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Abstract 

Transmission Visualizations of Healthcare Infection Clusters: A Pilot Scoping Review 

 

Mya Brady, MPH 

 

University of Pittsburgh, 2021 

 

 

Abstract 

 

 

Background: Understanding transmission of COVID-19 in healthcare settings is critical 

to infection prevention and control efforts to mitigate its spread. Implementing interventions to 

interrupt transmission requires deriving hypothesized transmission pathways. Visualizations of 

transmission pathways can aid in hypothesis generation. SARS-CoV-2 provides a unique 

opportunity to determine ways in which data visualizations can be improved to aid in outbreaks 

due to presymptomatic/asymptomatic transmission, highly variable incubation period and 

transmission that can involve multiple individuals in healthcare facilities. The objective of this 

review was to conduct a scoping review of the current literature of transmission visualizations in 

the healthcare setting to describe the types and frequency of data elements used in these types of 

visualizations. 

Methods: Medline (Ovid) was searched using a combination of MeSH terms, title, abstract 

and keywords developed in tandem with a University of Pittsburgh Graduate School of Public 

Health Health Sciences Librarian. Terms were cross-referenced with a set of known studies to 

ensure that the search would capture relevant articles.  Article eligibility criteria was determined a 

priori. Inclusion criteria contained the following: published after 1985, written in English, peer-

reviewed, healthcare facility infectious disease transmission, an infectious disease with ≥ 1 

transmission event or infectious diseases with a National Healthcare safety Network (NHSN) 

definition, ≥ 1 data visualizations of transmission using data observable by an infection 
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preventionist showing temporal and/or spatial relationships using patient health data. The articles 

were screened and selected using DistillerSR (Evidence Partners) reviewing software and the 

protocol was published on Open Science Forum (OSF) for transparency purposes.  

Results: The initial search yielded 1,958 articles; 15% (299 articles) were used for this 

pilot review based on alphabetical order of author’s last name. Eleven articles were eligible for 

full review and 21 data visualizations were analyzed. Of the 21 data visualizations, all described 

either bacterial or viral transmission, almost all visualizations contained spatial data elements and 

patient data elements. None of the visualizations contained contagious periods. 

Conclusion: The findings from this review support the need for a standardized data 

visualization tool to implement public health and infection prevention interventions sooner to 

interrupt transmission. 
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1.0 Introduction 

1.1 Infection Preventionists and Outbreak Investigations 

Infection preventionists (IPs) perform surveillance for infections within healthcare settings 

and work to prevent nosocomial infections. Surveillance data are used to identify and prevent 

transmission of serious pathogens between patients, healthcare workers, and other individuals in 

the healthcare setting. Infection rates are used to determine whether a certain infectious disease or 

pathogen is appearing in a higher frequency than usual. If the usual threshold is exceeded, an 

investigation is typically initiated.1 Cluster investigations can also be initiated in response to 

individual events of infections when the pathogen is unusual or is appearing more frequently than 

expected. Conducting cluster investigations is essential for preventing spread of infections.2 

Descriptive epidemiology techniques used during a cluster investigation include 

performing surveillance for additional case-finding, identifying potential contacts, extracting 

information from electronic medical records, and merging this data with transmission information 

(such as time of exposure to the infectious agent, disease onset, and symptomatic period), and 

identifying potential risk factors for patients.3 Transmission events hypothesized by clustering 

patterns of a common organism are often confirmed with a method to determine genetic 

relatedness, such as whole genome sequencing.4  

Transmission visualization tools are data visualizations showing networks of transmission 

(individuals and interactions/connections between them) comprising an outbreak.5 They can be 

used to aid in the outbreak investigation process and may useful in a dynamic setting such as 

healthcare facilities due to the complexity of the conditions of this environment.5 Additionally, 

https://sciwheel.com/work/citation?ids=11901502&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=12070899&pre=&suf=&sa=0&dbf=0
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transmission visualization can lead to hypothesis generation that can then be tested using methods 

to establish genetic relatedness.5 Therefore, visualizing transmission pathways can be a highly 

informative step for IPs to investigate infectious disease clusters and respond with implementation 

of transmission-interrupting interventions. 5 

Currently, transmission visualizations of transmission pathways are produced by 

incorporating different elements of transmission events and different software tools. These types 

of visualizations may display time, space, and/or other elements; however, there is no established 

best practice.  

1.2 COVID-19 Epidemiology 

Thus far, the COVID-19 pandemic has resulted in over 700,000 deaths in the United 

States.6 SARS-CoV-2 transmits from person-to-person through small and large respiratory 

droplets. Individuals become infected when the viral particles from the respiratory droplets are 

inhaled or land on areas with mucosal membranes (eyes, mouth, nose) through close contact with 

an infected individual.7 Some ways to mitigate COVID-19 spread are through identification of 

sources of outbreaks, using surveillance techniques to track spread, studying COVID-19 through 

surveillance data, and to create guidance for action that can reduce the spread and reduce the 

burden of disease.8 However, more effective measures to reduce the spread of COVID-19 are 

social distancing, masking in indoor spaces, and vaccination.9  
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1.3 COVID-19 Transmission 

In the early months of the pandemic, healthcare systems experienced overwhelming 

influxes of COVID-19 cases due to lack of precautions such as masking, distancing, COVID-19 

restrictions, and the absence of a vaccine.10 Nosocomial transmission of SARS-COV-2 rates vary 

depending on the population affected.11 In a SARS-CoV-2 outbreak in a tertiary care center in 

London, in March-April 2020, 15% of positive cases were linked to nosocomial transmission.12 

However, in a Boston Women’s Hospital during an outbreak that occurred from March 7th and 

May 30th 2020, only one positive case was associated with nosocomial transmission.11 

Determining exact pathways of infection can be difficult for every COVID-19 positive case, 

especially within a healthcare setting where patient turnover rate is high, visitors come and go, and 

healthcare workers sometimes work on different floors and units within a hospital.  

An observational cohort study from January 2020 to October 2020 conducted in acute care 

facilities in the United Kingdom looked at associations between transmission pathways in 

healthcare workers and patients using linear, logistic, additive and mixed regression models.13 This 

paper found strong associations of nosocomial transmission between healthcare workers with 

COVID-19 infections and patients. Additionally, they found that healthcare workers who were 

nurses had highest risks of infection with COVID-19. Finally, risk of transmission to healthcare 

workers was strongly associated with  healthcare workers in general medical units, and when 

healthcare workers and patients were infectious on the same unit.13 

A prospective cohort study conducted from March 24, 2020, to April 23rd, 2020 compared 

the risk of SARS-COV-2 infections among healthcare workers to the general public in the United 

Kingdom and the United States to determine prevalence of SARS-CoV-2 infection. Based on the 

study population enrolled from both the U.S. and the U.K., the investigators determined that the 

https://sciwheel.com/work/citation?ids=9651128&pre=&suf=&sa=0&dbf=0
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prevalence of COVID-19 in this particular population during this time in the pandemic was 2,724 

cases per 100,00 healthcare workers compared to the prevalence of COVID-19 in the community, 

which was found to be 242 per 100,00 people.14 Ultimately, this study concluded that in the U.K. 

and the U.S. front-line healthcare workers had approximately a threefold increased risk of COVID-

19 infection compared to the general population when adjusting for additional risk factors.14   

To understand healthcare worker to understand the risk of healthcare worker to patient 

transmission of SARS-CoV-2, an observational prospective study was conducted from March 1st, 

2020 to June 10, 2020 based on contact tracing efforts for positive healthcare workers and patients 

at an acute care facility.15 Among 253 patients exposed to healthcare workers infected with SARS-

CoV-2 in a multitude of settings (inpatient, outpatient clinics, emergency departments), 

transmission was <1%.15 Even though transmission risk is lower for healthcare workers to patients, 

compared to patients to healthcare workers, exposure and transmission is still possible between 

these groups of individuals and is something to consider for when investigating potential 

nosocomial SARS-CoV-2 cases. 

In an acute care facility in Israel in July 2021, there was nosocomial spread of SARS-CoV-

2.16 Even though this population was highly vaccinated, during this outbreak investigation cases 

were linked to a single patient case with an attack rate (AR) of 23.3% among patients, and an AR 

of 10.3% among healthcare workers.16 This outbreak might be attributed to waning immunity from 

vaccination, however, it still shows that the risk of SARS-CoV-2 remains an issue for nosocomial 

transmission even within a vaccinated population.   

From April 4, 2021 through July 17, 2021 in the United States, the age standardized rate 

of hospitalizations among unvaccinated and vaccinated individuals was 9.1 per 100,000 persons 

and 0.7 per 100,000, respectively.17  As of November 15, 2021 in the United States, only 56% of 

https://sciwheel.com/work/citation?ids=9578416&pre=&suf=&sa=0&dbf=0
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white individuals, 49% of Black individuals, 54% of Hispanic individuals, and 72% of Asian 

individuals have received a COVID-19 vaccine.18 There is still a significant percent of the 

population in the United States that remains unvaccinated against COVID-19. This difference in 

hospitalizations between unvaccinated individuals compared to vaccinated individuals, the 

percentage of individuals that  remain unvaccinated, and the ability for nosocomial spread to still 

occur even in a country with a high vaccination rate, provides strong evidence that SARS-CoV-2 

infection has and will continue to result in hospitalizations. Influxes of hospitalized COVID-19 

patients results in high prevalence within healthcare facilities leading to a potential higher risk of 

nosocomial transmission events if infection prevention and control measures are not initiated or 

are not followed. Especially in the case of SARS-CoV-2 transmission, vaccination status is 

important as it may affect whether the individual becomes infected with the virus and the length 

of time/procedures for quarantine/isolation. Therefore, this should be considered an important 

variable within a data visualization that is not necessarily accounted for depending on the type of 

pathogen transmission depicted. 

Infection control efforts by IPs for COVID-19 can be particularly challenging due to 

presymptomatic or asymptomatic transmission.19   To find presymptomatic and asymptomatic 

COVID-19 cases,  regular Polymerase Chain Reaction (PCR) screening is needed20 along with 

contact tracing  and this  needs to be initiated directly after potential exposures. Transmission in 

presymptomatic and asymptomatic cases can also be halted by quarantining all individuals 

exposed for 14 days or testing 100% of the population daily without contact tracing but these 

measures are extensive and may not be cost effective or feasible when dealing with a large 

healthcare facility. However, even these efforts may not be enough to completely halt SARS-CoV-

2 transmission if not initiated quickly and efficiently.  Healthcare settings are dynamic 



 

 6 

environments for transmission events to occur.  There can be variability in patient and healthcare 

adherence to masking, that can increase risk of exposure and transmission to other healthcare 

workers or patients.14 There is also constant movement of healthcare , visitors,  and patients within 

healthcare facilities that can complicate transmission and transmission pathways. The wide range 

incubation period of SARS-CoV-2 of 2-14 days also makes it challenging to determine the exact 

source of acquisition.21 This emphasizes the importance of understanding infectious disease 

transmission within healthcare settings to reduce the risk of patient harm. 

SARS-CoV-2 makes for the ideal pathogen to ensure that transmission visualizations can 

be the most informative and effective for generating transmission hypotheses. SARS-CoV-2 

transmission is complex as it can affect healthcare workers, visitors, and patients. Additionally, 

this virus has the possibility of asymptomatic or presymptomatic contagiousness which can create 

difficulties when attempting to contain the spread, break the chain of transmission, and determine 

the exact point of exposure. The highly variable incubation period of SARS-CoV-2 can be 

modulated through proper PPE use and vaccination status; however, improper PPE use and 

unvaccinated individuals can contribute to the spread of the virus especially within healthcare 

settings. Therefore, this virus provides a unique opportunity to understand how data visualization 

tools can be helpful in the event of an outbreak in a healthcare setting. 

 

https://sciwheel.com/work/citation?ids=11941108&pre=&suf=&sa=0&dbf=0
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1.4 Important Elements for Transmission Visualizations 

To determine the types of important features for inclusion in transmission visualizations, 

two separate focus groups were held in June 2021 prior to the start of the article search. The focus 

groups were conducted by the author with current IPs in a University of Pittsburgh Medical Center 

(UPMC) acute care facility, an IP at a UPMC long-term care facility, and an IP at a UPMC 

behavioral health facility on Microsoft Teams. IPs were recruited through known contacts of the 

research mentor (G.S.). The first group contained the acute care IP, the long-term care IP, the 

behavioral health IP, and  the author, and the research mentor. The second focus group contained 

two UPMC acute care facility IPs and the author. This preliminary work was conducted for two 

reasons: first, to determine the scope of the problem, and second, to determine data elements for 

data extraction from the eligible articles for the scoping review. These discussions were structured 

by first introducing the problem, asking whether this tool would be useful for their facility, what 

elements they thought were necessary to have in a data visualization, and to discuss concerns or 

unique aspects of their facility when thinking about transmission in their  healthcare facilities. 

 In these conversations, essential features for a visualization tool were determined to be: 

having an element of space (e.g., unit, floor, room), identification of role of individuals (e.g., 

healthcare workers, patients, visitors), unique identifiers for infected individuals, test positive date, 

and symptom onset date. Features that would be helpful, but are not necessary to include for data 

visualizations: designating individuals as visitors, displaying vaccination status, patient room 

transfers (i.e., moving from ICU to a general medicine floor), and whether support persons/patient 

visitors complied with hand hygiene and any necessary personal protective equipment. Procedures 

in other departments are also important to consider for when investigating a cluster. This is 

supported by results from The Enhanced Detection System for Healthcare-Associated 
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Transmission (EDS-HAT), a system that uses genome sequencing technology and computer 

algorithms that utilize patient electronic medical record data to detect transmission routes and 

sources of outbreaks.22  The frequency of these elements were evaluated in this scoping review, an 

initial comprehensive evaluation of the existing literature surrounding a topic that has location, 

time, and source,23 to determine which of these elements were the most pertinent based on 

aggregate data and should therefore be included in a standardized transmission visualization.  

1.5 Software to Visualize Transmission Pathways 

A paper published in 2020 described the overall history and theory behind data 

visualizations in order to provide some recommendations for the infection prevention field.24 In 

this paper, Salinas et al. described the limitation that comes with epidemiological surveillance and 

creating data visualizations. The researchers highlighted the difficulty of having a data 

visualization that is a “one-size fits all” approach due to differing needs of healthcare facilities. 

Additionally, they specified best practices for creating a data visualization such as the use of color, 

zero as the baseline for displaying information, using graphs and ways to visualize information 

such as case counts, rates, ratios, SIRs, and surgical site infection compliance data. However, this 

paper did not specifically discuss using data visualizations as a tool to aid in transmission 

hypothesis generation or best practices for using data visualizations to display this type of data. 

There was a systematic review conducted in 2013 that aimed to provide a broad overview 

of infectious disease data visualizations. The review found that usability and utility were 

considered to be important functions when determining whether a data visualization tool is helpful 

to the user. The article also highlighted the limited success of widespread implementation of data 
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visualization techniques and tools. However, the researchers concluded that organizations focusing 

on public health practice need to find infectious disease data visualizations that incorporate input 

from public health professionals throughout the development process to determine the best practice 

for these types of software.5 This paper mostly analyzed the reasons and limitations for infectious 

disease data visualization use and did not discuss types of data visualizations that should be made 

to display transmission events or best practices for a standardized transmission visualization tool. 

Another systematic review conducted in 2014 analyzing spatial and temporal analyses of 

disease transmission in healthcare settings aimed to identify the use of these types of analyses in 

preventing Healthcare Associated Infections (HAIs) and to propose expanding the use of these 

methods for investigations. The researchers found that only 15% of studies included in the 

systematic review included spatiotemporal analyses.24 The researchers argued that this was 

indicative of a need for implementing the use of spatiotemporal analyses in the prevention of 

transmission of HAIs.25 This article only described whether analyses included spatiotemporal 

analyses, it did not look at the types of elements used within data visualizations or describe the 

types of common elements that should be included in a standardized data visualization tool.  

Finding an ideal software to visualize infection clusters in a healthcare setting may aid in 

the efficiency and effectiveness of outbreak investigations. Examples of current transmission 

visualizations used to describe infectious diseases clusters include using heat maps, dot maps, 

Gantt charts, commercial products like TheraDoc (Premier Inc), line lists and timelines  (Figure 

1). Based on focus group conversations, Excel (Microsoft Corp) is also used as a data visualization 

tool used to show time on the x-axis and cases as rows with specific indictors such as contagious 

windows, test dates, and locations. However, a few programs have been developed by researchers 

to try and make transmission visualizations more innovative. 
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Dotmapper was developed by researchers to be an easily accessible interactive mapping 

tool to visualize infection clusters using Geographic Information Systems (GIS) (Esri).26 However, 

this tool is limited, as it only visualizes clusters over large geographic regions.26 It is important to 

understand transmission within a large indoor setting with constant movement of individuals, yet 

GIS is non-inclusive of these settings such as hospitals. Knox statistical testing has also been used 

to understand spatial relationships of case clusters since the 1960s.25 The Knox test only 

determines whether pairs of cases are clustered in time and space and does not consider other 

susceptible individuals, or controls. Therefore, this statistical method does not provide a full visual 

of the transmission event.25  

A visualization application like Dotmapper that was developed for nosocomial 

transmission is HospMapper (developed by: Smith, University College London, UK).26 This tool 

can show data for patients who have a positive test for a pathogen. Its output includes an epidemic 

curve, a timeline. and a schematic ward plan. However, this software does not have support for 

troubleshooting and would need someone with expertise in the software program/programing 

language R (Developed by: Smith & Hayward, University College London, UK).26 It also has 

disadvantages regarding integration in current data from healthcare systems, and would need 

training for formatting purposes. This software also does not look at healthcare workers or other 

individuals that may pass through the hospital.27 This is important, as patients are not the only 

individuals that need to be investigated when there is an outbreak in a healthcare setting. 
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Figure 1 Types of data visualizations commonly used and the information displayed 

 
Note: citations for information for the data visualizations are as follows: Heat Map

28
,  Dot Maps

29
, Timelines

29
, Gantt Chart

29
, 

Transmission networks & social networks.
30

 All visualizations are hypothetical examples created by the author this year. 

1.6 Gaps in Knowledge 

To my knowledge, there is no peer-reviewed English-language literature describing the 

differences in elements contained within data visualizations to show transmission pathways of 

clusters in healthcare settings. Additionally, the different types of spatiotemporal elements that can 

be incorporated within these visualizations have not been systematically characterized. Since there 

is no standardized practice or criteria for creating transmission visualizations, describing published 

methods of visualizing transmission pathways in healthcare settings will aid IPs in understanding 

available resources, and allow for the description of an ideal software for creating these types of 

visualizations that programmers and IPs may jointly create. Therefore, this scoping review 

https://sciwheel.com/work/citation?ids=11909310&pre=&suf=&sa=0&dbf=0
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describes the need for best practice criteria based on essential visualization elements to understand 

nosocomial transmission and generate transmission hypotheses. 

1.7 Public Health Significance 

This review will aid in IP’s understanding of the types of visualizations that can be used to 

generate transmission hypotheses. This will allow for earlier initiation of infection prevention 

interventions, which may lead to earlier termination of nosocomial outbreaks. 
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2.0 Objectives 

 The objectives of this study were to:1) evaluate the infectious disease transmission 

visualizations used within healthcare settings; and 2) determine which methods of visualizing 

transmission of infectious diseases in a healthcare setting are most effective in interrupting 

transmission.   
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3.0 Methods 

3.1 Eligibility Criteria 

For articles to be considered eligible for this scoping review, the articles needed to be peer-

reviewed, written in English, and published after 1985, when IPs  first documented using electronic 

surveillance, and using electronic medical records and information technology tools that allow for 

data collection methods that are automatic).31,32 All eligibility criteria were selected in the search 

algorithm. For this pilot study, 15% of articles from the original search were evaluated,,  selected 

alphabetically by author’s last name. 

Articles were excluded if they did not contain patient data with a methodology appropriate 

for evaluating a healthcare associated infectious disease or infectious pathogen cluster, such as 

observational cluster investigation methods.2 Therefore, cost-benefit analyses, meta-analyses, 

randomized control trials, community outbreaks, and other non-healthcare studies were not 

included in the review. Articles were also excluded if they did not meet any of the below inclusion 

criteria. 

Full article review used the following inclusion criteria to select articles for data 

abstraction:  

• Infectious diseases needed to meet Healthcare Associated Infection (HAI) definitions per 

the National Healthcare Safety Network (NHSN)33 but could be an infectious disease 

without an NHSN HAI classification if ≥1 transmission event occurred within a healthcare 

facility.  

• All sources needed to describe an infectious disease cluster. 

https://sciwheel.com/work/citation?ids=11849464&pre=&suf=&sa=0


 

 15 

• Articles had to contain one or more data visualizations demonstrating pathogen 

transmission pathways with data observable by an IP showing temporal and/or spatial 

relationships using patient health data and epidemiological data. For example, data 

visualizations cannot contain only a phylogenetic tree, which alone would not include 

various person type data (i.e., patients, healthcare workers) or test positive dates; however, 

a phylogenetic tree can serve as a data visualization if it incorporates other non-genetic 

epidemiologically relevant data.  

• The facilities where transmission occurred must be considered a healthcare facility. 

Healthcare facilities were defined as structures whose primary purpose is designed to 

provide care to individuals where person-to-person transmission can occur and where 

healthcare personnel are present. Examples of healthcare facilities include long-term care 

facilities, acute care facilities, rehabilitation facilities, and behavioral health facilities.  

• Multiple clusters in an outbreak or publication may be described if each cluster is contained 

in one healthcare facility.  

Articles which failed to meet any of the above criteria, were excluded from further analysis. 

3.2 Information Sources and Search Strategy 

Medline (Ovid) was searched by a health sciences librarian, Helena VonVille, MLS, MPH, 

University of Pittsburgh Graduate School of Public Health, with systematic review experience. 

The date of the last search was August 24, 2021. Concepts that made up the search were healthcare 

acquired infections and cluster analysis or geographic mapping. A combination of MeSH terms 



 

 16 

and title, abstract, and keywords was used to develop the Medline search that was checked against 

a known set of studies.   

Articles were also considered for review if they are cited as references within the papers 

found through the original Medline search and appear to have relevance for this review. These 

articles needed to meet inclusion criteria to be reviewed. 

3.3 Search Strategy 

The following table (Table 1) details the initial Medline (Ovid) search:  

Table 1 Medline search terms used for initial article selection in Ovid-Medline 

Line # Search Terms 

1. 

Cross Infection/ or "Healthcare-Associated Pneumonia"/ or "Infectious Disease 

Transmission, Professional-to-Patient"/ or "Infectious Disease Transmission, Patient-

to-Professional"/ 

2. 

((Cross adj1 Infection*) or (((Health adj1 Care) or Healthcare or nurse* or 

physician*) adj3 (acquired or associated or infected or Infection* or (tested adj3 

positive))) or (hospital adj3 outbreak*) or nosocomial).ti,ab,kf. 

3. 1 or 2 

4. Cluster Analysis/ or Geographic Mapping/ or Spatio-Temporal Analysis/ 

5. 

((chain or chains or cluster or clustering or clusters or geographic* or heat or indirect 

or spatial or (spatio adj1 temporal) or spatiotemporal or temporal or time or visual) 

adj4 (analysis or distribution or distributions or identification or map or mapped or 

mapping or representation or transmission)).ti,ab,kf. 

6. dotmapper.ti,ab,kw. 

7. 4 or 5 or 6 

8. 3 and 7 

9. limit 8 to (english language and yr="1985 - 2022") 

10. 9 not (animals/ not humans/) 
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3.4 Selection of Sources of Evidence 

For this review, one primary reviewer and author, Mya Brady (MB), BS, University of 

Pittsburgh Graduate School of Public Health, was used to conduct the title and abstract screen, as 

well as, the data abstraction from the final selected eligible articles. A second reviewer, Joseph 

White (JW), BS, University of Pittsburgh Graduate School of Public Health, helped the primary 

reviewer screen articles eligible for full-text review. The research mentor, Dr. Graham Snyder 

(GS), MD, SM, University of Pittsburgh Medical Center, aided in the creation of inclusion and 

exclusion criteria, and the data abstraction form. 

Citations were uploaded from EndNote to DistillerSR (Evidence Partners) for the study 

selection process. All study selection decisions were stored in DistillerSR.  

Two reviewers (MB, JW) took part in a Cohen's kappa interrater reliability test prior to 

screening all full-text articles. For the full-text review, the reviewers needed to reach agreement 

on at least 80% of their decisions. If not, eligibility questions were evaluated for clarity. When at 

least 80% agreement was achieved, the reviewers independently screened all full-text articles 

following the a priori eligibility criteria developed by the research mentor and one reviewer. The 

two reviewers (MB, JW) discussed items in which they disagreed and attempted to reach a 

consensus. When a consensus could not be reached by the author and a reviewer(MB, JW), the 

research mentor (GS) independently reviewed the citation and abstract to determine eligibility. 

The data charting was completed independently by one reviewer (MB) for articles that passed the 

full-text screening process.  
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3.5 Selection of Sources 

A total of 1,958 articles were found through the Ovid Medline database search.  Of these 

1,958 articles, 15% of the total were used for this pilot study and 299 articles were screened for 

title and abstract eligibility (Figure 2).  In total, 246 (82%) articles failed to meet inclusion criteria 

and were removed from the first screening. A total of 53 (22%) articles moved to the second 

screening process. Of the 53 articles in the full-text review second screen, 42 (79%) articles were 

removed. These articles were removed because three articles did not contain clusters of outbreaks, 

14 articles did not have a data visualization, 15 articles did not contain a cluster or a transmission 

visualization, eight articles did not contain a cluster or a healthcare facility, and two articles did 

not contain a data visualization or a healthcare facility. Eleven (21%) articles fulfilled the 

eligibility criteria and were selected for further data abstraction for the pilot scoping review. 

3.6 Data Items 

Data extracted from the articles were placed into DistillerSR for collection purposes using 

a data charting abstraction form developed by the research mentor and the author. The following 

data were abstracted (Table 2):   
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Table 2 Data extraction items with the type of data element along with descriptions and examples 

Data Element Description 

Basic Article Citation 
Author(s), article title, journal title, and year of 

publication 

Type of Healthcare Facility 
Acute care hospital, long-term care facility, 

behavioral health clinic, etc. 

Spatial Elements 
Emergency department or other unit of space if 

used (i.e. unit, floor, facility) 

Temporal Elements Hours, days, months 

Number of Cases Ex. Cluster size: 356 infected individuals 

Types of Surveillance 

Active surveillance (asymptomatic testing), 

retrospective surveillance, prospective 

surveillance 

Status of Infected Individuals 
Healthcare worker (including type of worker) or 

patient 

Infectious Pathogen 

SARS-CoV-2, MERS, influenza, Clostridioides 

difficile, needs to be described by healthcare 

transmission 

Infectious Pathogen Type Virus, bacteria, fungus 

Methods to Determine Genetic Relatedness 

Genus or genus & species, antimicrobial 

resistance phenotype, intermediate genetic 

relatedness testing (Pulsed-field gel 

electrophoresis (PFGE), Multilocus sequence 

typing (MLST), spa typing) etc. 

Type of Transmission Direct, Indirect, Probable, Suspected 

Scope of Transmission 
Multiple floors, multiple buildings, multiple units, 

single unit/department 

Number and Type of Cases Defined/Identified Ex. 3 healthcare workers, 5 patients 

Software Used for Creating Visualization GIS, R, Excel, DotMapper, etc. 

Type of Visualization 

Flow chart, line list, Gantt chart, heat map, cluster 

map, plotted cases in a floor plan, transmission 

network 

Other Features 

Incubation period, specific symptoms, laboratory 

test details such as specimen location or Ct value, 

nature of interaction 
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4.0 Results 

The 11 eligible studies were conducted in internationally-represented acute care 

facilities,30,34–43 and 36% were from the United States.36,37,40,41 Other countries included Portugal34, 

Brazil,35 Korea,38 Australia,39 Canada,30 Singapore,43 and Spain (Table 3).42  These 11 studies were 

predominantly observational retrospective studies (n=5, 45%).35,37–39,41   The 11 studies included 

described clusters with a mean cluster size of 61 individuals (range, 14 to 790 individuals)39,41 

lasting a median of 122 days (range, 4 days – 2,190 days).38,41 Of the clusters described, 88% of 

articles discussed patients involved in the transmission clusters (Table 4).30,34–37,39–43 The 

composition of the infected individuals within the clusters described were mostly patients (N=10, 

91%),30,34–37,39–43 nurses (N=5, 45%),34,36–38,43 and advanced practice practitioners and physicians 

(N=5, 45%) (Table 4).34,36–38,43 The causative pathogens described in clusters either viral (N=6, 

55%) 34,36–38,42,43 or bacterial clusters (N=5, 45%).30,35,39–41 

There were 21 data visualizations found in the 11 eligible review articles, with a range of 

one to three visualizations per study. Almost all data visualizations included spatial elements 

(n=19, 90%),30,34–43  about half of the data visualizations contained the patient type person (n=11, 

52%).30,34–38,40,42 None of the data visualizations contained contagious periods (Table 5). Most 

studies did not specify the type of software they used (n=6, 55%),30,34,37–39,41–43 if any, to create 

their visualizations. The following software programs were reported to create data visualizations 

in the eligible articles; (n=5, 45%) AutoCAD,35 QGis,35 Cytoscape,36 PathoSPOT,27 Pajek 4.0930 

and ArcGIS40 (Table 6).  

https://sciwheel.com/work/citation?ids=11829247,11909297,10130099,10446771,11909339,11909308,11909310,11909303,11909292,11909305&pre=&pre=&pre=&pre=&pre=&pre=&pre=&pre=&pre=&pre=&suf=&suf=&suf=&suf=&suf=&suf=&suf=&suf=&suf=&suf=&sa=0,0,0,0,0,0,0,0,0,0&dbf=0&dbf=0&dbf=0&dbf=0&dbf=0&dbf=0&dbf=0&dbf=0&dbf=0&dbf=0
https://sciwheel.com/work/citation?ids=11829247,10446771,11909301,11909339,11909310,11909303,11909292,11909305&pre=&pre=&pre=&pre=&pre=&pre=&pre=&pre=&suf=&suf=&suf=&suf=&suf=&suf=&suf=&suf=&sa=0,0,0,0,0,0,0,0
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 Less frequently utilized elements were non-patient person types  (n=9, 43%), 30,34,36–38,40,42 

case type (confirmed versus suspected)35,37–40,42 (n=6, 29%), time elements (n=9, 

43%),30,34,36,38,39,41,42 and test positive dates (n=5, 24%)34,36–38,42 across data visualizations. Across 

Timelines,36,38 spatial and time elements were always included. Gantt Charts34  contained patients 

and spatial elements. Among the three cluster maps,37,38,43 spatial elements were always utilized. 

Transmission visualizations38,39,42 had a varying degree of included elements, with confirmed 

versus hypothesized pathways (n=2, 67%),38,42 spatial elements (n=2, 67%)38,39 and time elements 

(n=2, 67%)39,42 utilized most frequently. Social network analyses30,40 always utilized patients and 

spatial elements. Spatial proximity visualizations30,40,41 most frequently contained spatial elements 

(n=3, 75%).40,41 Across interaction visualizations36 and heat maps,35 both utilized patients, 

healthcare workers and spatial elements.   

https://sciwheel.com/work/citation?ids=10130099,11909301,11829247,11909292,10446771,11909310,11909308&pre=&pre=&pre=&pre=&pre=&pre=&pre=&suf=&suf=&suf=&suf=&suf=&suf=&suf=&sa=0,0,0,0,0,0,0&dbf=0&dbf=0&dbf=0&dbf=0&dbf=0&dbf=0&dbf=0
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5.0 Discussion 

In this pilot scoping review of 299 eligible articles, 11 studies with 21 data visualizations 

were identified that described clusters of infections in healthcare settings. Across the 21 

visualizations, almost all included spatial elements, half included patients as a person type, and 

none of the data visualizations contained contagious periods. This pilot scoping review showed 

the range of diversity across data visualizations.  While none of the data visualizations analyzed 

in this review incorporated all data elements including test positive date, symptom onset date, time 

elements, transmission pathways, and case type, several types of visualizations incorporated 

multiple elements. This review will assist IPs in selecting data visualizations that are most relevant 

for specific clusters being evaluated in their facilities. 

Significant variability was seen in the data elements included across visualization types. 

With the wide range of data elements included in each of the visualizations analyzed for this 

review, an IP should explore different data visualization types for the specific circumstances to fit 

their cluster to analyze it in the most effective way. This variability also suggests that there could 

be a better data visualization tool developed that is able to incorporate all the elements from the 

21 visualizations analyzed since these types of data elements can be important for investigations 

of clusters.  

 Across all data visualizations, the most commonly used elements were spatial elements 

(n=19, 90%)30,34–43 and patients (n=11, 52%).30,34–38,40,42 The high inclusion frequency of these 

types of data elements may be related to with accessibility and availability of information that 

healthcare facilities typically have. However, it is important to note that to make these types of 

data visualizations, data needs to be readily available and accessible, which can prove to be a 
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limitation if not necessarily collected or specified, such as symptom onset date. This may be a 

reason to integrate electronic medical records with data visualization software to improve 

accessibility and efficiency when attempting to visualize clusters of infections. Especially within 

cluster investigations, it is important to be able to have access to and use spatial and patient data 

to understand how and when a transmission event may have occurred. In the cases of respiratory 

viral transmission and bacterial transmission, understanding where an infected patient is in space 

will determine the types of infection prevention and control measures that should be taken to 

prevent further transmission events from occurring. These types of data, patient information, as 

well as locations of patients/healthcare workers in space, fit into the way in which standard 

outbreak investigations are conducted by IPs. IPs are usually notified of a positive patient, or a 

suspected positive patient, and then can sometimes use a software such as TheraDoc’s bed trace 

to see all the places that the patient has visited in the hospital during their stay and the duration in 

these locations. IPs can also determine symptom onset using electronic medical records and 

through discussions with the patient’s provider.  This is an indication that a standardized data 

visualization tool would need to be aware of the data IPs have readily available to them.  

Within the 21 data visualizations, spatial elements were used 90% of the time and time 

elements were used in 43% of visualizations (n=9, 43%).30,34,36,38,39,41,42 These inclusion 

frequencies have increased from the 15% inclusion of spatiotemporal elements seen in data 

visualizations from 2014.25 The rise in spatiotemporal elements may be due to an increased 

interest in evaluating spatial and temporal relationships between infection clusters in healthcare 

settings. In the case of a SARS-CoV-2 cluster of infections, dates of positive PCR test are used to 

determine when to isolate a patient, how long a patient should be placed in isolation, in order to 

ensure that all healthcare workers are taking proper airborne/droplet precautions when performing 
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care on the patient and when the patient can safely come out of isolation and standard precautions 

can be utilized again. Symptom onset and test positive dates are used when patients are 

symptomatic, and during contact tracing investigations to identify potential exposures to other 

patients or healthcare workers and break the chain of transmission by determining appropriate 

recommendations for mitigation, i.e. self-monitoring for symptoms or quarantine. Being able to 

understand these types of spatiotemporal relationships are especially important with SARS-CoV-

2 transmission to initiate infection prevention and control measures as soon as possible to interrupt 

further transmission. 

One observed pattern that is worth further analysis is the difference between the types of 

visualizations used to analyze droplet versus contact transmission. Bacterial clusters use spatial 

proximity maps and social network analyses more frequently. In contrast, viral clusters used 

timelines, cluster maps, Gantt charts, and transmission maps most often. In addition, many of the 

viral cluster visualizations included patients and healthcare workers while bacterial cluster 

visualizations mostly included patients. Inclusion of both healthcare workers and patients in viral 

cluster visualizations may be due to respiratory pathogens such as SARS-CoV-2 and Influenza A 

having droplet transmission. Especially in the case of SARS-CoV-2, exposures due to poor 

masking place both healthcare workers and their patients at higher risk of respiratory viral 

infection. Test positive dates were depicted more often in SARS-CoV-2 visualizations, as well as, 

in the visualization showing Influenza A transmission which are both respiratory viral infections 

that can spread through droplet transmission. In visualizations depicting SARS-COV-2 

transmission, including test positive dates and symptom onset dates is essential for determining 

exposure times when the case is nosocomial. C. difficile transmission can occur through contact, 

and one of the main concerns is the spread from patient-to-patient rather than patient-to-healthcare 
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worker if contact precautions are not adhered to by healthcare workers. C. difficile and some other 

bacterial infections can be spread through contact with the environment which means that temporal 

associations of these cluster events may be more spaced out compared to temporal associations 

with viral cluster events. Data visualizations used for different infectious pathogens and the data 

elements used to describe the clusters might be based on the mechanisms of transmission of the 

pathogen under investigation. For example, respiratory virus infections cluster events can typically 

be linked to the same time and space as an infected individual due to exposure time and droplet 

transmission, and certain bacterial infection cluster events can be linked to the same environmental 

surfaces or through healthcare worker contact transmission. 

The less frequently used elements in data visualizations were contagious periods and 

symptom onset dates. Symptom onset dates were only used for one SARS-CoV-2 cluster map, 

whereas contagious period was not contained in any of the data visualizations evaluated. Despite 

the additional burden that collection of these elements place on healthcare facilities, symptom 

onset dates and contagious periods should be collected and considered important features in cluster 

transmission visualizations. For contact tracing and the development of hypotheses of 

transmission, these types of elements are essential to fully understand the extent of the transmission 

event. 

For all the visualizations evaluated, only three articles mentioned the type of software used. 

This review provided an overview of the types of elements that data visualizations can display; 

however, due to the lack of software mentioned, it is difficult to fully comprehend how to create 

them.  Even though some data visualizations mentioned the software used, not all are accessible 

or intuitive to use to develop a successful data visualization program if an individual lacks training 

in programs such as R and GIS. Some of the software that was created by researchers to aid in 
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cluster visualization such as DotMapper and HospMapper require specific software knowledge 

and technological limitations such as needing to have the data formatted in a specific way before 

running it through the program. Ideally, software would need to be easily integrated into current 

infection prevention workflow to be an efficient and helpful tool. This software would also need 

to include all necessary elements to understand a cluster without being difficult to interpret or read.  

All of the outbreaks in the articles were described after the outbreak occurred within the 

healthcare facility and infection prevention measures were initiated.  The data visualizations 

contained within these articles illustrated the transmission events and pathways that were already 

known. However, it would be ideal to find a software that is able to generate hypotheses about 

transmission events at the beginning of an outbreak, so that it can aid in an outbreak investigation 

and be used as a resource to prevent further transmission events from occurring. 

5.1 Strengths and Limitations 

A key strength of this paper was the range of bacterial and viral transmission, as well as 

contact and droplet routes of transmission in the visualizations included. The inclusion of articles 

with a variety of both viral and bacterial types of pathogens allow for increased generalizability 

and applicability of this paper to different types of clusters that might be evaluated by IPs in their 

facilities. Additionally, the articles were from a range of countries with varying cluster sizes. 

Finally, to our knowledge this review is the first of its kind evaluating specific data visualization 

elements in the published literature from an infection prevention perspective.  



 

 27 

This review also has limitations. Although not a requirement for inclusion, all studies in 

the initial pilot were from acute care facilities and this initial pilot has a small sample size with 

only 11 articles and 21 data visualizations included. All articles were chosen based on alphabetical 

selection, which was non-random. Therefore, the common elements found in these articles may 

not be generalizable to other healthcare facilities looking to visualize transmission pathways such 

as long-term care facilities, behavioral health facilities, or psychiatric facilities. These types of 

healthcare settings have some distinct differences from acute care facilities and transmission can 

occur differently due to shared common spaces by patients. Although multiple bacteria and viruses 

were included in this pilot, many of the studies depicted SARS-CoV-2 transmission and it is 

possible that the findings of this study are skewed towards features that are important in SARS-

CoV-2 transmission compared to other pathogens that may not be adequately represented in this 

study. Finally, publication bias may have affected the methods of this paper. Healthcare facilities 

may be less likely to publish articles about clusters due to potential concern for negative coverage 

that may impact a facilities’ reputation. Therefore, the selection of articles published describing 

clusters may be limited to larger healthcare facilities compared to smaller ones, or may only 

publish smaller clusters that were well controlled. There may also be publication bias towards 

large academic acute care facilities that usually have more healthcare personnel, more patients and 

more of an ability to publish studies based on the large amount of data that the facility has access 

to. None of the studies included in this review were smaller institutions and so this review has 

underrepresented these types of healthcare facilities and the scopes of outbreaks that can occur 

under a smaller setting. 



 

 28 

5.2 Conclusions 

When looking through the 11 articles describing cluster investigations and analyzing 21 

data visualizations across articles, there was significant variability in the types of data elements 

included in visualizations, and almost all visualizations included spatial elements and most 

contained patients. Overall, the results from this scoping review suggest that there are still many 

inconsistencies and variations across transmission visualizations in the types of data elements that 

are displayed. Reports of cluster investigations should be included in the methods along with a 

clear description of the software and elements included in the data visualization. It would be 

advantageous to conduct a larger scoping review that can analyze more articles to fully 

comprehend the types of elements that should be included in these types of data visualizations 

since this review only analyzed 15% of the original articles returned by the initial search. In 

addition, a data visualization tool should be created to aid in the standardization of visualizations 

to reduce variability and increase efficiency. Finally, the data gathered from these articles will be 

used to inform the creation of a standardized visualization tool that can aid in current SARS-CoV-

2 cluster investigations, with the overall goal of allowing for visualization of other infectious 

pathogen clusters in healthcare settings to reduce nosocomial transmission. By understanding the 

types of common data visualization elements utilized in transmission visualizations, this gives IPs 

a generalized understanding of the types of possible data visualizations and data elements that can 

be included for different infectious pathogens. This pilot study also identifies the need for a 

standardized data visualization that can utilize electronic medical records to allow for the 

generation of hypotheses regarding transmission, and therefore, improve public health and patient 

safety through faster infection prevention and control interventions to interrupt transmission. 
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Appendix A  

Figure 2 PRISMA flowchart of number of articles included in the initial search, articles removed after each 

screening level, and reasons for exclusion 
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Table 3 Characteristics of studies examining clusters of infectious pathogens with data visualizations in 

healthcare settings 
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Table 4 Person type data elements included within each transmission visualization with the total percentage 

of person type present across studies 
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Table 5 Types of data elements included across 21 transmission visualizations grouped by data visualization 

type in the 11 eligible articles reviewed 
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Table 6 Types of Software used for specified data visualizations from Tables 4 and 5 
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