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Significance

Our study used a phylodynamic 
model incorporating 
geographical and host structure 
to uncover critical information 
about the transmission dynamics 
of H7N9 virus in China including 
the number, geographic 
direction, and timing of new 
infections. By employing a 
Bayesian phylodynamic 
approach, we emphasize the 
significance of integrating 
epidemiological and genetic data 
to assess the epidemic state and 
inform future surveillance efforts 
for both public and animal 
health. Our findings highlight the 
importance of leveraging 
phylodynamic analyses to better 
understand and respond to 
emerging infectious diseases.
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EVOLUTION
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In 2013 to 2017, avian influenza A(H7N9) virus has caused five severe epidemic waves 
of human infections in China. The role of live bird markets (LBMs) in the transmis-
sion dynamics of H7N9 remains unclear. Using a Bayesian phylodynamic approach, 
we shed light on past H7N9 transmission events at the human–LBM interface that 
were not directly observed using case surveillance data-based approaches. Our results 
reveal concurrent circulation of H7N9 lineages in Yangtze and Pearl River Delta 
regions, with evidence of local transmission during each wave. Our results indicate 
that H7N9 circulated in humans and LBMs for weeks to months before being first 
detected. Our findings support the seasonality of H7N9 transmission and suggest a 
high number of underreported infections, particularly in LBMs. We provide evidence 
for differences in virus transmissibility between low and highly pathogenic H7N9. 
We demonstrate a regional spatial structure for the spread of H7N9 among LBMs, 
highlighting the importance of further investigating the role of local live poultry trade 
in virus transmission. Our results provide estimates of avian influenza virus (AIV) 
transmission at the LBM level, providing a unique opportunity to better prepare 
surveillance plans at LBMs for response to future AIV epidemics.

Phylodynamics | avian influenza | live bird markets | transmission | spill-over

Since its emergence in March 2013, avian influenza A(H7N9) virus has caused five epi-
demic waves of human infections in mainland China. A total of 1,568 laboratory-confirmed 
H7N9 human infections with 616 deaths were reported as of August 2020 (1), outreaching 
those globally caused by avian influenza A(H5N1) virus (n = 868) (2, 3) (Fig. 1). In wave 
1, the spatial range of H7N9 human cases was mainly restricted to the Yangtze River Delta 
region in eastern China and extended toward the Pearl River Delta region in southern 
China during waves 2-3 (4, 5). Wave 5 attracted global attention since it was marked by 
i) an increased number of human infections, ii) an expansion in the spatial distribution 
of human infections toward northern and western China, and iii) the emergence of highly 
pathogenic avian influenza H7N9 virus (4). Among novel avian influenza viruses (AIV) 
to date, H7N9 virus raised the highest level of concern in terms of pandemic potential 
(6, 7) and negative public health impact (8).

Live bird markets (LBMs) are common in eastern and southern China and serve as 
trade premises for the distribution and sale of live poultry, with birds generally being held 
for a short period of time before sale (9–11). The majority of species sold in LBMs are 
indigenous yellow-feather broilers, followed by spent hens and waterfowl (10). There are 
two types of LBMs: retail LBMs serve as a major source of food for both urban and rural 
populations, while wholesale LBMs play a specialized role in the distribution of poultry 
in their areas and others (10, 12). However, the size and characteristics of each LBM, as 
well as the types of bird species sold, can vary greatly and lead to variations in the trade 
patterns and movements of poultry (12, 13). LBMs can be either indoor or outdoor 
facilities, with the majority being outdoors with the shed covering the stalls.

Exposure to infected poultry at LBMs was shown to be the major risk factor for H7N9 
human infections. Of note, following confirmation of human infections, H7N9 viruses 
have been extensively detected in LBMs, mostly from chicken or environment samples 
(14). LBMs offer ideal environments for the emergence, maintenance, and dissemination 
of AIV with potential for zoonotic transmission (15, 16). This is because they combine a 
high density, turnover, and variety of bird species with a high contact frequency between 
birds and humans (9). Moreover, substantial and active live poultry trading through LBMs 
across the country increases the risk of AIV spread and human exposure (12, 13, 17, 18). 
Thus, continuous surveillance of AIV in LBMs is needed for emergence risk assessment 
and pandemic preparedness (19).
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Given the critical role of LBMs in the spread of H7N9 viruses, 
various interventions were implemented at LBMs in most affected 
areas to respond to the epidemic (16, 20–22). In 2014, the 
Guangdong veterinary authority established the 1110 policy at 
LBMs, which involved daily cleaning, weekly disinfection, 
monthly rest day, and no overnight stay of poultry, and then, the 
Ministry of Agriculture and Rural Affairs (MARA) extended the 
policy to all provinces in February 2017 (23). Given the large 
number of human infections during wave 5 (Fig. 1), a national 
vaccination program for poultry was implemented in September 
2017 (24). These measures together substantially reduced the 
intensity of H7N9 transmission in poultry and the number of 
human infections (20, 25–27). However, as novel H7N9 immune 
escape viruses emerged in China, the protective capacity induced 
by poultry vaccination might be no longer sufficient to protect 
humans from virus infection (28, 29), underlining the new threats 
that H7N9 viruses pose to human health.

Dynamic models of H7N9 transmission were developed to 
estimate the effective reproduction number Re [defined as the 
average number of successful transmissions per infectious indi-
vidual in a partially immune population at any time during an 
epidemic (30)] based on case surveillance data (31–40). Re is an 
important parameter that reflects the level of disease transmissi-
bility and is crucial to inform on the potential ease or difficulty 
in controlling disease transmission. Previous Re estimates sug-
gested a limited human-to-human transmissibility of H7N9 dur-
ing the five epidemic waves, with Re values far below 1 (32, 34, 
36–40). To date, previous Re estimates have only been inferred at 
the poultry level (32–34, 41), while control strategies for AIV in 
Asia are designed and implemented at the LBM level (18, 20, 27). 
Moreover, the limited quality of case surveillance data [due to 
reporting bias associated with the asymptomatic infections of 
H7N9 in poultry (42, 43)] together with outdated information 
on the poultry population sizes made it difficult to obtain realistic 
estimates of poultry-to-poultry and poultry-to-human transmis-
sibility (31, 33, 35, 38).

Over the five epidemic waves from 2013 to 2017, H7N9 
genome sequences from infected humans and poultry provide a 
unique opportunity to address the abovementioned shortcomings 
by quantifying the transmission dynamics of H7N9 viruses using 

phylodynamic approaches (44, 45). These approaches require the 
specification of a model that generates the sampled transmission 
tree underlying the epidemiological dynamics of disease transmis-
sion. Birth–death models are a class of such tree-generating mod-
els. Among other key properties, they directly provide estimates 
of epidemiological parameters of interest, notably Re; they also 
explicitly account for the sampling intensity (46–49). Moreover, 
progress has been recently made to allow for the inference of 
incidence trajectories from these models (50). Here, we take 
advantage of such recent advances in phylodynamics to update 
and improve the estimates of key epidemiological parameters and 
transmission patterns of H7N9 at the human–LBM interface 
during the five epidemic waves in China (2013 to 2017) by pro-
viding records of past H7N9 transmission events that were not 
directly observed using case surveillance data-based approaches. 
In addition, we compare H7N9 transmissibility and surveillance 
intensity across epidemic waves, in particular between waves 1-4 
and wave 5.

Results

Transmission Dynamics of H7N9 in China. To shed light on the 
transmission dynamics of H7N9 virus in China, we performed a 
Bayesian phylodynamic analysis of H7N9 genome sequences of 
the hemagglutinin (HA) gene segment collected from infected 
poultry at LBMs and infected humans in the Yangtze and Pearl 
River Delta regions during the five epidemic waves in China. We 
fitted a multitype birth–death (MTBD) model to the aligned 
sequences to simultaneously infer key epidemiological parameters 
(i.e., effective reproductive number Re, infectious period, and 
sampling proportion) and phylogenetic trees (51). Since the first 
H7N9 human cases were reported in the Yangtze River Delta 
region and the viruses sampled from this first group of cases 
were identified as of being of avian origin (52, 53), we assumed 
LBMs in the Yangtze River Delta region as the subpopulation 
(deme) of epidemic origin. Moreover, since the human-to-
human transmissibility of H7N9 remained very limited over the 
five waves (35, 54, 55), we assumed that the human cases were 
generated via exposure to infected poultry at LBMs, meaning that 
the transmission of H7N9 to humans only occurs at the tips of 

Fig. 1. Spatial (A) and temporal (B) distribution of the number of officially reported human and poultry infections of avian influenza A(H7N9) virus during the 
five epidemic waves in China (2013 to 2017).D
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the phylogenetic trees and originates from LBMs. The resulting 
maximum clade credibility (MCC) tree (Fig. 2) shows that the 
Yangtze River Delta region was host to a wide range of H7N9 

lineages but also exhibited lineage movements to the Pearl River 
Delta region. From wave 2, several lineages appeared to have been 
circulating at the same time in both regions. During each wave, 

Fig. 2. Maximum clade credibility (MCC) tree estimated from H7N9 genome sequences of the hemagglutinin (HA) gene segment collected between 1st February 
2013 and 30th April 2017 in China. Branch colors indicate the most probable deme type. Circles at internal nodes indicate clade posterior probabilities above 
0.75. For selected nodes, numbers show the posterior probabilities of the most probable deme type. Effective reproduction numbers (Re) through time, 
simultaneously inferred with the phylogenetic trees of the H7N9 genome sequences, using the multitype birth–death model. The dark gray line and the light 
gray shading represent the median posterior estimate of Re and the 95% highest posterior density credible intervals, respectively. The red dashed line represents 
the threshold 1. The vertical dashed gray lines represent the 14-time intervals for Re estimations.D
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local transmission of lineages was observed within each region. The 
estimated time to the most recent common ancestor (tMRCA) of 
H7N9 genome sequences of the HA gene segment was estimated 
at the end of December 2012 (median: 27 December 2012, 95% 
highest posterior density credible intervals (HPD): 18 November 
2012 to 22 January 2013) (SI Appendix, Table S1).

To assess whether H7N9 transmissibility changed across waves, 
we inferred key epidemiological parameters across different time 
intervals. Re was inferred across 14-time intervals and showed a 
seasonal increase with five periods of growth (Fig. 2), coinciding 
with the five epidemic waves (Fig. 1). Only the following Re esti-
mates were significantly above 1 in the time interval from begin-
ning of September to end of January (Fig. 2 and SI Appendix, 
Table S1): Re between LBMs in the Yangtze Delta River region in 
wave 2 (median: 1.5, 95% HPD: 1.2 to 1.9); Re between LBMs 
in the Pearl Delta River region in waves 2 (median: 1.6, 95% HPD: 
1.2 to 2.1), 3 (median: 1.5, 95% HPD: 1.1 to 1.9), and 5 (median: 
2.1, 95% HPD: 1.3 to 3.5); and Re from LBMs to humans in the 
Yangtze Delta River region in wave 2 (median: 3.6, 95% HPD: 
1.0 to 9.0). From the corresponding sequences, no molecular mark-
ers were found associated with a putative increase in the Re esti-
mates. Most Re estimates from LBMs in the Yangtze Delta River 
region to LBMs in the Pearl Delta River region (and vice versa) 
were significantly below 1 during the five waves, with only a few 
95% HPD intervals including 1 (SI Appendix, Fig. S1 and 
Table S1). The infectious period was inferred across two-time inter-
vals corresponding to the start of wave 5 (Fig. 3 and SI Appendix, 
Table S1). The median infectious period for humans (i.e., time 
from infection to recovery or death of an infected individual) 

during waves 1-4 was estimated to be 9 d (95% HPD: 3 to 14) in 
the Yangtze Delta River region and 6 d (95% HPD: 2 to 11) in the 
Pearl Delta River region. In wave 5, a significantly longer median 
infectious period was inferred in the Yangtze Delta River region 
(median: 11 d, 95% HPD: 4 to 19) (P < 0.001) and in the Pearl 
Delta River region (median: 12 d, 95% HPD: 2 to 29) (P < 0.001). 
The median infectious period for LBMs (i.e., time from infection 
to depopulation and cleaning/disinfection of an infected LBM) 
during waves 1-4 was estimated to be 44 d (95% HPD: 29 to 64) 
in the Yangtze Delta River region and 23 d (95% HPD: 13 to 39) 
in the Pearl Delta River region. In wave 5, a significantly shorter 
median infectious period was inferred in the Yangtze Delta River 
region (median: 32 d, 95% HPD: 10 to 66) (P < 0.001), while it 
was significantly longer in the Pearl Delta River region (median: 
60 d, 95% HPD: 22 to 114) (P < 0.001). The inferred sampling 
proportion can be found in SI Appendix, Table S1.

Timeline of the First H7N9 Infections in China. To explore the 
timing of the first H7N9 infections in China, we inferred the 
date of the first infection per subpopulation (deme) from the 
posterior epidemiological parameters and phylogenetic trees (50) 
and compared them with the date of the first officially reported 
infection (Fig.  4 and SI Appendix, Table  S2). The first human 
case in the Yangtze Delta River region (median: 19 December 
2012, 95% HPD: 29 October 2012 to 23 January 2013) occurred 
8.9 wk earlier than the officially reported one (19 February 2013). 
Similarly, a 10.1-wk difference was observed between the inferred 
(median: 2 February 2013, 95% HPD: 15 December 2012 to 11 
April 2013) and the date of the first officially reported human case 

Fig. 3. Posterior distributions of the infectious period (in days) per deme across two-time intervals (waves 1-4 and wave 5), corresponding to the start of the 
fifth epidemic wave, inferred by the multitype birth–death model. The black vertical line represents the median estimates of the infectious period. The black 
vertical lines along the X axis represent the estimates of the infectious period from which the density distributions are generated.D
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in the Pearl Delta River region (14 April 2013). The first LBM 
outbreak in the Yangtze Delta River region (median: 6 December 
2012, 95% HPD: 10 Oct 2012 to 11 January 2013) occurred 
16.9 wk earlier than the officially reported one (4 April 2013). 
A longer difference (43.7 wk) was observed between the inferred 
(median: 10 January 2013, 95% HPD: 25 November 2012 to 
12 March 2013) and the date of the first officially reported LBM 
outbreak in the Pearl Delta River region (12 November 2013).

Role of LBMs in H7N9 Virus Spread in China. To disentangle the role 
of LBMs in the spread of H7N9, we inferred the median number of 
new infections per subpopulation (deme) and per month from the 
posterior epidemiological parameters and phylogenetic trees (50) and 
compared them with the number of officially reported infections 
(56) (Fig. 5). We inferred five epidemic waves, that exhibited seasonal 
cycles, in which human cases and LBM outbreaks occurred during 
winter and peaked in January. We showed that only human cases 
and LBM outbreaks in the Yangtze Delta River region occurred in 
wave 1, with a peak of 350 LBM outbreaks (95% HPD: 10 to 1,280) 
and 480 human cases (95% HPD: 82 to 1,707) in March 2013. 
During wave 2, a drastic increase in the number of human cases 
and LBM outbreaks was observed in the Pearl Delta River region, 
outreaching those estimated in the Yangtze Delta River region.  
A peak was observed in January 2014, with a median of 409 LBM 
outbreaks (95% HPD: 178 to 1,045) and 613 human cases (95% 
HPD: 123 to 1,543) in the Pearl Delta River region. From wave 2 to 
wave 4, the median number of infections substantially decreased in 
all demes. During wave 5, the median number of infections increased 
again, reaching in January 2017 up to 230 LBM outbreaks (95% 
HPD: 48 to 4,968) and 266 human cases (95% HPD: 42 to 4,594) 
in the Yangtze Delta River region and up to 732 LBM outbreaks 
(95% HPD: 26 to 113,300) and 233 human cases (95% HPD:  
20 to 16,635) in the Pearl Delta River region.

Over the five epidemic waves, we inferred a median of 2,915 
(95% HPD: 517 to 18,328) and 3,588 (95% HPD: 539 to 
47,295) human cases in Yangtze and Pearl Delta River regions, 

respectively, outreaching the officially reported numbers, i.e., 728 
and 384 human cases (56). We inferred a median of 2,448 LBM 
outbreaks (95% HPD: 383 to 18,641) in the Yangtze Delta River 
region due to transmission from LBMs in the same region and 
615 (95% HPD: 22 to 24,543) due to transmission from LBMs 
in the Pearl Delta River region, while only 19 LBM outbreaks 
have been officially reported (56). We inferred a median of 3,075 
LBM outbreaks (95% HPD: 478 to 161,751) in the Pearl Delta 
River region due to transmission from LBMs in the same region 
and 583 (95% HPD: 24 to 8,930) due to transmission from LBMs 
in the Yangtze Delta River region, while only 39 LBM outbreaks 
have been officially reported (56).

Discussion

This study employed a Bayesian phylodynamic approach to inves-
tigate the transmission dynamics of H7N9 virus at the human–
LBM interface in China. By analyzing genome sequences, we 
provide detailed insights into the virus spatiotemporal movements 
across the Yangtze and Pearl Delta River regions. Our results 
revealed that the Yangtze River Delta region hosted a diverse range 
of H7N9 lineages, with some moving to the Pearl River Delta 
region. Concurrent circulation of lineages was observed in both 
regions, with evidence of local transmission during each wave. 
While the resulting MCC tree was consistent with prior studies 
(57, 58), our approach is unique in using MTBD models for the 
phylodynamic analyses. Discrete trait approaches have been often 
used to investigate the transmission dynamics of AIV (57–60) 
among different host types due to their computational efficiency 
and ease of implementation, but MTBD models have several 
advantages. They can account for complex demographic and epi-
demiological processes, including transmission, removal, and 
sampling of lineages, providing more accurate insights into disease 
transmission dynamics. Moreover, MTBD models integrate the 
sampling proportion, making them more robust to potential sam-
pling biases, and can directly estimate critical parameters, such as 

Fig. 4. Posterior distribution dates of the first infection in each deme inferred from the posterior epidemiological parameters and phylogenetic trees. The 
black vertical line represents the median date. The black vertical lines along the X axis represent the date estimates from which the density distributions are 
generated. The vertical red dashed line represents the date of the first officially reported infection in each deme.
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the effective reproductive number (Re), which can inform health 
interventions. Finally, we allow for the estimation of incidence 
trajectories, providing critical information for understanding the 
spatiotemporal dynamics of virus transmission.

Our findings suggest that the H7N9 virus had circulated unde-
tected in humans and LBMs for several weeks to several months 
before its first official identification in Yangtze and Pearl Delta 
River regions, corroborating previous reports of undetected H7N9 

Fig. 5. Median number of infections per month for each deme inferred from the posterior epidemiological parameters and phylogenetic trees. The yellow 
bars represent those caused by transmission events from LBMs in the Yangtze Delta River, the orange bars represent those caused by transmission events 
from LBMs in the Pearl Delta River, and the blue bars represent those due to transmission events within the given deme. The black dashed line represents the 
number of officially reported infections per month for each deme.
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spread in China (42, 43). We were able to quantify the seasonality 
of H7N9 transmission in China based on H7N9 genome 
sequences. So far, this seasonal trend had been observed from the 
human case surveillance data and had been difficult to quantify 
due to underreporting associated with the asymptomatic infections 
of H7N9 in poultry (42, 43). The incidence trajectories followed 
the same temporal dynamics of the officially reported infections 
and suggested a large number of unreported or undetected infec-
tions in both regions, in particular in the LBM demes. During 
waves 1-4, the circulating H7N9 viruses were of low pathogenicity 
to poultry and did not cause any symptoms in infected poultry, 
allowing the virus to silently spread among poultry (42, 61). 
Consequently, it was difficult to identify infected poultry and asso-
ciated human infections, explaining why the number of officially 
reported infections was likely underestimated. The estimates we 
inferred could inform the LBM census data in China, which are 
currently unavailable. As an example, in 2014, the number of active 
LBMs was estimated at 1,877 in the Yangtze Delta River region 
and at 1,210 in the Pearl Delta River region by combining four 
sources of data (62). Our estimates suggest that a higher number 
of LBMs might be active in the country, supported by the fact that 
some LBMs may not be registered with the government. Our study 
provides estimates of Re for H7N9 virus spread at the human–LBM 
interface, providing a unique opportunity to better prepare sur-
veillance plans at LBMs for response to AIV outbreaks. So far, these 
estimates were only available at the poultry level (32–34, 41), while 
control strategies for AIV in Asia are designed and implemented 
at the LBM level (18, 20, 27). Thus, these epidemiological param-
eters will improve our ability to provide predictions of virus spread 
at the human–LBM interface for the development of strategies for 
the long-term control of AIV epidemics.

Our study indicates that the transmission of H7N9 virus 
between LBMs was more likely to occur within regions (i.e., over 
short distances and between provinces in close proximity), such 
as within the Yangtze Delta River and the Pearl Delta River 
regions. This regional structure of transmission was evidenced by 
the high rates of transmission and number of simulated infections 
within these regions. This finding is consistent with previous stud-
ies that identified a regional spatial structure for the spread of 
H7N9 virus (59) and live poultry movements (12), highlighting 
the importance of further investigating the role of local live poultry 
trade in virus transmission. The absence of available genome 
sequences from the intermediate provinces linking the two regions 
(Jiangxi, Fujian, and Hubei) means that, despite being limited, 
transmission events between the two regions could have occurred 
over short distances. Given these results, prevention and control 
efforts for H7N9 should consider the regional structure of trans-
mission in their strategies.

Our study aimed to assess the differences in the transmissibility 
of H7N9 virus by considering the distinct waves and estimating 
the parameters of the infectious period and sampling proportion 
separately. Nonetheless, the restricted availability of genome 
sequences hindered the full differentiation of highly pathogenic 
(HP) and low pathogenic (LP) H7N9 in wave 5, thus limiting 
our capability to derive conclusive results. Nevertheless, the data 
provided some evidence of the variation in transmissibility 
between HP and LP H7N9. During wave 5, the transmission of 
H7N9 between LBMs in the Pearl Delta River was observed as 
particularly high, with a median Re estimate of 2.2 and a peak in 
LBM outbreaks in January 2017 with a median of 732. This trend, 
coupled with the dominance of HP H7N9 in the region (63), 
suggests a higher transmissibility of HP H7N9 compared to LP 
H7N9, consistent with previous experimental studies (64). 
Furthermore, infected humans in the Pearl River Delta region 

during wave 5 were found to be infectious for a longer period 
compared to waves 1-4 (median 12 vs. 6 d), which could be attrib-
uted to reduced health care resources and decreased capacity for 
early identification and hospitalization of infected individuals, 
particularly in rural areas where HP H7N9 human infections were 
more prevalent (65). LBMs in the Pearl River Delta region also 
exhibited a longer infectious period compared to waves 1-4 
(median 60 vs. 23 d), which may indicate greater adaptation of 
HP H7N9 to the poultry and environment in the region or dif-
ferences in the control strategies implemented at LBMs between 
the two regions. Previous epidemiological studies have estimated 
a similar range of infectious periods for humans during waves 1-3 
(ranging from 13 to 21 d) (34, 66, 67). In accordance with our 
findings, one epidemiological study reported a longer time from 
illness onset to death for HP H7N9 human cases compared to LP 
H7N9 cases (median 31 vs. 16 d) (68). However, it is important 
to note that these epidemiological studies may suffer from report-
ing bias, such as underdetection of mild illness which may lead to 
biases in the estimations, unlike the phylodynamic approaches 
employed in our study.

The proposed Bayesian phylodynamic model focuses on the 
predominant routes of transmission of the H7N9 virus, including 
inter-LBM transmission and LBM–human transmission. The 
model does not take into consideration the potential contribution 
of migratory wild birds and poultry farms to the introduction of 
the virus (69, 70). Although some studies have demonstrated that 
experimentally infected songbirds and parakeets can shed the virus 
and that tree sparrows were tested positive during surveillance 
campaigns (71, 72), the role of wild birds in H7N9 transmission 
is still not well understood. However, some evidence suggests that 
migratory wild birds may play a minor role due to the adaptation 
of H7N9 virus to gallinaceous poultry rather than duck and geese 
(42). Wild bird migration was also not associated with the spatial 
spread of H7N9 virus (59). Additionally, the recurring human 
cases during the winter months are believed to be associated with 
seasonality in poultry production and consumption in China, 
such as an increase in trade during the Lunar New Year celebration, 
when people are more likely to consume more chickens (73, 74) 
rather than seasonal migrations of wild birds. The majority of 
H7N9 viruses have been isolated from LBMs, rather than poultry 
farms, and very few human cases have been associated with 
infected poultry farms (68, 75). These data suggest that LBMs, 
rather than poultry farms, were the origin of the novel H7N9 
viruses. Although consumers primarily purchase live poultry at 
retail LBMs [i.e., LBMs where live poultry is sold to consumers 
(10, 12)], the virus could circulate among different types of LBMs 
that are interconnected along the live poultry value chain (10, 12). 
However, due to data limitation, it was not possible to obtain 
information on the size and characteristics of the LBMs from 
which the H7N9 genome sequences were sampled, including the 
types of birds sold, indoor/outdoor setting, and retail/wholesale 
[i.e., LBMs where live poultry is sold to wholesalers and retailers 
(10, 12)], which could result in differences in disease transmission 
dynamics (13, 76) and hinder the assessment of differences in 
H7N9 transmission among different types of LBMs. Additionally, 
the limited number of H7N9 genome sequences from LBMs 
resulted in wide credible intervals for the Re estimates. Thus, fur-
ther surveillance efforts should include more intensive virus sam-
pling in various poultry premises.

In summary, our study provides important insights into the 
transmission dynamics of the H7N9 virus at the human–LBM 
interface in China. Despite the vaccination campaign, the virus 
persists in spreading within the country (28, 29). Therefore, it is 
crucial to conduct further surveillance studies of both poultry and D
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wild bird populations to monitor the geographic distribution and 
expansion of the virus. By doing so, we can enhance our prepar-
edness and response to future AIV epidemics.

Methods

Selection and Alignment of H7N9 Genome Sequences. We downloaded 
all H7N9 genome sequences of the HA gene segment, that were collected 
between 1st February 2013 and 30th April 2017 in China, from the GISAID data-
base (Global Initiative on Sharing All Influenza Data, http://www.gisaid.org) on 
1st September 2021. Sequences were selected if they were coming from humans 
or LBMs in the Yangtze River Delta region (including Anhui, Jiangsu, Shanghai, 
and Zhejiang provinces) and the Pearl River Delta region (including Guangdong, 
Guangxi and Hunan provinces) and were associated with a complete sampling 
date. Information about the LBM identifiers was shared by the submitting labora-
tory (Harbin Veterinary Research Institute, China). The resulting alignment of 798 
sequences was made using MAFFT v7 (77) and checked using AliView v1.26 (78). 
Sequences with insertion of multiple basic amino acids in the HA cleavage site 
were labeled as Highly Pathogenic (79), while the remaining were identified as 
Low Pathogenic. In 10 out of 62 LBMs (16.1%), multiple sequences were obtained 
from infected birds sampled on the same day and showed high genetical simi-
larity (98.6 to 99.0%); we thus performed a random subsampling procedure to 
select only one representative sequence per LBM. To render the phylodynamic 
analysis computational feasible, we also randomly subsampled the set of human 
sequences to obtain a final set of 300 genome sequences. Selected sequences 
were annotated with available sampling dates (between 27st February 2013 and 
27th April 2017), geographical locations (Yangtze or Pearl River Delta region), and 
host types (human or LBM). The final set consisted of 238 sequences from human 
cases and 62 sequences from LBM outbreaks (Fig. 6 and SI Appendix, Table S3).

Phylodynamic Inference of H7N9 Transmission Dynamics. Bayesian phylo-
dynamic analyses were implemented using the BDMM-Prime package for BEAST 
v2.6.3 (80) and the BEAGLE library (80) to improve computational performance. 
The MTBD model was used as the tree prior (81, 82). Similar to compartmental 
models in epidemiology, the MTBD model assumes that the underlying popu-
lation is structured into discrete subpopulations (or demes), each with specific 
transmission, removal, and sampling rates and allows inference of the effective 
reproductive number Re directly from genome sequences. Under this model, 
demes were defined according to host type and geographical location of genome 
sequences: humans in the Yangtze River Delta region, humans in the Pearl River 
Delta region, LBMs in the Yangtze River Delta region, and LBMs in the Pearl 

River Delta region (SI Appendix, Table S3). We assumed that infected LBMs in 
Yangtze and Pearl River regions could transmit the virus to i) other LBMs through 
trade-related movements of infected birds or contaminated fomites (LBM-to-LBM 
Re, defined as the number of secondary infected LBMs caused by one infectious 
LBM) (13, 83) or ii) to humans through exposure to infected birds (LBM-to-human 
Re, defined as the number of secondary infected humans caused by a given infec-
tious LBM) (16, 20, 84, 85) (SI Appendix, Fig. S4). Given that most households 
frequently purchase poultry at local LBMs (9), we assumed that infected LBMs 
could not transmit the virus to humans located in another region. Given that 
most human cases were likely due to exposure to infected birds at LBMs (16, 
20, 84, 85) and the limited human-to-human transmissibility of H7N9 inferred 
over the five epidemic waves (35, 54, 55), we assumed that infected humans 
could not transmit the virus to other humans. Infected humans were considered 
noninfectious following recovery or death (with a becoming noninfectious rate 
δhuman) and were sampled and sequenced with a sampling proportion Shuman. 
Infected LBMs were considered noninfectious following depopulation and clean-
ing/disinfection measures (with a becoming noninfectious rate δLBM) and were 
sampled and sequenced with a sampling proportion SLBM.

The MTBD model was combined with a HKY + Γ4  nucleotide substitution 
model (86, 87), a relaxed molecular clock model (88) defined by a lognor-
mal(0.001,1.25) prior distribution, corresponding to a median of 4 × 10−4 
substitution per site per year (95% interquartile range (IQR): 3 × 10−5 to 5 × 
10−3) (87, 89). The origin of the tree was associated with the deme LBMs in 
the Yangtze River Delta since the H7N9 virus likely emerged from this region 
(from Jiangsu and Zhejiang provinces), and the viruses sampled from the first 
human cases were identified as of avian origin (52, 53). The origin of the tree 
was given a lognormal(1.5, 0.05) prior distribution corresponding to a median 
date 23th October 2012 (95% IQR: 8th May 2012 to 25th March 2013) (90). 
The become noninfectious rate of humans was given a lognormal(36, 0.6) prior 
distribution corresponding to a median infectious period of 10 d (95% IQR: 3.7 
to 39.2) (4, 34, 66, 67, 91). Given the lack of information, the become noninfec-
tious rate of LBMs was given a broader prior distribution [lognormal(24, 0.6)] 
corresponding to a median infectious period of 15 d (95% IQR: 5.6 to 58.5). 
For each deme, the sampling proportion was given a uniform prior distribution, 
with the upper bound informed by the number of H7N9 genome sequences 
and the reported number of human cases and LBM outbreaks (56). Given the 
lack of information on the transmissibility of H7N9 from LBMs to LBMs and from 
LBMs to humans, the LBM-to-LBM and LBM-to-human Re parameters were given 
a broad prior distribution [lognormal(0,1)] corresponding to a median 1 (95% 
IQR: 0.1 to 7.1). More information on the prior values and distributions of the 
model parameters can be found in SI Appendix, Table S4.

Fig. 6. Spatial (A) and temporal (B) distribution of H7N9 genome sequences of the hemagglutinin (HA) gene segment from human cases and LBM outbreaks 
in the Yangtze and Pearl River Delta regions in China, 2013 to 2017. Sequences with insertion of multiple basic amino acids in the HA cleavage site were labeled 
as Highly Pathogenic (HP), while the remaining were identified as Low Pathogenic (LP).D
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All parameters were assumed to be deme specific and were estimated across 
different time intervals. To evaluate differences in infectiousness duration and 
account for variations in sampling rates between waves 1-4 and wave 5, the 
become noninfectious rate and the sampling proportion parameters were esti-
mated across two-time intervals corresponding to waves 1-4 (from January 2013 
to August 2016) and wave 5 (from September 2016 to April 2017). To evaluate 
differences in transmissibility of H7N9 virus between waves, the Re parameters 
were estimated across 14-time intervals corresponding to the changes in the 
number of cases, including periods of increasing, decreasing, and limited case 
numbers (Fig. 1). For each time interval, association between increased Re esti-
mates and amino acid substitution in the corresponding sequences was carried 
out using AliView v1.26 (78).

Posterior estimates of model parameters were inferred using Markov chain 
Monte Carlo (MCMC). All analyses were run for 100 million steps across five 
independent Markov chains (MCMC), and states were sampled every 10,000 
steps. The first 10% of steps from each analysis were discarded as burn-in before 
states from the chains were pooled using Log-Combiner v2.6.3 (92). Convergence 
was assessed in Tracer v1.7 (93) by ensuring that the estimated sampling size 
values associated with the posterior model parameters were all >200. Posterior 
multitype phylogenetic trees (i.e., phylogenetic trees that are associated with 
a specific deme along their branches) were inferred from a subsampled set of 
posterior phylogenetic trees and model parameters (n = 500) using a stochastic 
mapping algorithm (51, 94). The MCC tree was obtained from the multitype 
phylogenetic trees in TreeAnnotator v2.6.3 (92) and annotated using the ggtree 
package (95) in R v4.0.2 (96). Incidence trajectories (i.e., the number of newly 
infected hosts per deme over time due to within-deme and between-deme trans-
mission) were inferred from a subsampled set of posterior phylogenetic trees and 
model parameters (n = 500) using a particle filtering algorithm (50).

To test the robustness of the phylodynamic analysis with respect to changes 
in the priors’ assumptions, a separate set of analyses were performed by using a 
broader prior for the within- and between-deme Re parameters [lognormal(1,1), 
corresponding to a median of 2.7 (95% IQR: 0.4 to 19.3)] (SI Appendix, Fig. S5), as 
well as by reperforming the random subsampling procedures of bird and human 

sequences (SI Appendix, Fig. S6), which did not significantly change the temporal 
dynamics of the Re estimates (<1 and >1) compared to the main analysis.

Data, Materials, and Software Availability. All H7N9 genome sequences 
of the HA gene segment used in this study are available on the GISAID data-
base (http://www.gisaid.org) (97). Case surveillance data shown in this study are 
available on the FAO database (Food and Agriculture Organization of the United 
Nations, https://empres-i.apps.fao.org) (98). The prior values and distributions of 
the model parameters are described in SI Appendix, Table S5. The BEAST 2 XML file 
used to perform the phylodynamic analysis together with the accession numbers 
of the H7N9 genome sequences, and the R scripts are available at https://github.
com/ClaireGuinat/h7n9_bdmm-prime (99).
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