g., U.S. 
Food and Drug Administration 
approval and European CE 
marking, among others) is frank-
ly what the world expects and 
exactly what Abbott delivered 
during the COVID pandemic.

Setting up the Virus Discovery 
program across APDC sites is 
intended to serve as a “sentinel 
system.” This research is often 
referred to as “looking for the 
needle in the haystack,” but 
in another way, it’s more like 
playing the lottery: You have to 
buy a ticket to win. Our chance 
of success increases with each 
additional site exploring more patient samples, applying the 
most sensitive tools available, and following a well-thought-
out strategy. If a new threat emerges, our network sites func-

tion within or hand-in-hand with hospitals that have access 
to patients. Regardless of whether APDC members make the 
initial discovery or read about the next potential pandemic in 

the news, we are poised to act together immediately. Meth-
ods, training, instrumentation, and funding will already be in 
place to sequence and comprehend genetic diversity; design 

In the first year as an APDC partner, 
we’ve worked with Abbott to 
phylogenetically characterize over 1,000 
SARS-CoV-2 sequences to understand 
how the Mu variant overtook Gamma, 
while also screening over 1,000 patients 
with fever of unknown origin. In addition 
to our work, other sites are also 
actively publishing research, identifying 
outbreaks, and developing diagnostic 
tools. By copublishing and sharing 
patient samples, staff, and technology, 
we are able to work together more 
collaboratively and efficiently, resulting 
in a greater mutual benefit to our 
members and to public health.

—Jorge Osorio, codirector of the Colombia-Wisconsin 
One Health Consortium and president and  

CEO of VaxThera
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and produce diagnostic tests; and understand the epidemi-
ology. With testing distributed across sites, RUO assays can 
quickly progress to scaled-up versions with diagnostic au-
thorization. APDC, at its core, is a network of action. Abbott 
is not here to be a funder, but rather as an engaged, equal 
partner: We are making an investment and doing the hard 
work, the results of which are already yielding benefits. 
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O
n March 11, 2020, prompted by the detection of over 
118,000 cases, 4,000 deaths, and alarming levels of 
spread and severity in more than 100 countries and 
territories, the World Health Organization (WHO) 
declared the novel coronavirus 2019 (COVID-19) 
outbreak a global pandemic (1). After that pivotal 

announcement, the absence of a coordinated global pre-
paredness plan was evident, highlighting the need to focus 
on pandemic preparedness for the next pandemic. The 
COVID-19 pandemic also underscored the critical need for 
disease surveillance as well as the importance of trained 
frontline public health professionals, such as field epidemi-
ologists and clinicians, who can recognize unusual medical 

events or clustering of medical conditions or syndromes. 
Further, the global spread and impact of the SARS-CoV-2 
virus demonstrated that coordination and collaboration 
among public health networks regionally and worldwide are 
essential to ensure a rapid and robust response to infectious 
disease threats. Abbott, and the Abbott Pandemic Defense 
Coalition (APDC), recognized the need to partner with and 
support epidemiologic programs as key in early detection of 
and response to pandemic threats.      

In the 1980s, several countries with funding and techni-
cal support from the U.S. Centers for Disease Control and 
Prevention (CDC) and other partners developed field-based 
training programs in applied epidemiology in response to 
the need to strengthen their local and national public health 
capacity and infrastructure. The benefits resulting from these 

1Abbott, Abbott Park, IL
2Task Force for Global Health, Decatur, GA

The key role of fi eld epidemiology in preventing the next 
pandemic: The partnership between Abbott and Training 
Programs in Epidemiology and Interventions Network 
(TEPHINET)
Francisco Averhoff1, Lara Pereira2, Susan Gawel1
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FIGURE 1. Countries with Training in Epidemiology and Public Health Interventions network (TEPHINET)-affiliated Field Epidemiology Training 
Programs (FETPs) (n=75), September 2021.

programs working together prompted the organization of 
a global network and, with support from WHO, CDC, and 
Fondation Mérieux, this network was formalized in 1997 as 
the Training Programs in Epidemiology and Public Health 
Interventions Network (TEPHINET). TEPHINET is a program 
of The Task Force for Global Health, originally founded as the 
Task Force for Child Survival by Dr. Bill Foege in 1984 (2).  
TEPHINET has grown into a global network of 75 Field 
Epidemiology Training Programs (FETPs) in more than 100 
countries (see Figure 1). TEPHINET partners with local and 
national government ministries, academia, nonprofits, non-
governmental organizations, and now, through this partner-
ship with Abbott and the APDC, with the private sector.

The TEPHINET/FETP model—“training through ser-
vice”—embraces a culture of shared expertise and resources, 
which facilitates the program’s alignment with regional and 
in-country public health needs to ensure sustainable impact. 
Training of FETP Fellows is achieved through a three-tiered 
approach that addresses frontline (local), intermediate 
(state), and advanced (national and academic) training 
needs, mirroring the public health infrastructure in many 
countries. The program confers either a certificate of comple-
tion or a Master of Public Health (MPH) degree, depending 
on the training level and in-country university collaborations. 
TEPHINET supports core competency domains that en-
compass both infectious and noncommunicable diseases, 

including surveillance, outbreak investigations, epidemiologic 
methods, scientific communication, and mentorship. Key to 
TEPHINET’s mission is the development and dissemination 
of learning resources for both trainers and trainees, which in-
clude curriculum, knowledge hubs for high-priority topics, an 
abstract database, tools for virtual and in-person instruction, 
and hosting of emergency response trainings. Additionally, 
TEPHINET accreditation of FETPs ensures standardization  
of quality training and increased recognition of the FETPs’ 
value in addressing country-specific health priorities.  
TEPHINET has trained more than 19,000 public health 
professionals across the world. FETP trainees and alumni 
serve as “boots on the ground” in the fight for better health 
and have led, developed, and/or implemented disease sur-
veillance systems, outbreak investigations, and mitigation 
of acute health events, including playing vital roles in the 
COVID-19 response in many countries (3, 4).  

While the timing, location, and severity of the next pan-
demic cannot be predicted, it will be frontline field epi-
demiologists with expertise in surveillance and outbreak 
investigations who will serve as the eyes and ears to identify 
and define the clinical, laboratory, and epidemiologic charac-
teristics of the next emerging pathogen of pandemic poten-
tial, and, critically, alert and inform the world of the potential 
threat. Epidemiologists working seamlessly with microbiol-
ogists and virologists will be the backbone of early detec-
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tion and control of future pandemic threats. This need gave 
impetus in 2021 to APDC and TEPHINET entering a first-of-
its-kind, industry–public health partnership to support and 
strengthen epidemiologic capacity in pandemic prepared-
ness in low- and middle-income countries. The APDC-FETP 
Fellowship, launched in 2021, provides funding, mentorship, 
and networking opportunities to TEPHINET-member FETP 
trainees and graduates to conduct innovative projects in 
pathogen discovery, surveillance, and other priority public 
health focus areas in collaboration with APDC partners in 
their home country (5). During the first year of the partner-
ship in 2021, of 72 competitive applications, eight projects 
were launched in seven countries in South America, Africa, 
South Asia, and the Caucasus. (see Table 1). These proj-
ects are primarily focused on developing the infrastructure 
needed to establish systems for early detection of pandemic 
threats and/or studying infectious diseases of public health 
importance in the host country. Fellows are awarded a small 
grant to fund project implementation. Each fellow is required 
to identify a local mentor and institution(s) that will host and/
or support implementation of their proposed project while 
also ensuring that their government ministries are aware 
of and amenable to the institution’s participation or collab-

oration in the project. In addition, an international subject 
matter expert in either epidemiology or infectious diseases is 
recruited to complement and strengthen the fellow’s mentor-
ship experience. As of this writing, the projects are ongoing, 
with a completion date in late 2022.

Since FETP programs are often associated with the coun-
try’s Ministries of Health and/or National Public Health Insti-
tutes, an additional benefit of the APDC-FETP Fellowship is 
the bringing together of public health institutions with APDC 
partners in the country or region; this would provide govern-
ment entities potential access to partners, the APDC, and 
Abbott, which have substantial capacity in pathogen discov-
ery. These linkages may foster public–private partnerships 
that will be critical for timely response to future pandemic 
threats by strengthening collaborative laboratory and epide-
miologic relationships nationally, regionally, and globally. 
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Country Title

Colombia Surveillance of respiratory agents in acute respiratory infections in Antioquia, Colombia

Georgia (a) Association of hepatocellular carcinoma (HCC) and hepatitis C virus (HCV) in Georgia; (b) 
establishment of pathogen discovery surveillance in Georgia

Brazil Respiratory and arbovirus surveillance in slum, Brasília

Tanzania Re-establish noninfluenza respiratory surveillance, Tanzania

Bangladesh Establishing laboratory capacity for West Nile virus (WNV) in acute febrile illness (AFI) and acute 
encephalitis syndrome surveillance systems, Bangladesh 

Nigeria Piloting the establishment of a dengue fever surveillance system in Bayelsa State, Nigeria

Nigeria Meningococcal meningitis: Genomic sequencing of meningococcus serogroup X in the meningitis 
outbreak, Northern Nigeria

Uganda Establishing sentinel surveillance for blackwater fever (BWF) in Uganda

TABLE 1. Training in Epidemiology and Public Health Interventions Network (TEPHINET)-Abbott/Abbott Pandemic Defense Coalition (APDC) 
Fellowship Awards, 2021–2022.
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D
etection and epidemiological characterization of 
infectious disease outbreaks is key for early identifi-
cation and response to potential pandemic threats. 
The International Health Regulations (IHR) of 2005 
committed all member states of the United Nations to 
developing the capacity to detect infectious diseases 

and to report those diseases in a transparent manner. Fifteen 
years later, the goals of the IHR had not been achieved. 

The rapid, global spread of severe acute respiratory 
syndrome coronavirus 2 (SARS-CoV-2) in 2020 highlighted 
the gaps in the early-warning and global-response systems 
that were in place prior to the pandemic. One gap in the 
world’s ability to rapidly respond was a lack of coordination 
on critical aspects of infectious disease surveillance and 
outbreak response. The 100 Days Mission to Respond to 

Future Pandemic Threats (1)—a goal established by the Group 
of Seven (G7) to harness public–private collaboration and 
scientific innovation to deploy diagnostics, therapeutics, and 
vaccines within the first 100 days of a pandemic’s identifica-
tion—recognized that we have seen tremendous innovations 
from partnerships between academia, industry, international 
organizations, philanthropy, and governments responding 
to the SARS-CoV-2 pandemic. However, industry research 
and collaboration were absent from active participation in 
prepandemic public health initiatives. To avoid repeating 
history, we must learn from current and previous pandemics.   

The world is currently making significant investments in 
pandemic preparedness. In recent months, numerous pan-
demic preparedness initiatives have been launched around 
the world; some overlap in scope but vary by geography or 
specific area of focus, while others are tackling different yet 
related aspects of pandemic preparedness. These initiatives, 
if operating independently, share the same fundamental lack 
of integration that was the Achilles heel of previous efforts, 
including duplication of effort, wasted resources, a lack of 
visibility into emerging threats, and fragmented response 

1Abbott, Abbott Park, IL, USA
2Abbott Pandemic Defense Coalition, USA
3Africa CDC, African Union Commission, Addis Ababa, Ethiopia
4Institute of Human Virology (IHV), University of Maryland School of Medicine, 
Baltimore, MD, USA
5Columbia University, New York, NY, USA
6Foundation for Influenza Epidemiology, Fondation de France, Paris, France

The case for networking the networks
Gavin Cloherty1,2, Nicaise Ndembi3,4, Ian Lipkin5, Sandra Chavez6
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affecting the development of tools needed to respond quick-
ly. If we can find a way to connect the different programs, 
including initiatives led by industry, the world will recognize 
the full potential of this historic moment. 

Programs and frameworks for pandemic  
preparedness
In the United States, the Pandemic Innovation Task Force 
within the White House Office of Science and Technology 
Policy (OSTP) was established to develop new countermea-
sures against possible future COVID-19 variants and other 
pandemic threats. The task force is charged with addressing 
all aspects of pandemic preparedness, including vaccina-
tion, therapeutics, diagnostics, and other interventions to 
be used in response to emergent variants or other public 
health threats. The need for such programs dedicated to the 
preparation for and response to future pandemics is critical 
if we are to avoid the devastating impact that responses to 
emerging threats have had on treatment of already existing 
epidemics and pandemics. This includes diseases such as 
HIV and syphilis that have increased sharply due in no small 
part to the tremendous strain the SARS-CoV-2 pandemic has 
placed on a stretched and neglected public health system.

Several public health programs have already been estab-
lished, such as the National Institute of Allergy and Infectious 
Disease Centers for Research in Emerging Infectious Diseas-
es (CREID), part of the U.S. National Institutes of Health (2). 
CREID plans to develop a framework and the infrastructure 
necessary to respond quickly and effectively to future out-
breaks by building a multidisciplinary network of teams of in-
vestigators that will conduct pathogen/host surveillance and 
study pathogen transmission, pathogenesis, and immuno-
logic responses in the host. This program is intended to help 
develop capacity for emerging infectious disease research in 
high-risk and underserved regions around the world.

The U.S. Centers for Disease Control and Prevention (CDC) 
(3) has been at the forefront of pandemic preparedness and 
response globally for decades. The CDC’s focus was original-
ly on pandemic influenza. Beginning early in the millennium 
following the 1997 emergence of avian influenza (H1N1) in 
Hong Kong, CDC, while maintaining vigilance for pandem-
ic influenza, has been a leader in responding to the HIV 
pandemic through the President’s Emergency Plan for AIDS 
Relief (PEPFAR) (4), and to the Ebola outbreaks in Africa and 
the Zika outbreaks in South America, among others. CDC 
has pathogen-specific expertise in epidemiology, medicine, 

and diagnostics. It also provides leadership in systems for 
detection and response to emerging threats through the 
establishment of the Center for Preparedness and Response 
and the Division of Global Health Protection; these programs 
address not only infectious disease threats but also natural 
and manmade disasters. Virtually all of CDC’s infectious 
disease and preparedness programs were mobilized in re-
sponse to the emergence of SAR-CoV-2 in 2019.

In a similar vein, an academic-led initiative out of Co-
lumbia University, the Global Alliance for Preventing Pan-
demics (GAPP) (5) builds on an infrastructure developed 
over decades of research and service. GAPP integrates the 
resources and insights of well-established subject matter 
experts as well as academic and public health institutions 
to address the urgent challenge of emerging infectious 
diseases. This alliance has partners in regions where pan-
demic threats emerge and re-emerge due to anthropogenic 
factors such as climate change, deforestation, displacement 
of wildlife, bushmeat hunting and consumption, wet mar-
kets, urbanization and migration, and incursion into wildlife 
habitats. It aims to develop a model that realizes and extends 
the goals of the IHR by providing inexpensive, rapid tools for 
diagnosis, discovery, and surveillance of infectious diseases. 
GAPP identifies and prioritizes infectious agents based on 
pandemic risk and shares data in a manner that provides the 
foundation for producing drugs and vaccines to prevent and 
treat infection. 

Outside the United States, as part of its vision to integrate 
pathogen genomics into public health surveillance and 
disease-outbreak response, the Africa Centres for Disease 
Control and Prevention (Africa CDC) (6), through the Africa 
Pathogen Genomics Initiative (Africa PGI), is collaborating 
with partners to strengthen laboratory networks and surveil-
lance systems on the continent. The key components of Af-
rica PGI include (1) strengthening the Africa CDC Institute of 
Pathogen Genomics; (2) building a continent-wide network 
of pathogen genomics and bioinformatics competency; (3) 
establishing a next-generation sequencing (NGS) Academy; 
(4) creating a data architecture that will include interoperable 
software and a cloud-based data repository; and (5) develop-
ing high-impact use cases for pathogen genomics. Africa PGI 
has generated over 90,000 sequences from 53 African Union 
member states (except Eritrea and the Saharawi Republic). 
Thirty-six member states have referred 29,000 specimens 
to Africa PGI since January 2021. A notable success of this 
program was the identification and characterization of the 
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SARS-CoV-2 Omicron variant by South African scientists at 
the Center for Epidemic Response and Innovation, a member 
of Africa PGI and the Abbott Pandemic Defense Coalition 
(APDC).

An example of public–private partnership is the French-
based Global Influenza Hospital Surveillance Network 
(GIHSN) (7). GIHSN is a platform that collects standardized 
data from hospitalized patients with severe acute respira-
tory illnesses across 22 countries, including low-, middle-, 
and high-income areas from both hemispheres. Clinical and 
epidemiological data are integrated with virological data, 
including whole-genomic sequencing information, which are 
shared with public health authorities at the local, regional, 
and global level. The network relies on experienced re-
searchers and virologists from various countries and has an 
independent scientific committee as an advisory board. Part 
of the funding comes from industry, including Sanofi Vac-
cines, Seqirus, Illumina, and Abbott. GIHSN can inform policy 
decisions and serve as a network for improved respiratory 
virus surveillance capacity building and response. In addition 
to its important role in influenza surveillance, this network is 
positioned to have a major impact on noninfluenza respirato-
ry pathogen surveillance. By leveraging this existing network 
and infrastructure, noninfluenza severe acute respiratory 
illness could be investigated to identify novel pathogens that 
may have pandemic potential.

Building and sharing disease data intelligence
Apart from the initiatives and programs outlined above, 
others seek to leverage the vast amount of data being gen-
erated around the world every day to help predict and model 
potential outbreaks with pandemic potential. This includes 
CDC, which recently announced the opening of a new center 
designed to advance the use of forecasting and outbreak 
analytics in public health decision making. The Center for 
Forecasting and Outbreak Analytics was launched in April 
2022 to bring together next-generation public health data, 
expert disease modelers, public health emergency respond-
ers, and high-quality communications to meet the needs of 
decision makers. The new center will accelerate access to 
and use of data for public health decision makers who need 
information to mitigate the effects of disease threats, such as 
social and economic disruption.

Globally, the World Health Organization (WHO) has 
launched the Hub for Pandemic and Epidemic Intelligence 
(8). This hub is part of WHO’s Health Emergencies Pro-

gramme and will be a new global collaboration of countries 
and partners, driving innovation to increase the availability of 
key data, develop state-of-the-art analytic tools and predic-
tive models for risk analysis, and link communities of practice 
around the world. Critically, it will support the work of public 
health experts and policymakers in all countries with the 
tools needed to forecast, detect, and assess epidemic and 
pandemic risks so they can make rapid decisions to prevent 
and respond to impending public health emergencies. The 
Global Outbreak Alert and Response Network (GOARN) (9) 
is another WHO-sanctioned network comprising technical 
and public health institutions, laboratories, nongovernmental 
organizations, and other organizations that work to detect, 
investigate, and respond to outbreaks, and report on poten-
tial pandemic threats. 

The United Kingdom is working with the WHO to launch a 
“global pandemic radar” to identify emerging COVID-19 vari-
ants and track new diseases around the world. The pathogen 
surveillance network is intended to save lives and protect 
health systems by spotting diseases before they cause future 
pandemics.

The Rockefeller Foundation launched the Pandemic 
Prevention Institute (PPI) (10), a collaborative organization 
with a global network of partners committed to building data 
sets and analytics needed to detect, mitigate, and prevent 
pandemics. This institute plans to work with others, such as 
the WHO’s Hub for Pandemic and Epidemic Intelligence and 
the UK’s Global Pandemic Radar. PPI is also accelerating 
work to develop analytic tools and algorithms that detect 
early-warning signals wherever they occur; their goal is to 
design technology that sees and shares the signs of potential 
outbreaks and supports sharing of those signals. 

Integrating industry into global public health 
Initiatives
One element that is often neglected is the role industry 
could play if engaged in active collaboration—beyond the 
traditional funder/donor relationship—with public health 
and academic initiatives. One example of this potential is the 
APDC. Launched in early 2021, APDC is a natural extension 
of Abbott’s work in diagnostics, virus discovery, and virus 
surveillance over the past three decades. 

In 1994, the Abbott Global Surveillance Program was 
launched and continues to be active today. This program 
is dedicated to tracking the evolution of HIV, viral hepati-
tis, SARS-CoV-2, and other pathogens around the world. 
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SARS-CoV-2 Omicron variant by South African scientists at 
the Center for Epidemic Response and Innovation, a member 
of Africa PGI and the Abbott Pandemic Defense Coalition 
(APDC).

An example of public–private partnership is the French-
based Global Influenza Hospital Surveillance Network 
(GIHSN) (7). GIHSN is a platform that collects standardized 
data from hospitalized patients with severe acute respira-
tory illnesses across 22 countries, including low-, middle-, 
and high-income areas from both hemispheres. Clinical and 
epidemiological data are integrated with virological data, 
including whole-genomic sequencing information, which are 
shared with public health authorities at the local, regional, 
and global level. The network relies on experienced re-
searchers and virologists from various countries and has an 
independent scientific committee as an advisory board. Part 
of the funding comes from industry, including Sanofi Vac-
cines, Seqirus, Illumina, and Abbott. GIHSN can inform policy 
decisions and serve as a network for improved respiratory 
virus surveillance capacity building and response. In addition 
to its important role in influenza surveillance, this network is 
positioned to have a major impact on noninfluenza respirato-
ry pathogen surveillance. By leveraging this existing network 
and infrastructure, noninfluenza severe acute respiratory 
illness could be investigated to identify novel pathogens that 
may have pandemic potential.

Building and sharing disease data intelligence
Apart from the initiatives and programs outlined above, 
others seek to leverage the vast amount of data being gen-
erated around the world every day to help predict and model 
potential outbreaks with pandemic potential. This includes 
CDC, which recently announced the opening of a new center 
designed to advance the use of forecasting and outbreak 
analytics in public health decision making. The Center for 
Forecasting and Outbreak Analytics was launched in April 
2022 to bring together next-generation public health data, 
expert disease modelers, public health emergency respond-
ers, and high-quality communications to meet the needs of 
decision makers. The new center will accelerate access to 
and use of data for public health decision makers who need 
information to mitigate the effects of disease threats, such as 
social and economic disruption.

Globally, the World Health Organization (WHO) has 
launched the Hub for Pandemic and Epidemic Intelligence 
(8). This hub is part of WHO’s Health Emergencies Pro-

gramme and will be a new global collaboration of countries 
and partners, driving innovation to increase the availability of 
key data, develop state-of-the-art analytic tools and predic-
tive models for risk analysis, and link communities of practice 
around the world. Critically, it will support the work of public 
health experts and policymakers in all countries with the 
tools needed to forecast, detect, and assess epidemic and 
pandemic risks so they can make rapid decisions to prevent 
and respond to impending public health emergencies. The 
Global Outbreak Alert and Response Network (GOARN) (9) 
is another WHO-sanctioned network comprising technical 
and public health institutions, laboratories, nongovernmental 
organizations, and other organizations that work to detect, 
investigate, and respond to outbreaks, and report on poten-
tial pandemic threats. 

The United Kingdom is working with the WHO to launch a 
“global pandemic radar” to identify emerging COVID-19 vari-
ants and track new diseases around the world. The pathogen 
surveillance network is intended to save lives and protect 
health systems by spotting diseases before they cause future 
pandemics.

The Rockefeller Foundation launched the Pandemic 
Prevention Institute (PPI) (10), a collaborative organization 
with a global network of partners committed to building data 
sets and analytics needed to detect, mitigate, and prevent 
pandemics. This institute plans to work with others, such as 
the WHO’s Hub for Pandemic and Epidemic Intelligence and 
the UK’s Global Pandemic Radar. PPI is also accelerating 
work to develop analytic tools and algorithms that detect 
early-warning signals wherever they occur; their goal is to 
design technology that sees and shares the signs of potential 
outbreaks and supports sharing of those signals. 

Integrating industry into global public health 
Initiatives
One element that is often neglected is the role industry 
could play if engaged in active collaboration—beyond the 
traditional funder/donor relationship—with public health 
and academic initiatives. One example of this potential is the 
APDC. Launched in early 2021, APDC is a natural extension 
of Abbott’s work in diagnostics, virus discovery, and virus 
surveillance over the past three decades. 

In 1994, the Abbott Global Surveillance Program was 
launched and continues to be active today. This program 
is dedicated to tracking the evolution of HIV, viral hepati-
tis, SARS-CoV-2, and other pathogens around the world. 
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In 2009, Abbott partnered with the University of California, 
San Francisco, to create the first-of-its-kind, nonprofit viral 
diagnostics center, known as the Viral Diagnostics and 
Discovery Center (VDDC), to identify unknown viruses that 
cause acute and chronic human illnesses, including out-
breaks and rare and unexplained diseases. Building on this 
experience and expertise, APDC is another first-of-its-kind, 
industry-led coalition with global, multisector scientific and 
public health partnerships, whose primary objective is the 
early detection and mitigation of infectious disease threats 
of pandemic potential. As of this writing, the network has 
partners on five continents, including academic institutions, 
and governmental and nongovernmental organizations. One 
insight that became clear during the SARS-CoV-2 pandemic 
is that, for diagnostics, one size does not fit all; we need a 
variety of tools to effectively protect public health, from sim-
ple, decentralized or at-home rapid tests, to highly sensitive, 
complex, and automated laboratory-based tests. No one 
knows what type of diagnostic tests will be needed to pre-
vent the next pandemic. A novel element of APDC is the ca-
pacity for early development and rapid deployment of quality 
diagnostics. Additionally, centralized and decentralized rapid 
tests targeting newly identified pathogens of pandemic 
potential can be quickly and seamlessly produced at scale 
to respond to an emerging threat, at least until vaccines and 
therapeutics are available as the best defense.

Combining industry resources with traditional epidemi-
ological disease surveillance tools, pathogen monitoring 
in animals, genomic sequencing, and artificial intelligence 
is vital for the creation of a global disease-warning system 
capable of speeding up identification of the next pandemic 
threat and alerting scientists and developers to develop an 
effective response.

Optimizing and connecting global efforts
How can we optimize the synergies of these different initia-
tives that share a common vision and purpose into an effi-
cient, effective collaboration to prevent the next pandemic? 

At the minimum, there needs to be open, regular communi-
cation between groups involved in pandemic preparedness. 
Sharing of information in the traditional way, through scien-
tific literature or congresses, is not fast or nimble enough to 
meet this need. Preprint servers helped fill the gap during the 
pandemic; however, as submissions are neither peer re-
viewed nor curated, these servers provided both information 
and misinformation. We can do better.

Although many networks already share partner sites, each 
network should have a representative sitting on the steering 
committee of the other’s network, so there is visibility not 
only of what is being done but also what is being planned. 
Information shared should include geographies covered by 
networks, including the sites involved and infrastructure and 
expertise in place as well as the specific scope and focus 
of the work being conducted. In this context, scientific data 
such as interesting cases or outbreaks—ideally including 
sequence, clinical, and metadata—could also be rapidly 
disseminated throughout a “network of networks.” The rapid 
sharing of this type of information, especially together with 
samples, would facilitate rapid production of diagnostic tests 
that could be distributed throughout the greater network of 
networks to expedite further investigation and/or response.  

Governments, philanthropic institutes, and industry are 
making record investments in public health initiatives aimed 
at pandemic preparedness. We must nonetheless under-
stand that these resources are finite and subject to “panic 
and neglect” cycles of funding. A coordinated effort that 
leverages these assets would reduce waste and increase the 
impact of the investment. To demonstrate to funding agen-
cies that these initiatives are sustainable and worthy of long-
term support, we should also emphasize their public health 
benefits between pandemics. We can keep these networks 
dynamic by extending surveillance to antimicrobial resis-
tance and food security and by investing in interventions that 
reduce the morbidity and mortality of infections that result in 
chronic and acute diseases.
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G
enomics surveillance aims to transform public health 
interventions by monitoring genetic changes that 
impact pathogenicity, diagnostics, therapeutics, and 
vaccines. Monitoring the genetic changes in SARS-
CoV-2 has played an important role in shaping the 
scientific response to the pandemic and allowed the 

identification of several variants of interest (VOI) and five 
variants of concern (VOC) to date. Although Africa ac-
counts for only about 2.5% and 4.1% of the world’s reported 
COVID-19 cases and deaths, respectively (1, 2), two of the 
VOC were identified by scientists from South Africa. Here, 
we reflect on some of the investments and capacity develop-
ment initiatives that have resulted in an exponential growth 

in genomic sequencing capabilities across the continent over 
the past 2 years. 

Early in the SARS-CoV-2 pandemic, genomic surveillance 
was available in just a few African countries with only 5,245 
SARS-CoV-2 genome sequences being made publicly avail-
able in 2020 (3). In 2020 and 2021, significant investments in 
equipment and training were made to extend the geographic 
coverage of sequencing within many laboratories in Africa, 
thus increasing surveillance capacity on the continent. These 
investments resulted in an exponential increase in the num-
ber of SARS-CoV-2 genome sequences produced (Figure 
1). Interestingly, it took 375 days to produce the first 10,000 
SARS-CoV-2 genomes, 87 days to produce the next 10,000, 
and just 24 days to produce the most recent 10,000 genomes. 
To date, almost 100,000 SARS-CoV-2 genome sequences 
from Africa have been shared, and 54 African countries are 
now contributing to SARS-CoV-2 genome sequencing. 

In 2020, the World Health Organization (WHO) and the Af-
rica Centres for Disease Control and Prevention (Africa CDC) 
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FIGURE 1. Increase in the number of SARS-CoV-2 sequences (solid red line) and African countries (blue circles) contributing 
genomic sequences to the Global Initiative on Sharing All Influenza Data (GISAID) between January 2020 and March 2022. Note 
that countries contributing to genomic sequences include 52 African countries and two overseas territories (Reunion and Mayotte).
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launched the Pathogen Genomic Initiative (PGI), a network 
of laboratories established to reinforce SARS-CoV-2 genome 
sequencing in Africa. Through this initiative and as part of a 
training program funded by the Rockefeller Foundation and 
Africa CDC, the Centre for Epidemic Response and Innova-
tion (CERI) and KwaZulu-Natal Research Innovation and Se-
quencing Platform (KRISP) laboratories in South Africa have 
provided hands-on genome sequencing and analysis training 
to 46 fellows from 21 African countries (Figure 2). Importantly, 
this training has helped build local sequencing and bioin-
formatics capacity in several of the African countries that 
were previously sending samples to overseas laboratories for 
sequencing. In collaboration with the Africa CDC, 18 webi-
nar sessions, which reached 123 African groups, have been 
hosted to train African researchers in the analysis of their 
own sequencing data. The first pan-African paper resulting 
from this collaboration was published in Science in 2021 (4), 
and another publication that highlights the 100,000 genomes 
generated in Africa is in preparation. An important element 
of the training is the transparent and open sharing of knowl-
edge. To this end, the protocols established for genomic data 

generation have been made publicly available on protocols.
io, and all of the data analysis scripts have been shared 
in GitHub. Future training events are planned through the 
Rockefeller Foundation and the Abbott Pandemic Defense 
Coalition, which is dedicated to the early detection of, and 
rapid response to, future pandemic threats.

The continued generation, analysis, and sharing of vi-
rus genomes in real-time from Africa remains important to 
monitor the expected efficacy and sensitivity of different 
vaccines and nucleic acid tests across the continent. Africa’s 
increased capacity to not only sequence viruses but also 
to analyze the data will surely have a multiplier effect and 
will be beneficial as the continent continues to grapple with 
ongoing and emergent pathogens in the future.
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FIGURE 2. Hands-on 
genomics sequencing 
training at the Centre 
for Epidemic Response 
and Innovation in 
Stellenbosch, South 
Africa.
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