Investigating COVID-19 transmission in a tertiary hospital in Hanoi, Vietnam using social network analysis
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ABSTRACT

Objectives: In March 2020, a COVID-19 outbreak in a major referral hospital in Hanoi, Vietnam led to 7,664 patients
and staff being sent into lockdown for two weeks, and more than 52,200 persons across 49 provinces being
guarantined. We assessed SARS-CoV-2 transmission patterns during this to-date largest hospital outbreak in Viethnam
using social network analysis (SNA).

Methods: We constructed a directed relational network and calculated network metrics for ‘degree’, ‘betweenness’,
‘closeness’, and ‘eigenvector’ centrality to understand individual-level transmission patterns. We analysed network
-~mponents and modularity to identify sub-network structures with disproportionately big effects.

Results: We detected 68 connections between 46 confirmed cases, of whom 27 (58.7%) were ancillary support staff,
seven (15.2%) caregivers, six (13%) patients, and two (4.4%) nurses. Among the ten most important cases selected by
each SNA network metric, transmission dynamics clustered in 17 cases, of whom 12 (70.6%) cases were ancillary
support staff. Ancillary support staff also constituted 71.1% of cases in the dominant sub-network and 68.8% of cases
in the three largest sub-communities.

Conclusions: We identified non-clinical ancillary support staff, who are responsible for room service and food
distribution in hospital wards in Vietnam, as a group with disproportionally big impacts on transmission dynamics
during this outbreak. Our findings call for a holistic approach to nosocomial outbreak prevention and response that
includes both clinical and non-clinical hospital staff. Our work also shows the potential of SNA as a complementary

outbreak investigation method to better understand infection patterns in hospitals and similar settings.
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INTRODUCTION

Hospital staff and patients are at significantly higher risk of SARS-CoV-2 infection than the general population, and
several COVID-19 outbreaks in hospitals have been reported around the world (1-3). In Vietnam, the first COVID-19
outbreak in a health care setting occurred in Bach Mai Hospital (BMH), a major tertiary referral hospital in Hanoi,
when one of its staff was confirmed SARS-CoV-2 positive on 18 March 2020. The outbreak response gradually
escalated to a hard lockdown of the entire hospital, and about 52,200 persons were quarantined across Vietnam as
part of the containment efforts. A total of 46 cases were detected before the BMH outbreak was declared over after
three weeks.

Standard epidemiological techniques like case investigation and contact tracing have been widely used during the
COVID-19 pandemic. Additional techniques like social network analysis (SNA) are much less frequently used. The aim
of SNA in outbreak investigation is to provide additional, in-depth information to elucidate detailed transmission
patterns and sub-networks within the concerned populations (4—6). While SNA has, where applied, proved useful to
explore individual-level transmission dynamics for diseases like tuberculosis, HIV, and E.coli outbreaks (7-9), it is not
regularly used as part of the standard epidemiological outbreak investigation techniques in field epidemiology. While
there have been a couple of attempts during the SARS-CoV-2 pandemic to use SNA to understand super-spreader
events (10,11), and in a COVID-19 cluster in the community (12), the value of SNA for outbreak investigations of
COVID-19 has not yet been sufficiently established. In particular, SNA has not yet been used to investigate SARS-CoV-2
transmission dynamics in closed settings like hospitals.

In this study, we used SNA techniques to gain an in-depth understanding of the transmission structure during the
COVID-19 outbreak in the BMH, Hanoi, Vietnam in March 2020. Based on our findings, we also discuss the benefits of

SNA as a supplementary tool in field epidemiology generally.

METHODS

Design

This study was a retrospective outbreak investigation using SNA. We calculated key network centrality metrics, in
particular for ‘degree’, ‘betweenness’, ‘closeness’, and ‘eigenvector’ centrality, and constructed sociograms using
contact tracing data collected during the BMH outbreak response to identify the transmission dynamics at the
individual level. Appendix 1 contains detailed definitions and further explanations of SNA metrics used in this

manuscript.

Setting

BMH is a major tertiary hospital in Hanoi, Vietnam. The Tropical Disease Centre of BMH was designated as one of the
reference units to treat COVID-19 patients. On 18 March 2020, a nurse working at the COVID-19 screening office in
this centre tested positive for SARS-CoV-2, thereby triggering the first nosocomial COVID-19 outbreak in Vietnam.
Outbreak response was quickly escalated after active case finding and extensive testing discovered several cases in
other departments, ultimately leading to a hard lockdown of BMH on 28 March 2020 for 7,664 persons, among them
6,258 staff, 793 patients, and 613 caregivers, within the hospital premises for two weeks. More than 52,200 persons
were quarantined for 14 days across 49 provinces in Vietnam. About 15,000 tests were done among persons

quarantined in the hospital and a further 30,000 in the community. A total of 46 laboratory-confirmed cases were
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identified in seven units of BMH (Figure 1). Details about the investigation and response to the BMH outbreak using

standard epidemiological methods are described in Appendix 2 as well as elsewhere (13-15).

Data collection
Data were collected in March 2020 during the outbreak investigation and response activities. For the SNA analysis, we
compiled and extracted socio-demographic and occupational information on cases and their exposure histories from
records of the Rapid Response Team (RRT) of the National Steering Committee for COVID-19 Prevention and Control
in June 2020. During the BMH outbreak, the contact information of anyone testing positive for SARS-CoV-2 was
provided to the RRT who interviewed all cases via phone. Collected information included demographic, occupational,
and basic clinical information (age, sex, occupation, and comorbidity), date of symptom onset, as well as a detailed
movement and contact history during the 14 days before the date of onset of symptoms or confirmation, whichever
came first. Video surveillance inside the hospital was reviewed alongside the case interview to verify and complement
the information provided by cases as part of outbreak response and to establish the most likely place of infection and
source(s) of infection for each case.

Variables available for this analysis were the cases’ age, sex, occupation, comorbidities, date of symptom onset,

date of positive SARS-CoV-2 test result, place of presumed infection, and sources of infection for each case.

Data analysis

We created a relational network dataset with confirmed COVID-19 cases as “nodes” and the epidemiological contacts
between them as “edges”. Each case was provided with a unique identification number, and each case’s unique
epidemiological contacts with other cases were also identified and labelled. The relational data were analysed from a
direct network perspective, which contained directionality of infection emanated from a “source case” towards the
“target case” (16).

We calculated and compared the score rank of the social network centrality measures ‘degree centrality’,
‘betweenness centrality’, ‘closeness centrality’, and ‘eigenvector centrality’ to identify the key nodal cases that were
particularly influential during this outbreak. We also calculated network components and modularity to identify sub-
network structures that contributed disproportionately to the transmission of infection. Average path length and
network diameter measures were analyzed to assess the dispersion level of infection within networks.

The relational data with nodes and edges were created in Microsoft Excel software and transferred into Gephi
software (version 0.9.2) for network illustration and into R (version 4.1.1, package “igraph”) for analyses (17,18).
Network measures, components, and modularity were generated, and the outputs were derived as tables and graphs.
The network measure tables from Gephi were exported to R for generating network summary measures. Network
graphs were created to visualize relationship patterns between source and target cases. Yifan Hu layout and
Fruchterman Reingold layout in Gephi software were used to visualize the networks (19). We also calculated
frequencies and percentages to describe the distribution of cases’ age, sex, occupation, comorbidity, place of

presumed infection, and departments of recorded cases in the hospital using R (version 4.1.1).

Ethics
This manuscript was approved and exempted by the Internal Review Board, National Institute of Hygiene and

Epidemiology, Vietnam as a part of national COVID-19 outbreak investigation and response activities.
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RESULTS

Case characteristics

Overall, 46 cases were detected among ancillary support staff (27, 58.7%); caregivers (7, 15.2%); patients (6, 13%);
nurses (2, 4.4%); and four secondary cases (8.7%) outside the hospital. Most cases were female (85%), between 35
and 64 years old (69.6%), and with comorbidities (71.7%). Forty (87%) cases acquired infection most likely inside the
hospital, and the remaining cases through family and community contacts. Nearly half of cases (45.7%) had COVID-19

compatible symptoms during their infection period, whereas the rest (25, 54.3%) remained asymptomatic (Table 1).

Relationship analysis

There were a total of 68 epidemiological connections identified between the 46 laboratory-confirmed cases, of which
27 were source cases and 17 were target cases. Network measures showed that 29 cases (63%) had an in-degree
centrality measure of zero and thus lacked any epidemiological link with a source case. Of the rest, seven cases
(15.2%) had an in-degree measure of two, implying that two source cases were identified for each. A small number of
cases had an in-degree measure of more than two (range 3 — 6). Nineteen (41.3%) of the total 46 cases had an out-
degree centrality measure of zero and thus did not act as a source of infection to other cases. The remaining 27
(58.7%) cases were found to have an out-degree measure above one (range 1-6), thus presenting as sources of
infection to a total of 17 target cases (Table 2).

The average path length between cases, indicating the average number of edges reflective of the length of the
generational transmission, was 1.8. The network diameter, the largest path length between cases reflective of the
highest number of transmission generations, was 4.

Based on degree centrality metrics, case P27 was the node with the highest number of links to other cases (10,
21.7% of the total cases in the network). Also, closeness, betweenness, and eigenvector network centrality metrics
indicated that P27 was the most important node in the transmission network (closeness centrality = 0.0022,
betweenness centrality = 335.9, eigenvector centrality = 0.8). Case P28, P18, and P32 also ranked high on the four
centrality measures, and together these four cases contributed to 35 (51.5%) of all epidemiological connections in the
network (Figure 2a and Table 3).

The betweenness centrality measure was zero for 30 cases (65.2%), implying that they did not play a role in the
transmission of SARS-CoV-2 between any other pair of cases. The remaining 16 cases (34.8%) had a non-zero
betweenness centrality value (range 1 to 30), indicating their involvement in the transmission route between other
cases in the network. The three cases with the highest betweenness centrality were P27, P28, and P18 (Figure 2b).

Three cases (P20, P23, and P26) did not have many contacts with others (low degree centrality) and were not a
bridge in the transmission route (low betweenness centrality); however, P26 was a key nodal case influential in
transmitting SARS-CoV-2 infection due to short distances to all other cases in the outbreak (closeness centrality: P26 =
0.00216), and P20 and P23 influenced the most important cases in the network (eigenvector centrality: P20 = 0.8, P23
=0.8) (Figure 2c and Figure 2d and Table 3).

Table 3 shows the measures of network centrality estimates for the 10 most important nodes selected by the
four-network metrics. A total of 17 cases were identified based on the score rank of these network metrics. 12 of 17

(70.6%) were ancillary support staff, two (11.8%) were patients, and three (17.6%) were caregivers.
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Two connected components (sub-networks) and five cases without epidemiological contacts were identified. The
bigger of the two sub-networks (‘giant components’) accounted for 82.6% (38) of the total cases and 94% (64) of all
transmission contacts of the network. Ancillary support staff contributed 71.1% (27 cases) in this component (Figure
3A).

We detected 10 communities (modules). The modularity score was 0.576, indicating the possible presence of
community structure. The largest module contained 14 cases and 20 contacts, which accounted for 30.4% of total
cases and 29.4% of total transmission contacts in the network. The two next second-largest communities contained
nine cases each. The ancillary support staff contributed to 68.8% (22 cases) of the total cases in the three largest

communities (Figure 3B).

DISCUSSION

We used SNA for a detailed understanding of the individual-level transmission dynamics during this first COVID-19
outbreak in the health care setting in Vietnam. Our findings highlight the importance of ancillary support staff, a non-
clinical cadre of hospital staff that is often overlooked in the prevention of nosocomial infections, in driving the BMH
outbreak. We also demonstrate the value of SNA as an additional method to understand the heterogeneity in
transmission dynamics of COVID-19 outbreaks in closed settings in greater detail than standard outbreak investigation
techniques allow.

We found a high degree of variation at the level of individual cases in SARS-CoV-2 transmission. Several
epidemiological studies have since shown the importance of heterogeneity in SARS-CoV-2 transmission and the need
to measure transmissions and variations at individual level (20-23). The out-degree centrality measures found in our
study indicated that while nearly half (41.3%) of the cases in the network did not transmit infection, the rest (58.7%)
were source cases that disproportionately transmitted to target cases. In-degree centrality measures in our analysis
showed that no source of infection was found for 63% of cases and that 21.8% of cases had three or more sources of
infection. In terms of the number of connected contacts (via both out-degree and in-degree centralities), cases P18,
P27, P28, and P32 were the top 4 cases, of which P27 was the most influential case. P27 was an ancillary support staff
wrio distributed food in all wards of BMH. Case P27 was detected six days after showing COVID-19-compatible
symptoms after exhaustive testing for all persons present inside the BMH at that time. This case was epidemiologically
closely linked to 7 other ancillary support staff who shared the same working and living space, and 3 patients treated
in the BMH who had close contact during the infection period.

The importance of a case to others in a network is not only defined through its number of contacts but also by the
interconnectivity of its secondary cases, which is measured through the betweenness metric. Betweenness centrality
measures highlight that not all infections were directly transmitted from a few influential sources (with higher out-
degree measures) to many target cases, but through influential bridging cases (with high betweenness measures) who
acquired the infection from them. The high betweenness score of P27, P28, and P18 indicated that these three cases
were not only connected to many other cases, but they also contributed as important pathways to further infection.
However, the high degree of centrality but low betweenness score of P32, an ancillary support staff, indicated that
while connecting many other cases, P32 was not a bridge of further transmission. In contrast, P39, another ancillary
support staff, had a low degree centrality score but high betweenness score suggesting that although P39 did not have

contact with many other cases, this case was critical in the spread of SARS-CoV-2 to others.
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The path length metrics indicated that on average any source and target cases in the network could be reached by
crossing 1.8 steps; the maximum was four steps between the farthest placed source and target cases. This highlights
that the transmission of infection was not widely dispersed during the BMH outbreak through multiple generations; it
was on average limited to less than two generations.

Our in-depth analysis of the transmission network of the BMH outbreak using SNA has relevant implications in
two aspects. First, it could help public health personnel comprehend the key influential groups to prioritize early
public health interventions to reduce the likelihood of nosocomial spread (24). In this outbreak, the network metrics
(degree centrality, betweenness centrality, closeness centrality, eigenvector centrality) shed light on the potential
importance of non-clinical hospital staff in driving transmission dynamics during nosocomial COVID-19 outbreaks.
These were ancillary support staff who distributed food and cleaned wards in the hospital. This type of work meant
they frequently moved across BMH and had contact with many people, including patients, caregivers, and health care
workers. However, they were often overlooked during the initial response to COVID-19 outbreaks in hospitals due to
not being directly involved in patient care. They were also exempted from the infection prevention control training at
the beginning of the pandemic. We recommend that all types of hospital staff regardless of their involvement in
patient care be considered as potential drivers of transmission during a nosocomial outbreak response. Focussing only
on core clinical staff like doctors and nurses might delay successful outbreak containment.

Second, from a methodological perspective, integrating SNA alongside more established epidemiological
investigation techniques during an outbreak could help target resources for outbreak response more efficiently (5).
The identification of highly influential cases (with high out-degree and betweenness measures) and closely connected
case sub-networks (components) could allow for prioritizing contact tracing activities in a more targeted way. Cases
that disproportionately infect others and their networks could be identified quickly, and their contacts could be
monitored more intensely to interrupt transmission faster. Nonetheless, one of the limitations of the practical use of
SNA in field epidemiology is the time needed to collect the necessary data during a real-time outbreak response.
Given the time-sensitive and volatile nature of infectious disease outbreaks, collecting data for network analyses
alongside traditional outbreak containment activities might be complicated, especially when resources are stretched,
and interfere with other response priority activities. Therefore, in a frontline setting, the use of SNA to support an
outbreak investigation may have to be limited to unavoidable circumstances, e.g. contact tracing is not performed due
to some reasons, e.g. rapid spread of the virus in the community and lack of human resources.

SNA to inform SARS-CoV-2 contact tracing has proved useful for supporting control transmission in South Korea; it
was applied to support the efficiency of governmental responses to COVID-19 (10). A study from India used relational
data to prioritize the most susceptible regions for target testing and quarantining (11). A study in Hong Kong used
contact tracing data to identify the most important SARS-CoV-2 clusters in the community by constructing a SARS-
CoV-2 network of transmission (23). Awareness of the value of SNA in COVID-19 outbreak response plus technical
skills to perform such analyses should be increased among field epidemiologists, in particular in settings where timely
genomic sequencing is absent.

We acknowledge several limitations of our study. First, this analysis was based on data from case interviews about
movement and contact history over 14 days. The accuracy of some of the provided information could not be verified
during the early outbreak response phase. For example, in our data, 63% of cases had no detected sources of
infection, which was most likely due to recall inaccuracy. To support the accuracy of SNA, we recommend designing a

standardized questionnaire to collect relational data and preparing trained interviewers for SNA data collection.



TMIH 22-181 Investigating Covid transmission with social network analysis November 2022

Second, because the data collection was not specifically designed for an SNA analysis, we acknowledge missing
some meaningful information for a deeper understanding of SARS-CoV-2 transmission dynamics that could bias the
network analysis, for example, information on the cases’ behaviors to reduce the risk of infection or onwards
transmission. Third, due to a lack of data for weighting directed edges, such as duration of contact or location of
contact (e.g. in small, enclosed rooms with poor ventilation or in larger, well-ventilated areas), we had to treat all
edges, representing contacts, as equal. Unweighted edges might lessen the importance of ancillary support staff in the
transmission network, given their close working and living conditions. Fourth, we were not able to compare our
results from SNA to genomic sequencing data as this was not available for our analysis. Though the outbreak was

contained within three weeks (15), the initial source of infection for this outbreak was uncovered.

CONCLUSION

This study shows the successful application of SNA for an in-depth investigation of Vietnam’s first COVID-19 outbreak
in a hospital setting. We identified non-clinical ancillary support staff, who are responsible for room service and food
distribution in hospital wards in Vietnam, as an important group with a disproportionally big impact on transmission
dynamics during this outbreak. Outbreak response measures in hospitals often focus on patients and core medical
staff such as doctors and nurses, while non-clinical hospital staff is overlooked during outbreak response in health
facilities. Our findings call for a comprehensive approach to hospital infection prevention and control as well as
nosocomial outbreak response that includes all professions of the hospital workforce. Our findings also point to the
potential of SNA as a complementary method for field epidemiologists to better understand infection patterns in

hospitals and similar settings and prioritize appropriate interventions accordingly.
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(b)

Figure 3. Connected components (a) and modularity (b) in the Bach Mai outbreak.

Larger sized nodes imply higher score of degree centrality. Different colours indicated different components (a) and

modules (b). Cases in the same component (a) and module (b) had the same colour.
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Characteristics N=46 %
Age groups
<35 11 23.9
35-64 32 69.6
65+ 3 6.5
Sex
Female 39 84.8
Male 7 15.2
Occupation
Ancillary support staff 27 58.7
Caregiver 7 15.2
Nurse 2 4.3
In-patient 4 8.7
Out-patient 2 4.3
Others 4 8.7
Departments of recorded cases
Supermarket/Canteen 27 58.7
Neurology 10 21.7
Gastroenterology 2 4.3
Rehabilitation 1 2.2
Tropical Disease Centre 3 6.5
Nuclear Medicine & Oncology 1 2.2
Out patient 2 4.3
Comorbidity
Yes 33 71.7
No 13 28.3
Place of presumed infection
Hospital 40 87
Family 3 6.5
Community 1 2.2
Index cases 2 4.3
Having COVID-19 compatible symptoms
Yes 21 45.7
No 25 54.3
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Table 2. Case categorization based on degree centrality measures (n=46)

Degree centrality No of cases Percent Case categorization®

In-Degree centrality measure

0 29 63 No identified source of infection
2 7 15.2 Target case
3 4 8.7 Target case
4 3 6.5 Target case
5 2 4.3 Target case
6 1 2.2 Target case

Out-Degree centrality measure

0 19 41.3 Not transmitted infection to anyone identified
1 10 21.7 Source case
2 5 10.9 Source case
3 5 10.9 Source case
4 3 6.5 Source case
5 3 6.5 Source case
6 1 2.2 Source case

" Cases lacked source of infection if In-Degree centrality = 0; Target case had In-Degree centrality >1; Cases did not

transmit SARS-CoV-2 to anyone had Out-Degree centrality = 0; Source case had Out-Degree centrality >1.
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Table 3. Summary of contact network metrics for the top 10 scores of COVID-19 cases (node (score)).

Score rank Degree centrality Betweenness centrality Closeness centrality  Eigenvector
centrality
1 P27" (10) P27" (335.9) P18" (0.00221) P32" (1)
2 P28" (9) P28" (329.0) P27" (0.00220) P18" (0.9)
3 P18* (8) P18 (251.3) P28" (0.00216) P27" (0.8)
4 P32" (8) P05 (152.3) P32" (0.00216) P20" (0.8)
5 PO5 (6) P09 (104.0) P26" (0.00216) P23" (0.8)
6 P20" (6) P26" (92.0) P05 (0.00211) P33 (0.7)
7 P23" (6) P34" (72.7) P20" (0.00209) P10" (0.6)
8 P04 (5) P32" (65.8) P23" (0.00209) P39" (0.5)
9 P06 (5) P17 (39.3) P04 (0.00209) P06 (0.4)
10 P33"(5) P39" (38.3) P06 (0.00208) P44" (0.4)

*Asterisks were ancillary support staff





