Novel Approaches for Healthcare Outbreak Detection and Investigation

by
Alexander John Sundermann
BS in Microbiology, University of Rochester, 2013

MPH in Infectious Diseases and Microbiology, University of Pittsburgh, 2014

Submitted to the Graduate Faculty of the
Graduate School of Public Health in partial fulfillment
of the requirements for the degree of

Doctor of Public Health

University of Pittsburgh

2022



UNIVERSITY OF PITTSBURGH

GRADUATE SCHOOL OF PUBLIC HEALTH

This dissertation was presented

by

Alexander John Sundermann

It was defended on
March 25, 2022
and approved by

Maria Mori Brooks, PhD
Professor of Epidemiology and Biostatistics, Co-Director, Epidemiology Data Center
Graduate School of Public Health, University of Pittsburgh

Elise M Martin, MD, MS
Associate Medical Director of Infection Prevention and Hospital Epidemiology
School of Medicine, University of Pittsburgh

Mark S. Roberts, MD, MPP
Distinguished Professor of Health Policy and Management
Director, Public Health Dynamics Lab
Graduate School of Public Health, University of Pittsburgh

Dissertation Director: Lee H. Harrison, MD
Professor of Medicine and Epidemiology
Director, Center for Genomic Epidemiology
Graduate School of Public Health, University of Pittsburgh



Copyright © by Alexander John Sundermann

2022
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Alexander John Sundermann, DrPH
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Methods for detecting outbreaks in healthcare settings have remained unchanged for many
years. Often this involves the use of geo-temporal clustering which looks for an increase in the
number of expected infections within a small timeframe in a confined location. This approach
often misses transmission where it did occur and mis-identifies transmission where it did not occur.
Additionally, other routes of potential transmission, such as shared providers or procedures, are
often not considered. These data are readily available within the electronic health record (EHR).
Traditional infection prevention methods often use whole genome sequencing (WGS) at the end
of an outbreak to confirm or refute its presence, referred to as reactive sequencing.

The objective of this dissertation is to create and evaluate the Enhanced Detection System
for Healthcare-Associated Transmission (EDS-HAT), which better detects and investigates
outbreaks compared to traditional infection prevention methods. EDS-HAT combines WGS
surveillance with machine learning (ML) of the EHR. The creation of EDS-HAT was performed
in three steps. First, we performed a systematic review of institutions performing WGS
surveillance and/or machine learning of EHR data to obtain a better understanding of EDS-HAT’s
use and implications. We found that very few institutions were performing WGS surveillance or
machine learning of EHR, yet both had profound impact on outbreak detection and investigation.
Second, we developed and trained a proof-of-concept ML algorithm on past, well-described
outbreaks that occurred at our institution. We found that the algorithm could accurately identify

the correct transmission route on the second patient in all but one outbreak. Lastly, we performed
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two years of WGS surveillance to directly compare to traditional infection prevention practice.
Based on those results, EDS-HAT, if run in real time, could potentially identity otherwise
undetected outbreaks, prevent many infections, save money, and be substantially more effective
than traditional infection prevention practice. Overall, our findings support the use of WGS and
machine learning of the EHR to detect and investigate outbreaks. If implemented in real-time,

EDS-HAT represents a potential paradigm shift in infection prevention to increase patient safety.
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1.0 INTRODUCTION

1.1 HEALTHCARE-ASSOCIATED INFECTIONS

Healthcare-associated infections (HAIs) are an unfortunately common occurrence within
hospitals. The Centers for Disease Control and Prevention (CDC) estimates that one in 31 patients
in any day has at least one HAI! Moreover, HAIs are a source of significant morbidity and
mortality that are preventable.? HAIs in the United States are tracked through the National
Healthcare Safety Network (NHSN) which has created surveillance definitions of what defines a
healthcare-associated infection for the purposes of standardization across healthcare facilities.®
Reporting of HAIs are a requirement of Centers for Medicare and Medicaid Services for facility
reimbursement that are benchmarked by performance.*

In recent years, the CDC and NHSN have shown that there have been significant advances
in infection prevention for reduction in HAIs. However, the COVID-19 pandemic has stopped or
even reversed some of that progress according to recent CDC data.® The increase may be attributed
to the demand on hospital staffing, strict isolate requirements from COVID-19, and cohorting of
critically ill patients.

Sources of HAIs may result from the patient’s flora, environment, contaminated equipment
or medication, or other healthcare providers.® The CDC has created prevention and intervention
recommendations based upon types of infections, the organisms, and mode of transmission.” For
example, central line blood stream infections may be caused by skin flora on the patient which can
enter the body and cause infection during the insertion of a central line. The CDC provides

evidence-based recommendations on the prevention of this by creating a sterile environment,



cleaning the site of insertion, and protecting the dressing for any contamination.® However, some
HAIs may result from outbreaks of contaminated medication or transmission within hospital units
which requires a detailed process of investigation elucidate the cause and intervention to prevent

further spread.’

1.2 HEALTHCARE-ASSOCIATED OUTBREAKS

1.2.1 Detecting and Investigating Outbreaks

An outbreak within a healthcare setting may refer to a sudden increase of infections
compared to what is normally seen in a certain time period.° However, there is no clear guidance
on defining endemic levels of infections and over what time frame. To detect outbreaks,
institutions often rely on using geo-temporal clustering of infections, which utilizes both space and
time aspects. This method looks to see what patients with the same infections have shared unit
location commonalities, often on the same unit. Similarly, the temporal aspect will examine if the
patients are on that unit at the same time. Geo-temporal clustering has strong evidence of
transmission given the potential for the pathogen to be transmitted is high if both the source patient
and susceptible patient are present on the same unit at the same time.

Often, clinicians will see an increase of infections on their hospital unit within a relatively
short time frame. It is then that the clinician may inform infection prevention leadership of a
suspected outbreak or transmission. Similarly, the infection prevention department may utilize

NHSN surveillance definitions as a benchmark and tool for detecting outbreaks of infections.



These surveillance methods give infection prevention departments a relatively loose threshold for
detecting an outbreak. !

Once an outbreak is suspected, the infection prevention department can initiate an outbreak
investigation. This often entails creating a line list of patients, manually reviewing patient charts
for shared commonalities, performing staff interviews, performing audits of clinical practice, and
taking environmental cultures. Once a hypothesis is formed, the infection prevention department
can initiate an intervention, monitor for additional infections, and tailor interventions based on

subsequent cases.

1.2.2 Whole Genome Sequencing

An infection prevention department may choose to perform whole genome sequencing on
bacterial isolates from suspected outbreak patients. This is referred to as reactive whole genome
sequencing, given that the investigation and interventions are often concluded as the sequencing
is being performed. Whole genome sequencing can provide ‘genetic fingerprinting’ by discerning
which isolates are potentially transmitted by looking at genome mutations, or single nucleotide
polymorphisms (SNPs). If two patients have the same organism with a low SNP difference, this
likely indicates that one patient transmitted to the other or there is a common source. Whereas
patients with a high SNP difference may indicate their infections are unrelated, or not transmitted
to each other. Reactive WGS can assist in confirming the initial hypothesis or even by refuting the

presence of a clonal outbreak.



1.2.3 Limitations with Current Approaches

There are many limitations to this current approach of outbreak detection and investigation.
First, the use of geo-temporal clustering can both miss transmission and misidentify
transmission.*? Geo-temporal clustering does not consider alternative transmission pathways such
as shared equipment, procedures, medication, or providers moving throughout the hospital.
Second, relying on the use of NHSN definitions may also miss transmission. These definitions are
meant for surveillance purposes and may miss clinically-defined infections or colonization that do
not meet the full surveillance definition. Lastly, the use of reactive sequencing is limited in its use
given it occurred well after the outbreak started and restricted to only the isolates selected often by

geo-temporal clustering.

1.2.4 Opportunities for Advancement

Decrease costs for the use of WGS has provided an opportunity to proactively use WGS as
a surveillance tool. What was once nearly thousands of dollars for sequencing a single bacterial
isolate can now be done for under $100. The cost lowers the threshold needed to achieve a cost
benefit in preventing infections by whole genome sequencing.

Additionally, of electronic health records and machine learning algorithms have become
more available and broadly used. Historically, patient charts had been kept on paper as a barrier to
large-scale data analysis. Large troves of data are waiting to be analyzed now with the development
and implementation of electronic health records.

Together, these tools could help infection prevention departments overcome the limitations

of current outbreak detection methods. Leveraging the implementation of such a tool would require



a detailed cost-benefit analysis in which the utility would be studied. The purpose of this

dissertation is to analyze that tool.
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MACHINE LEARNING FOR HEALTHCARE OUTBREAK DETECTION AND
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2.1 ABSTRACT

Background: Whole genome sequencing (WGS) has traditionally been used in infection
prevention to confirm or refute the presence of an outbreak after it has occurred. Due to decreasing

costs of WGS, an increasing number of institutions have been utilizing WGS-based surveillance.



Additionally, machine learning (ML) or statistical modeling to supplement infection prevention
practice have also been used. We systematically reviewed the use of WGS surveillance and
machine learning to detect and investigate outbreaks in healthcare settings.

Methods: We performed a PubMed search using separate terms for WGS surveillance
and/or machine learning technologies for infection prevention through March 15, 2021.

Results: Of 767 studies returned using the WGS search terms, 42 articles were included
for review. Only 2 (4.8%) studies were performed in real-time, and 39 (92.9%) only studied one
pathogen. Nearly all (41, 97.6%) studies found genetic relatedness between some isolates
collected. Across all studies, there were 525 outbreaks detected among 2,837 related isolates
(average 5.4 isolates/outbreak). 35 (83.3%) studies only utilized geo-temporal clustering to
identify outbreak transmission routes. Of 21 studies returned using the ML search terms, 4 were
included for review. In each study, ML aided outbreak investigations by complementing methods
to gather epidemiologic data and automating identification of transmission pathways.

Conclusions: WGS surveillance is an emerging method that can enhance outbreak
detection. ML has the potential to identify novel routes of pathogen transmission. Broader
incorporation of WGS surveillance into infection prevention practice has the potential to transform

the detection and control of healthcare outbreaks.

2.2 INTRODUCTION

Whole genome sequencing (WGS) for infection prevention has traditionally been used in
reaction to a suspected outbreak, usually at the end of an investigation to confirm or refute the

outbreak’s presence. In contrast, WGS surveillance of selected healthcare-associated pathogens



regardless of whether an outbreak is suspected can be used to identify outbreaks that are not
detected by traditional hospital epidemiologic methods. High costs and needed infrastructure for
implementation have been historic barriers to widespread use of WGS surveillance. However, the
cost of WGS has fallen, and the expansion of genomic surveillance due to COVID-19 may enable
healthcare institutions to establish WGS surveillance programs for other pathogens. Additionally,
our work and studies from Australia have found cost-benefits to implementing a WGS surveillance
program with effective intervention.®

Although WGS surveillance is effective in identifying transmission, it does not provide
information on the responsible transmission route, which is crucial for interrupting an outbreak.
Traditional epidemiologic methods for identifying where transmission occurs have relied on
geotemporal clustering within the hospital, which is inadequate for identifying more complex
patterns of transmission.***® Automated analysis of electronic health records (EHRS) creates an
opportunity to use machine learning or statistical modeling approaches for determining the
outbreak transmission routes identified by WGS surveillance.*®?° These automated approaches
would assist hospital infection prevention departments by providing systematic methods to
investigate outbreaks and identify transmission routes.

In this systematic review, we provide a summary of prior studies utilizing WGS
surveillance in healthcare settings for outbreak detection, as well as the use of machine learning
and statistical modeling technologies for identifying transmission routes. The purpose of this
review is to summarize the current literature in this field, identify barriers to widespread
implementation, and synthesize current knowledge on this topic to help guide decision-making

about implementation of WGS surveillance.



2.3 METHODS

Two search terms were utilized in PubMed with no beginning date up until March 15, 2021
[Figures 1 & 2]. The WGS surveillance terms “(whole genome sequenc*) AND (surveillance OR
routine) AND (healthcare OR hospital) AND transmission” returned 767 results. Article abstracts
were screened to exclude studies that were solely community-based, non-infection related, utilized
non-WGS methods (e.g., older molecular subtyping methods such as pulsed-field gel
electrophoresis), or only utilized reactive WGS in response to suspected outbreaks. Genomic and
epidemiologic data on organisms, number of isolates sequenced, percent of isolates that were
related, number of outbreaks, and epidemiological links were extracted and summarized. Articles
were excluded if the data were not sufficiently detailed for extraction.

The machine learning search terms utilized were “(“electronic health record” OR
"electronic medical record” OR "artificial intelligence” OR "AlI" OR "ML" OR "model") AND
(outbreak OR transmission) AND (“data mining" OR "machine learning™) AND (infection OR
infectious) AND ("healthcare-associated" OR "hospital-associated" OR "healthcare-acquired" OR
"hospital-acquired™)” and returned 21 results. Article abstracts were screened to exclude infection
prediction and outcome studies. Data on the methodology and findings of outbreak and

transmission detection models were extracted and summarized.

2.4 RESULTS

There were 42 articles on WGS surveillance included in the final review.>17:21-59 Of these

studies, only 2 employed machine learning or statistical modeling to investigate transmission,



which were also captured in the ML search. From 2013-2016, there was only one article per year,
with a substantial increase thereafter [Figure 3]. Most studies were from the United States (12),
United Kingdom (10), Australia (5), Germany (4), Japan (2); China, Denmark, Finland, France,
India, Italy, Netherlands, Spain, Sweden, and Thailand had one study each.

The duration of WGS surveillance varied substantially by study, with a median of 12
months and a range of 1-73 months [Table S1]. Only 2 (4.8%) studies were performed in real-
time; all other studies were performed retrospectively. Thirty-nine and three studies included
single or multiple pathogens, respectively [Table 1]. Staphylococcus aureus was the most
commonly studied organism (12, 28.6%) with four additional organisms present in >2 studies (nine
Klebsiella pneumoniae, seven Clostridioides difficile, six Enterococcus faecium, three
Pseudomonas aeruginosa). Organisms selected for sequencing (e.g., by anatomic site of infection,
multi-locus sequence type, antibiotic resistance phenotype) were diverse across studies.

Criteria for defining genetic relatedness were also highly variable between studies, and
were generally based on the number of single nucleotide polymorphism (SNP) differences between
genomes [Table S1]. Among organisms present in >2 studies, C. difficile had the most consistent
SNP cutoff at 2 SNPs, with one study that used 10 SNPs to identify related isolates [Figure 4]. S.
aureus had the widest distribution of SNP cut-offs, ranging from 7 to 50 SNPs.

An analysis of the proportion of sequenced isolates that were determined to be genetically
related to one another in each study revealed an average of 23.8% of isolates (range 0%-61%).
There were 525 outbreaks detected among 2,837 related isolates (average 5.4 isolates/outbreak).
41 (97.6%) studies found some level of genetic relatedness between the sequenced isolates.

We examined the methods employed to identify the responsible transmission routes for

outbreaks that were detected by WGS. The majority of studies (35, 83.3%) restricted attempts to
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identify transmission routes to the same hospital unit during a defined time period.2:23-3941-50.52-
545659 Only 7 (16.7%) studies examined other possible routes such as medical procedures or
healthcare workers,15-17:224051,55

Several studies were notable for uncovering otherwise unidentified transmissions, which
is the main goal of WGS surveillance. Sullivan et al®® were prompted by an outbreak in a neonatal
intensive care unit (NICU) to retrospectively investigate all MRSA bloodstream infections for 16
months. Their investigation uncovered isolates related to the NICU outbreak from adult patients
in a separate tower. Further investigation revealed shared ventilators between the adult unit and
the NICU, which was believed to have caused transmission. Separately, Roy et al.>? performed
sequencing of influenza A H1N1for 6 months and found that traditional infection prevention
practice falsely identified outbreaks, while WGS surveillance data were able to connect cases that
were previously not believed to be epidemiologically related. Lastly, Berbel Caban et al.? utilized
WGS surveillance of MRSA over two years and found multiple undetected outbreaks within two
New York City hospitals. One cluster of 24 isolates from 16 patients spanned 21 months and nine
different hospital wards with patterns of shared healthcare workers. In this study, the authors
emphasized the limitations of investigating only geo-temporal clustering in outbreak detection and
investigation.

There were 4 articles within the ML search terms included in the final synthesis, 2 of which
overlapped in the WGS surveillance search terms.'”4%6%61 Taple 2 summarizes the methods and
limitations of each study. One study utilized imputation of cultures to model transmission
dynamics from environmental sink contamination, 2 studies used Bayesian methods to model
transmission, and one study combined WHONET and SaTScan tools to detect outbreaks. All of

these studies implemented tools to supplement outbreak detection or investigation, yet each study
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also noted the importance of manual or expert input to further investigate the transmissions or
outbreaks detected. An example of this is the study by Satchel et al®! in which they found 45
outbreaks of which only six were confirmed by IP investigation. Yet the authors state that the tool

helped to streamline investigation efforts which reduced time spent by IP.

2.5 DISCUSSION

In this systematic review, we synthesized studies that demonstrate the utility of WGS
surveillance in finding cryptic outbreaks in healthcare settings. Nearly all studies (97.6%) found
outbreaks, but few (4.8%) utilized machine learning or statistical modeling methods to investigate
transmission routes. WGS surveillance, while uncommon but increasingly utilized, aided infection
prevention practice in these studies by uncovering outbreaks and enabling intervention.

Studies utilizing WGS surveillance have primarily relied on geo-temporal linkage to
identify transmission routes. Restricting investigations to geo-temporal linkage fails to identify
potential transmission by procedures that are performed in areas of the hospital other than patient
nursing units or healthcare workers, as shown in some of the studies in this review. Some studies
stated the limitations of relying solely on geo-temporal parameters for identifying the transmission
route for related isolates. Regardless, WGS surveillance enabled many of these studies to uncover
substantial and significant previously undetected outbreaks that likely impacted patient outcomes
and associated healthcare costs.

The vast majority of studies were retrospective in nature, which limits the potential impact
of WGS surveillance on healthcare epidemiology and infection prevention. If performed in real-

time, IP teams have an opportunity to perform an investigation, such as audit practices, collect
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environmental cultures, and interview staff, which is not possible in retrospective studies. Further,
we found that many studies focused on one pathogen, which is less sensitive for detecting
outbreaks than WGS surveillance of multiple pathogens. It is possible, for example, for a single
transmission route to lead to spread of multiple pathogens.

Substantial investment and infrastructure are needed to establish real-time WGS
surveillance. Healthcare institutions must have appropriate laboratory capacity, bioinformaticians,
and genomic epidemiologists to interpret the data. A recent paper by Parcell et al®? discussed
barriers to instituting a WGS surveillance program for outbreak detection from an economic and
system-wide perspective. Indeed, it is often difficult to prove estimates of cost-effectiveness when
considering prevention interventions, but two studies have demonstrated the cost-effectiveness of
WGS surveillance programs.*31°

We identified very few studies on the utility of ML or statistical modeling methods for
identification of outbreak transmission routes by WGS surveillance. In our experience, ML adds
value in detecting transmission routes that do not involve geotemporal clustering such as invasive
procedures, healthcare workers, and outbreaks separated by units and prolonged in time."1820 The
use of ML in combination with WGS surveillance is clearly an understudied area of healthcare
epidemiology and infection prevention. Barriers such as interoperability of electronic health
records and adoption of WGS surveillance prevent the implementation of such programs.
However, adoption of public health WGS surveillance for COVID-19 may expedite the use of this
technology by healthcare institutions.

The combination of prospective WGS surveillance, EHR data, and ML has the potential
to dramatically transform the paradigm of outbreak detection and investigation for infection

prevention and control by identifying outbreaks quicker and enabling early intervention to halt
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transmission. This approach will both improve patient safety and reduce healthcare costs.

However, healthcare institutional investment into establishing WGS surveillance programs will be

key to expansion and implementation of this approach.

2.6 TABLES AND FIGURES

Table 1. Studies by date, organism and outbreaks detected utilizing WGS surveillance

. No Epi
. . Unique Related | Outbreaks .
Year | First Author Organism(s) Type Isolates (%) Detected IE(:/T;I)(
2021 Meredith*® SARS-CoV-2 299 159 (53.2) 35 35 (22)
2021 | Miles-Jay*¥’ E. coli ST131, H30 126 17 (13.5) 8 9 (52.9)
2021 Rose® S. aureus Methicillin-resistant 56 15 (26.8) 7 7 (46.7)
2020 CBerbezlz S. aureus Methicillin-resistant | 224 | 33 (14.7) 8
aban

2020 Cremers?* S. aureus Methicillin-sensitive 84 40 (47.6) 14 0(0)
2020 Gona* K. pneumoniae 80 39 (48.8) 10 14 (35.9)
2020 | Hammerum K. pneumoniae 103 36 (35) 13 11 (30.6)

E. cloacae 7(111 1 0(
2020 Marmor* - 63 (LD ©

C. freundii . 10 (15.9) 0(0)

. Vancomycin-
48
2020 | Neumann E. faecium resistant 111
2020 | Sundermann?’ P. aeruginosa ST27 882 31(3.5) 10 1(3.2)
. Vancomycin-
16
2020 | Sundermann E. faecium resistant, ST1471 439 10 (2.3) 1(10)
2020 | Tsujiwaki®® S. aureus Methicillin-resistant 57 19 (33.3) 5 0(0)
2019 | Eigenbrod? A. baumannii 39 15 (38.5) 4 5(33.3)
2019 Eyre® C. difficile 299 43 (14.4) 6 20 (46.5)
Garcia- e
2019 | L C. difficile 367 41 (11.2) 6 34 (82.9)
2019 Hall** S. aureus Methicillin-resistant 55 27 (49.1) 12 8 (29.6)
2019 Harada® K. pneumoniae Bloodstream 140 2(1.4) 1 2 (100)
infections

2019 Jakharia3® C. difficile : 45 4 (8.9 2 4 (100)
2019 Kossow?® S. aureus Methicillin-resistant . 8 1 0(0)
2019 Mathur® K. pneumoniae Colistin-resistant 21 8(38.1) 4 0(0)

14




No Epi

. . Unique Related | Outbreaks .
Year | First Author Organism(s) Type Isolates (%) Detected IE;/T,;(
2019 Roy® Influenza A HIN1 36 5(13.9) 2 2 (40)
2019 |  Sherry® | Enterobacteriaceae | Coroapenemase- 291 | 53(18.2) 12 8 (15.1)
producing
2019 | Stenmark®* S. capitis Bloodstream 46 12 (26.1) 6 12 (100)
infections
2019 | Sullivan® S. aureus Methicillin-resistant 141 28(19.9) 4 2(7.1)
. Carbapenemase-
57
2019 | van Beek K. pneumoniae producing, ST512 20 2 4 (20)
2019 Wang®® C. striatum 91 18 (19.8) 6 3(16.7)
S. aureus 953 85 (8.9) 28 65 (76.5)
E. faecium 86 13 (15.1) 9 (69.2)
2019 Ward®® -
P. aeruginosa 118 2(1.7) 2 (100)
K. pneumoniae : 100 0 (0) 0 (0)
2018 Auguet?! S. aureus Methicillin-resistant 610 261 (42.8) 90 13 (5)
2018 Donskey?® C. difficile 66 12 (18.2) 4 4(33.3)
2018 | Houldcroft¥ Adenovirus 43 6 (14) 2 0(0)
. Carbapenemase-
40
2018 Kwong K. pneumoniae producing 86 53 (61.6) 4 10 (18.9)
2018 |  Leong“ E. faecium Vancomycin- 80 10 (12.5) 2 3 (30)
resistant
2018 |  Martin® C. difficile 640 | 227 (35.5) . 69 (30.4)
2018 Wendel®® A. baumannii 36 20 (55.6) 2 2 (10)
2017 Coll® S. aureus Methicillin-resistant 1465 | 785 (53.6) 173 (gg ?8)
2017 Eyre® C. difficile 652 | 128 (19.6) . .
2017 Gorrie® K. pneumoniae . 106 17 (16) 5 0 (0)
2017 |  Raven® E. faecium Bloodstream 203 | 93(31.7) 6
infections
2016 | Elbadawi? K. pneumoniae Carbapenemase- 46 4(8.7) 1 0(0)
producing
S. epidermidis 178 56 (31.5) 10
P. aeruginosa 44 7 (15.9) 3
E. faecium 36 13 (36.1) 3
2015 Roach®0
S. aureus 118 4(3.4) 2
E. faecalis 72 6 (8.3) 3
S. maltophilia 58 2 (3.4 1
2014 Long* S. aureus 305 0 (0) 0 .
e 152
28
2013 Eyre C. difficile 957 333 (34.8) (45.6)
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Table 2. Studies utilizing machine learning or modeling to detect outbreaks or transmission

Machine Learning or

Year | First Author Model Method Utility & Findings Limitations
Aided in targeted environmental
Imputation of clinical cleaning to decolonize plumbing | Requires expert
2018 | Lensing® and environmental systems and reduce the risk of knowledge of plumbing
g cultures to model transmission of carbapenem- system and prior data on
transmission dynamics | resistant Enterobacteriaceae colonization
based upon learned positivity.
. - Assisted in transmission Does not provide
Bayesian transmission . . - o
modeling using modelmg_ of KPC—proQucmg K. specific details in o
2018 | Kwong*® . pneumoniae to determine if sequence of transmission
Markov chain Monte - - A
spread resulted from inter-facility | within a complex
Carlo . - S
or intra-facility transmission. outbreak
Bayesian inference Scanned electronic health record
with case-control and provided statistical output for | Requires robust mapping
2020 | Sundermann®’ | methodology to possible transmission routes of electronic health
describe transmission beyond but including geo- record charge codes
sources temporal clustering.
Utilizes space-time permutation Low positive predictive
2017 | Stachel® WHONET-SaTScan scan statistics to identify potential | value creating a high

outbreaks.

number of “false alarms”
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3.0 MANUSCRIPT 2: AUTOMATED DATA MINING OF THE ELECTRONIC
HEALTH RECORD FOR INVESTIGATION OF HEALTHCARE-ASSOCIATED
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3. Department of Medicine, University of Pittsburgh School of Medicine, Pittsburgh,
Pennsylvania
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3.1 ABSTRACT

Background: Identifying routes of transmission among hospitalized patients during a

healthcare-associated outbreak can be tedious and difficult, particularly for patients with complex
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hospital stays. Data mining (DM) of the electronic medical record (EMR) has the potential to
rapidly identify common exposures among patients suspected of being part of an outbreak.

Methods: We retrospectively analyzed 9 hospital outbreaks that occurred during 2012-
2016 and that had previously been characterized both according to transmission route and by
molecular characterization of the bacterial isolates. We determined 1) the ability of DM of the
EMR to identify the correct route of transmission, 2) when the correct route was identified during
the timeline of the outbreak, and 3) how many cases in the outbreaks could have been prevented
had the system been running in real time.

Results: Correct routes were identified on the eighth patient in one outbreak, and the
second patient in all other outbreaks. Up to 40 or 34 infections (71% or 60% of infections,
respectively) could have been prevented if EMR DM had been implemented in real-time, assuming
initiation of effective intervention within 7 or 14 days of outbreak onset, respectively.

Conclusions: Data mining of the EMR was sensitive for identifying routes of transmission
among patients who are part of the same outbreak. Prospective validation of this approach using
routine whole genome sequencing and data mining of the EMR for both outbreak detection and

route attribution is ongoing.

3.2 INTRODUCTION

Healthcare-associated outbreaks caused by serious bacterial pathogens cause substantial
morbidity and mortality and add to healthcare costs.53* Detection of outbreaks can be difficult in
large hospitals where bacterial transmission may go unnoticed for prolonged periods of time.®

Investigation and control of a hospital outbreak requires identifying the route of transmission
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among patients suspected of being part of the outbreak. This task can be burdensome and labor-
intensive for outbreaks that involve complex patients who have long stays, multiple transfers
within the hospital, and multiple procedures. Multiple transmission routes responsible for hospital
outbreaks have been described and include transmission from environmental contamination;
colonized healthcare personnel; during medical procedures using contaminated devices; and
through contaminated medications, solutions or other medical therapies.®%’

The wide-spread availability of the electronic medical record (EMR) offers the potential to
use automated data mining tools to find common exposures among hospitalized patients during
outbreak investigations. Many relevant epidemiologically-important variables are readily
available in the EMR, including patient location in the hospital, procedures performed, therapies
received, and contact with individual healthcare personnel. Data mining, the process of identifying
patterns in large data sets, has the potential to be useful for identifying common exposures in the
EMR during hospital outbreak investigations. Furthermore, whole genome sequencing (WGS) has
become an increasingly available method that discriminates pathogens at the genetic level 6370
Genomic data from patient bacterial isolates has the potential to aid in the data mining and outbreak
investigation process.” We are developing a system that, in combination with WGS surveillance
of clinical isolates of key hospital-associated bacterial pathogens, prospectively monitors the EMR
to identify potential outbreaks and their routes of transmission. The purpose of this study was to
develop and validate data mining tools to accomplish this goal using well-characterized outbreaks

from 2011-2016 at our institution.
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3.3 METHODS

3.3.1 Study Setting

This study was conducted at the University of Pittsburgh Medical Center-Presbyterian
Hospital (UPMC), an adult medical/surgical tertiary care hospital with 762 total beds, 150 critical
care unit beds, more than 32,000 yearly inpatient admissions, and over 400 solid organ transplants
per year. The UPMC eRecord EMR system has more than 29,000 active users, including more
than 5,000 physicians affiliated with UPMC, and comprises more than 3.6 million unique
electronic patient records. UPMC uses Cerner PowerChart and EpicCare as the backbone of its

inpatient and outpatient EMR systems, respectively.

3.3.2 Characterization of retrospective outbreaks from 2011 to 2016

During the period of 2011-2016, routine infection prevention practice was to notify the
Microbial Genomic Epidemiology Laboratory (MIGEL) of suspected outbreaks caused by
bacterial pathogens so that molecular subtyping could be performed. For each patient suspected of
being included in the outbreak, the bacterial isolate was obtained from the clinical microbiology
laboratory. For Clostridium difficile, which is diagnosed at our institution by culture-independent
diagnostic testing, the nucleic acid amplification test-positive stool specimen was cultured for C.
difficile.

During the study period, our primary method for molecular characterization of bacterial
isolates other than C. difficile was pulsed-field gel electrophoresis (PFGE). To be considered part

of the outbreak, patient isolates had to have 85% band similarity by PFGE. In 2016, whole genome
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sequencing replaced PFGE and a cut-off of < 20 single nucleotide polymorphisms (SNPs) was
used to define genetically related patient isolates.

For identification of the common exposure responsible for individual outbreaks, our
infection prevention team analyzed the medical records of patients included in the outbreak to
identify the responsible routes of transmission (e.g., shared locations/staff, shared
procedures/operations, or shared medications). Some outbreak investigations utilized
environmental cultures to confirm routes of transmission. The transmission route defined by
infection prevention was used as the gold standard for comparison with transmission routes

identified by the data mining algorithm.

3.3.3 Extraction and processing of EHR data for data missing

All inpatient, emergency room, and same day surgery encounters between January 1, 2011
and December 31, 2016 were identified through an electronic medical record data repository that
contains full-text medical records and integrates information from central transcription, laboratory,
pharmacy, finance, administrative, and other departmental databases.”? For each encounter, we
obtained microbiology reports and charge transactions from the data repository. To maintain
patient confidentiality, each patient was assigned a studyid using De-1D software (De-1D Data
Corp, Philadelphia, PA). Criteria were met for exemption from informed consent by the
university’s Institutional Review Board.

Charge transaction data are in the EMR as charge codes. Multiple charge codes can
represent exposure to a single instrument; therefore, charge codes for key procedures (e.g.,
endoscopic retrograde cholangiopancreatography [ERCP] and bronchoscopy) were collapsed into
a single variable group that represented that exposure. For example, ERCP has 8 CPT codes (e.g.,
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43260: ERCP; diagnostic, including collection of specimens. . .; 43261: ERCP with biopsy; 43278:
ERCP; with ablation of tumors. . .) and were all combined into a single variable called “ERCP”,

although each charge code was also analyzed individually.

3.3.4 Data missing of the electronic health record (EHR)

The data-mining program was designed using a case-control approach based upon the
genotyping results using patient EMR data that are non-related to the outbreaks as controls. Case
patients were defined as those who had clinical isolates with the same strain by PFGE or WGS, as
defined above. Controls were patients who were hospitalized during the same time period who did
not test positive for the genetically related bacterial species. Hospital exposures were then
compared for cases and controls.

The data-mining program was run on all 9 previously-identified outbreaks that were
identified by infection prevention at our institution during 2011 - 2016 to determine the sensitivity
of the algorithm for identifying the correct transmission route. The transmission route was deemed
to be ‘correct’ if the route was ranked in the top three possible routes of transmission and/or had
odds ratios >1 with significant p-values. Preventable infections were calculated based upon a
hypothetical 7- or 14-day intervention from the date of the positive culture assuming the data-
mining program had been running in real-time and appropriate interventions were enacted
(removal of contaminated equipment, disinfection of environment, and/or enhanced precautions).
Outbreaks were deemed non-preventable if there were only two isolates in the WGS grouping.

We scored possible common routes of transmission within an outbreak according to the
formula S=aln(a/r)+(r-a)ln(1-a/r)-aln(y), where a is the number of case patients exposed, r is the
number of patients exposed overall (case patients who are part of the outbreak and control patients
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who are not) and vy is a parameter that balances the positive and negative evidence.?® We take y=1e-
4. For a given set of case patients, each patient can be said to have been infected through the
hypothesized common route or by intermediate transmission (i.e. via transmission from another
case patient). If we take 0 to be the unknown probability a patient becomes infected upon exposure
to the hypothetical route and y to be the probability a patient is infected by intermediate
transmission (i.e. by some other means such as patient-to-patient transmission), then the likelihood
of observing a particular set of case patients is proportional to Ob(1-0)r-by-b, where b is the number
of case patients infected by the route. We arrive at the formula S by maximizing this expression in
0, which occurs at 6=b/r, and b, which occurs at either 0 or a. Since b=0 is a degenerate solution,
it is disregarded. The final score is the log of this maximum likelihood.

The score above represents an unnormalized log-likelihood. Since it is not normalized, it
is suitable for ranking routes but not comparable across time as the number of case patient changes.
We therefore estimate an extreme value statistic as the probability a route would score at least as
highly as its observed score under the assumption that the case patients were uniformly randomly
sampled (the null hypothesis). This p-value, is estimated numerically using importance sampling
from the observed data.

Researchers were initially blinded to the true routes of transmission in this analysis.
However, during development of the approach it became clear that this significantly reduced our
ability to identify and correct data-processing and modeling problems. For example, the charge
codes for gastroscope procedures initially were not properly extracted and grouped from the EMR
and therefore could not possibly be identified in the analysis. On review, the correct charge codes
for procedures using gastroscopes were grouped together as described above. The analysis was

rerun and the correct exposure route was identified.
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3.4 RESULTS

The characteristics of the 9 outbreak investigations during the study period are shown in
Table 1. For some investigations, the molecular typing revealed several separate clusters. For
example, for investigation No. 2, there were 2 clusters involving 2 isolates each. For two (22%)
C. difficile outbreaks (Nos. 8 and 9), epidemiologic investigation revealed that transmission
occurred in the nursing units where the patients resided. Three (33%) investigations involved
Klebsiella pneumoniae, one of which represented a polyclonal ERCP-related outbreak (No. 2),3
and one each involved bronchoscopy (No. 3) and gastroscopy (No. 7). Two Acinetobacter
baumanni investigations were determined to have been transmitted in intensive care units (Nos. 1
and 5). One outbreak each of Pseudomonas aeruginosa (No. 4), P. putida (No. 6) were also
considered to involve bronchoscopy as the source.

The data-mining program detected the correct routes of transmission on the eighth patient
of the ERCP outbreaks and all other previous outbreaks on the second positive isolate of each
outbreaks’ respective timeline. For example, for investigation No. 4, Pseudomonas aeruginosa
transmission related to a bronchoscope, the bronchoscopy procedure was detected in 100% of
cases from case two to six (OR=28.7, p=0.02) on the second case (Figure 1). Figure 2 shows
investigation No. 3, Klebsiella pneumoniae transmission related to a bronchoscope. The
bronchoscope is persistently ranked the highest plausible transmission route starting at the second
patient (OR=29.1 p=0.021). Table 1 displays the transmission routes which were both determined
independently by infection prevention and the data-mining program.

Potential infections prevented are shown in Table 1 based upon a 7- or 14-day intervention
period given the delay in plausible intervention with real-time WGS and data-mining analysis. In

total, for the 2011-2016 outbreak requests, potentially 40 or 34 infections (71% or 60% of possible
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preventable infections, respectively) could have been prevented based upon the 7- or 14-day

intervention.

3.5 DISCUSSION

In this study, data mining of the EMR correctly identified transmission routes by the eighth
patient of one outbreak and the second patient in all other eight outbreaks. If run in conjunction
with routine molecular typing, up to 40 infections (71% of possible preventable infections) could
have been prevented, assuming that proper intervention had occurred. Our results provide proof of
concept that automated data mining can correctly identify routes of exposure in hospital outbreak
investigations.

To our knowledge, this is the first reported study that combines molecular typing results
and automated data mining of the EMR in hospital outbreak settings to identify routes of bacterial
transmission. Current infection prevention methods rely on the infection preventionists or other
clinicians to recognize an increased number of infections or geographic clustering of cases.
Outbreaks that involve common hospital pathogens and/or less obvious transmission routes can be
more difficult to detect. This is exemplified by our ERCP outbreak (No. 2), which was only
identified 10 months after it began because it involved a common organism (K. pneumoniae) and
patients admitted to multiple inpatient units after outpatient ERCP.3 Substantial time and labor
must be spent on attempting to identify possible routes of transmission which may include sending
isolates for WGS after the outbreak has already expanded.

There are several potential advantages of automated data mining over traditional

approaches to hospital outbreak investigations. First, the EMR can be rapidly scanned for common
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exposures among patients with complex hospitalizations. Second, automated data mining allows
rapid assessment of the strength of association of suspected exposures. In this study, we
incorporated a case-control study design to identify outbreak transmission routes, which is similar
to the approach that is used in traditional outbreak investigations. We are currently refining this
approach to allow the infection preventionist to easily select and explore the most appropriate
control population within the hospital. For example, to identify the route of transmission during
an outbreak that occurs on a single nursing unit, the most appropriate control population may be
non-outbreak patients on the same unit. Both approaches have the potential to substantially
decrease the number of hours required for outbreak investigations and to allow infection
prevention personnel with limited outbreak investigation expertise to conduct relatively
sophisticated investigations.

Our study and approach have limitations. First, only outbreaks that had been detected by
traditional epidemiologic approaches were included. This limitation could have resulted in missing
other patients with genetically-related isolates who should have been included as cases, thus
leading to both an underestimate of the magnitude of the outbreak and having the patients
incorrectly included in our control population. Despite this limitation, data mining still identified
the correct transmission routes. Second, the intervention delay of 7 or 14 days is based on
hypothetical timelines that considered the time required to perform WGS, analyze data and enact
appropriate interventions (e.g. removing a device from use, targeted environmental cleaning, staff
education). Regardless, a conservative delay of 14 days for effective interventions still
demonstrated 34 potential infections prevented across a relatively small number of outbreaks.
Third, we included a limited number of EMR variables in our analysis. However, in subsequent

iterations we plan to expand the variables that are studied. Finally, automated data mining of the
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EMR does not obviate the need for traditional “shoe leather” epidemiology for outbreak
investigations. Additional efforts will often be required such as culturing of an implicated device
or direct observations of suspected procedures based on the results of this automated approach.
We have recently instituted WGS surveillance of key hospital bacterial pathogens to
enhance outbreak detection in our hospital. If run in real time, routine WGS in combination with
data mining has the potential to identify outbreaks earlier than traditional methods thus preventing
a larger outbreak or, importantly, identify outbreaks that might not otherwise be detected.

Prospective validation of this approach is underway.
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3.6 TABLES AND FIGURES

Table 3. Characteristics of outbreaks. The correct transmission route was identified by the data mining program for all outbreaks

Cluster: Molecular Duration of Transmission Infections Infections
No. Date Organism No. related . transmission prevented: 7 day | prevented: 14
. typing method Route ' . . i
isolates (days) intervention day intervention
1 Feb-12 A. baumannii 3 PFGE 19 Trauma ICU 1 1
A: 28 865 ERCP 20 20
. B: 2 PFGE 3 ERCP 0* 0*
2 Mar-13 K. pneumoniae
C:2 13 ERCP 0* 0*
TOTAL: 36
3 Jun-15 K. pneumoniae 10 PFGE 29 Bronchoscope 5 3
4 Jul-15 P. aeruginosa 10 PFGE 42 Bronchoscope 5 4
5 Aug-15 A. baumannii 5 PFGE 80 Medical ICU 3 2
6 Dec-15 P. putida 3 PFGE 1 Bronchoscope 0 0
7 Apr-16 K. pneumoniae 9 PFGE & WGS 39 Gastroscope 5 3
A2 4 Trauma Floor 0* 0*
o B2 WGS 15 Post Anesthesia o* 0*
8 16-Jun C. difficile Unit
C:2 35 Pulmonology Floor 0* 0*
TOTAL: 6
9 16-Sep C. difficile 4 WGS 67 Medical ICU 1 1
*only 2 isolates; cannot prevent any infections TOTAL: 40 TOTAL: 34

PFGE, pulsed field gel electrophoresis; WGS, whole genome sequencing; ICU, intensive care unit;

ERCP, endoscopic retrograde cholangiopancreatography
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(@) Transmission Route: Bronchoscopy

Days % % 95%

. (4 (] o
s%rr\;:te ( cug\auslztsiv e) Cases Controls Rank p-value OR* Confidence
5608 exposed exposed Interval

18 2 100.0% 3.5% 13 2.20E-02 138 (7, 2884)

22 3 100.0% 3.5% 1 7.70E-04 192 (10, 3732)

30 4 100.0% 3.6% 1 3.20E-05 241 (13, 4486)

37 5 100.0% 3.7% 1 1.20E-06 284 (16, 5143)

39 6 100.0% 3.7% 1 3.80E-08 337 (19, 5995)

41 7 85.7% 3.7% 2 1.70E-07 158 (19, 1314)

43 8 87.5% 3.7% 2 5.80E-09 181 (22, 1478)

*0.5 was added to each cell for comparisons that had a zero cell
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Figure 1. Transmission route ranking for outbreak No. 4: Pseudomonas aeruginosa from a contaminated

bronchoscope
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(@) Transmission Route: Bronchoscopy

Days

singe Cases c % % . i
first (cumulative) ases Controls Rank p-value OR Confidence

exposed exposed Interval

case
1 2 100.0% 3.4% 1 2.10E-02 140 (7, 2930)
19 3 100.0% 3.6% 1 6.50E-04 186 (10, 3600)
20 4 100.0% 3.6% 1 240E-05 241 (13, 4479)
26 5 100.0% 3.8% 1 8.70E-07 280 (16, 5073)
29 6 100.0% 3.7% 1 3.10E-08 337 (19, 5987)
30 7 85.7% 3.7% 2 1.20E-07 156 (19, 1302)

*0.5 was added to each cell for comparisons that had a zero cell
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Figure 2. Transmission route ranking for outbreak no. 3: Klebsiella pneumoniae from a contaminated

bronchoscope
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4.1 ABSTRACT

Background: Most hospitals use traditional infection prevention (IP) methods for outbreak
detection. We developed the Enhanced Detection System for Healthcare-Associated Transmission
(EDS-HAT), which combines whole genome sequencing (WGS) surveillance and machine
learning (ML) of the electronic health record (EHR) to identify undetected outbreaks and the
responsible transmission routes, respectively.

Methods: We performed WGS surveillance of healthcare-associated bacterial pathogens
from November 2016 to November 2018. EHR ML was used to identify the transmission routes
for WGS-detected outbreaks, which were investigated by an IP expert. Potential infections
prevented were estimated and compared to traditional IP practice during the same period.

Results: Of 3,165 isolates, there were 2,752 unique patient isolates in 99 clusters involving
297 (10.8%) patient isolates were identified by WGS; clusters ranged from 2-14 patients. At least
one transmission route was detected for 65.7% of clusters. During the same time, traditional IP
investigation prompted WGS for 15 suspected outbreaks involving 133 patients, for which
transmission events were identified for 5 (3.8%). If EDS-HAT had been running in real-time, 25-
63 transmissions could have been prevented. EDS-HAT was found to be cost-saving and more

effective than traditional IP practice, with overall savings of $192,408 - $692,532.
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Conclusion: EDS-HAT detected multiple outbreaks not identified using traditional 1P
methods, correctly identified the transmission routes for most outbreaks, and would save the
hospital substantial costs. Traditional IP practice misidentified outbreaks for which transmission
did not occur. WGS surveillance combined with EHR ML has the potential to save costs and

enhance patient safety.

4.2 INTRODUCTION

Approaches for healthcare outbreak detection have remained essentially unchanged for
decades.%® When an outbreak is suspected, a method to establish genetic relatedness such as whole
genome sequencing (WGS) may be performed. This approach can miss outbreaks and falsely
identify suspected outbreaks that are refuted by WGS.

Although WGS surveillance has been useful for identifying otherwise undetected
transmission events, identifying the responsible transmission route has had limited success. This
is because investigations have focused primarily on geotemporal clustering which can miss
complex transmission routes.”"

In late 2016 we began development of the Enhanced Detection System for Healthcare-
Associated Transmission (EDS-HAT), which combines WGS surveillance with machine learning
(ML) of the electronic health record (EHR) to detect outbreaks and identify their routes of
transmission.”"® We have found EHR ML useful for transmission routes that cannot be identified

by traditional means.”> 678
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EDS-HAT was run with an at least six-month lag between infection and WGS so that its
performance could be compared to our practice of using WGS in reaction to suspected outbreaks.

We conducted a detailed analysis of EDS-HAT compared to traditional IP practice.

4.3 METHODS

4.3.1 Study Setting

This study was performed at the University of Pittsburgh Medical Center-Presbyterian
Hospital (UPMC), an adult tertiary care hospital with 758 total beds, 134 critical care beds, and
over 400 annual solid organ transplants. An independent chronic care facility with 32 beds is
physically imbedded within UPMC. Transfer of patients between this facility and UPMC is
common. Ethics approval was obtained from the University of Pittsburgh Institutional Review

Board.

4.3.2 Isolate Collection

A description of the outbreak detection process is shown in Figure 1. For WGS
surveillance, we collected select bacterial pathogens isolated from clinical specimens between
November 2016 and November 2018: Acinetobacter species, Pseudomonas species, extended-
spectrum beta-lactamase-producing [ESBL] Escherichia coli, Klebsiella species, Clostridioides
difficile, ESBL Enterobacter species, vancomycin-resistant Enterococcus [VRE], methicillin-

resistant Staphylococcus aureus [MRSA], Stenotrophomonas species, Serratia Species,
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Burkholderia species, Legionella species, Providencia species, Proteus species, and Citrobacter
species. These pathogens were selected because they cause serious infections and healthcare-
associated outbreaks. For Clostridioides difficile, we performed culture of stool specimens that
were culture-independent diagnostic test-positive for C. difficile. Inclusion criteria were hospital
admission or observation >3 days before the culture date and/or a recent inpatient or outpatient

encounter in the 30-days before the culture date.

4.3.3 Whole-Genome Sequencing

WGS was performed on the NextSeq 500 platform (Illumina, San Diego, CA). Reads were
assembled with SPAdes v3.13,% annotated with Prokka v1.14,8! and multi-locus sequence types
(STs) were assigned using PubMLST typing schemes (https://github.com/tseemann/mist).?

Pairwise core genome single nucleotide polymorphisms (cgSNP) differences were

calculated using snippy v4.3.0 (https://github.com/tseemann/snippy) within species STs having >2

isolates. Genetically related clusters were assigned using initial SNP cutoffs using hierarchical
clustering with single linkage.”®’” Based on our experience and the literature,’*7677:83-%0 clysters
were defined as isolates from >1 patient having <15 pairwise cgSNPs for all species except for C.
difficile, for which <5 pairwise cgSNPs were used to identify clusters. For this organism, we
defined clusters as all isolates that were within 0-2 cgSNPs regardless of whether a transmission
route was identified and included cases that were within 3-5 cgSNPs of one another only if we

could identify a statistically significant transmission route detected at 0-2 cgSNPs.
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4.3.4 Extraction and Processing of Electronic Health Record Data

All patient encounters including inpatient, emergency room, and same day surgery were
mined for charge transaction codes, clinical microbiologic data, admission data, discharge data,
and length of stay.” Charge transaction codes were included because they reflect many types of
exposures associated with transmission, such as medical procedures, medical services, and
medications. Data were assigned a unique identification number using De-1D software (De-ID
Data, Philadelphia, PA). The names of healthcare workers who signed clinical notes were also
extracted and de-identified. Procedures with multiple charge codes were aggregated into groups

for transmission route analysis.

4.3.5 Machine Learning Algorithm

A ML algorithm based on point estimates for model parameters and incorporating case-
control methodology was used.”® Case patients were defined as those with clinical isolates that
clustered by WGS as defined above and control patients where all patients who were hospitalized
in the 30-days prior to a case patients’ culture date and did not have a positive result for the
genetically related strain. Only route exposures on or prior to a case patient’s culture date were
considered.

The ML algorithm scores each outbreak by the maximum log-likelihood ratio of observing
the case infections given that exposure to the principal transmission route probabilistically causes
infection over the likelihood of a non-transmission explanation. A constant patient-to-patient
transmission likelihood is added for each case infection not exposed to the principal transmission

route. Empirical p-values are computed by estimating the likelihood of a higher outbreak score
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given that no relationship exists between the case patients. This is done by sampling random sets
of patients of equal size and computing their outbreak score maximized over routes. Importance
sampling is used to improve efficiency of this process. Model parameters were fit using nine
historical outbreaks between 2012-2016, which are separate from the analysis presented in this
manuscript (Table S1). Parameter estimation was accomplished by transforming the outbreak
detection problem into logistic regression as previously described.”"®

Transmission routes for clustered isolates with statistically significant odds ratios (OR)
(p<0.05) from the algorithm for category types (e.g., procedures, locations, and providers)
underwent manual EHR review for accuracy and biological plausibility. The manual EHR review
was performed by an experienced infection preventionist (AJS), who subsequently reviewed the
findings with two senior investigators (LHH and GMS), all who have experience in hospital
epidemiology and outbreak investigation. The purpose of the manual EHR review was to
determine the most likely transmission route predicted by the ML algorithm or investigate routes
of transmission that that were not identified by the algorithm. For some clusters, more than one
transmission route was considered plausible (e.g., transmission from a medical device with

subsequent hospital unit-based transmission).

4.3.6 Clinical and Economic Modeling

Clinical and economic impact analysis was conducted from a hospital’s perspective. The
analysis utilized the transmission network of outbreaks, effectiveness of IP interventions by
transmission route and time needed to implement IP interventions to estimate the expected number
of transmissions under EDS-HAT, based on the method we previously described.”® Since the
effectiveness of IP interventions can decrease with time, we estimated lower and upper impact
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boundaries, with the true value likely between these estimates. For the lower boundary, we
assumed that effectiveness would decline linearly and measured effectiveness from the time when
the IP team first intervened. The effect of subsequent IP interventions that would have been
implemented whenever an additional patient was infected through same route was ignored. For the
upper boundary, intervention effectiveness was assumed to remain constant. For outbreaks with
more than one plausible transmission route, we weighted routes by the OR generated by the ML
algorithm. If any route was missed by ML but detected by manual EHR review, we conservatively
assigned the lowest OR score. Additionally, we performed a downstream cluster analysis to
calculate the number of preventable infections if an intervention based on one outbreak could
potentially prevent another outbreak using the same IP effectiveness parameters. For example, if
EDS-HAT detected an outbreak in a hospital unit and an intervention was implemented,
theoretically that intervention could prevent a subsequent outbreak.

Outcomes were incremental costs per transmission averted, number of readmissions
averted, and lives saved. Probabilistic sensitivity analysis was conducted to assess the impact of
uncertainty in parameter values of EDS-HAT. Data sources are described in Table S2. All costs
were adjusted to 2020 using the medical component of the Consumer Price Index.®! Costs and
benefits were discounted at 3%. Readmissions at 7- and 30-days post-discharge were recorded.
EHR review was performed to ascertain if readmissions were attributable to the infection;

attributable readmissions were incorporated into the economic impact analysis.
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4.3.7 Traditional Infection Prevention Practice

WGS was performed in reaction to IP requests (reactive WGS) for suspected outbreaks.
For the two-year study period, the number of outbreaks detected by EDS-HAT versus traditional

IP practice was determined.

4.4 RESULTS

Of 3,165 clinical isolates that underwent WGS, 2,752 unique patient isolates were clustered
by ST. A total of 297 (10.8%) isolates representing 99 distinct, genetically related clusters ranging
in size between 2-14 isolates were identified (Figure 2, Table 1). 269 (90.6%) of isolates were
from inpatient cultures, 27 (9.1%) were from the emergency room, and 1 (0.3%) was from an
outpatient visit. EDS-HAT detected potential transmission routes for 65 (65.7%) clusters
containing 221 (74.4%) of the related isolates (Table S3). No significant transmission routes were
detected by the EDS-HAT ML algorithm or manual review in the remaining 34 clusters, which
ranged in size from 2-5 patients and contained 76 isolates. A brief description of high-impact or
notable outbreaks and transmission routes detected by EDS-HAT ML is described in Table 2 while

Table S3 describes all outbreaks.

4.4.1 Outbreaks detected by traditional IP practice

During the study period, our IP department requested reactive WGS for 15 suspected and

potentially actionable outbreaks while EDS-HAT was running in parallel (2 A. baumannii, 1
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Burkholderia cepacia, 6 C. difficile, 1 K. pneumoniae 3 S. marcescens, 2 S. maltophilia) involving
133 patients. Of these 15 suspected clusters, 5 (3.8%) patient isolates from 2 clusters (A. baumannii
and S. maltophilia) were found to be genetically related. Of these 5 patients with related isolates,

2 of the transmissions involving A. baumannii were also detected by EDS-HAT.

4.4.2 Clinical and economic impact analysis

EDS-HAT could have prevented 25 (lower bound) to 63 (upper bound) transmissions.
Moreover, 3.1-8.0 fewer 30-day attributable readmissions and 1.6-3.3 fewer deaths would have
occurred had EDS-HAT been running in real time. Under EDS-HAT, the increase in cost of
sequencing would be offset by cost savings in costs of treating infections, resulting in overall cost
savings of $192,408 to $692,532 over the study period. EDS-HAT was found to be a more-
effective and cost-saving program than traditional IP practice by providing savings of $7,745 -
$10,939 for each transmission averted. Based on the lower bound estimates, EDS-HAT remained
cost-saving and more effective in various independent scenarios: when the time needed for
effective intervention was increased to 21 days, proportion of time spent towards outbreak
detection under EDS-HAT was doubled (20%), effectiveness against procedures and healthcare
workers was reduced to 30% (relative risk = 0.7), duration after which IP intervention’s
effectiveness would become zero was reduced to 13 weeks for all transmission routes except
instruments, or the proportion of untreated cases was increased to 70% for respiratory, 50% for
urine, 25% for wound or 10 % for stool. In probabilistic sensitivity analysis, EDS-HAT was cost-
saving and more effective than traditional IP practice alone in more than 88% of simulations in

lower and 99% in upper bound scenarios (Figure 3, Table S4).
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4.5 DISCUSSION

In this study, we demonstrate the value of combining WGS surveillance with ML of the
EHR for enhanced hospital outbreak detection. EDS-HAT detected consequential outbreaks and
transmission routes that were undetected by traditional IP practice, whereas the latter mostly
identified suspected outbreaks that were not confirmed by reactive WGS. Both components of
EDS-HAT are essential: WGS surveillance is used to “connect the dots” between seemingly
unrelated patients to signal an outbreak and ML, in combination with review by an IP expert, then
identifies the responsible transmission route. In our study, we found that 10.8% of sequenced
isolates were related which is in line with other studies of WGS surveillance,303141478387

The results of our clinical and economic impact analysis suggest that, had it been running
in real time, EDS-HAT would be highly cost-saving. The cost of sequencing one bacterial isolate
is low ($70) relative to the high costs of treating a single, potentially-preventable infection (e.g.,
over $24,000 for Pseudomonas pneumonia). Recent budget and clinical impact analyses of WGS
surveillance of multidrug-resistant pathogens in Australia also demonstrated that this approach is
cost-saving.®>% Our analysis showed costs savings despite our conservative modeling assumptions
which included the effectiveness of various types of interventions and the fact that we did not
consider the cost of personal protective equipment and other costs associated with isolation
precautions of patients. By using this conservative approach, we likely underestimated the true
impact and cost savings of EDS-HAT.

The inability to demonstrate transmission routes that do not involve geotemporal clustering
is a serious limitation of previous studies of WGS surveillance for outbreak detection in
hospitals.”®" EDS-HAT overcomes this limitation by incorporating EHR ML.%*° Qutbreaks that

were detected exclusively by EDS-HAT tended to involve common hospital pathogens that lacked
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geographic clustering and had transmission routes that were not readily apparent on manual EHR
review. For example, the interventional radiology VRE outbreak identified a newly discovered
procedural vulnerability, the outbreak of Pseudomonas aeruginosa affirmed known risks of
endoscopy, outbreaks in the chronic care facility highlighted the problem of high risk transmission
in this vulnerable patient population, the outbreak associated with wound care highlighted
operational susceptibilities in the nature of care provided, and the cluster of MRSA associated with
EEG and specific providers shows how EDS-HAT can detect unusual and specific routes.

Implementation of real-time WGS surveillance and ML of the EHR will require investment
in healthcare infrastructure; the results of our economic analysis provide evidence that
implementation can be cost-saving for hospitals that perform reactive WGS. Parcell et al highlight
barriers to implementation and methods for integration into infection prevention practice.%? We
view EDS-HAT as complementary to infection prevention practice because it alerts of possible
outbreaks, which prompts additional investigating and intervention. EDS-HAT requires input from
infection preventionists to evaluate the transmission routes that are generated and determine what
interventions are needed.

There are several limitations to our study. First, it is unlikely that all outbreaks and outbreak
patients were captured in this study, because, for example, some infected patients may not have
cultures taken or cultures may have been negative because of recent antibiotic administration. In
addition, our exclusion of cultures during the first three days of hospitalization likely led us to miss
transmission events. Second, we did not include surveillance swabs, meaning that we likely missed
transmission events for, for example, VRE. Third, the retrospective nature of the study did not
allow us to investigate and confirm potential transmission routes for some of our outbreaks; this

limitation can be alleviated and the potential impact will likely increase when EDS-HAT is run in
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real-time. Fourth, during this two-year evaluation, we had fewer transmissions identified by
traditional IP practice at our institution than usual.”°"*® However, EDS-HAT would likely have
detected any IP-identified outbreak more quickly. Fifth, our economic modeling of real-time
interventions may not reflect true intervention effectiveness and timeliness. However, we adjusted
for both conservative and loose parameters to estimate the true effectiveness in between those
bounds. Sixth, we did not account for potential asymptomatic carriage of urinary and wound
cultures in our model. However, IP would intervene regardless of clinical presentation given it
would aid in interrupting future transmission. In addition, many of these positive cultures are
treated and, therefore, incur costs, whether the treatment is appropriate or not. Finally, we included
only a limited number of pathogens in WGS surveillance because of feasibility and cost and
therefore likely missed outbreaks caused by other pathogens.

Advances in microbial genomics and bioinformatics, digitalization of healthcare data, and
machine learning technology have made enhanced outbreak detection in hospitals feasible. Taken
together, our results suggest that EDS-HAT represents a potential paradigm shift in how outbreaks
are detected in hospitals. If instituted in real time, this approach can reduce healthcare-related costs

and significantly improve patient safety.
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Table 4. EDS-HAT isolates sequenced and attributable readmissions

4.6 FIGURES AND TABLES

Sequenced Attributable Readmissions
Unique Patient | No. Related
Species Collected Clusters 7-day 30-day
Isolates (%)

Acinetobacter species 83 72 12 (16.7) 3 1 1
Burkholderia species 12 12 0(0) 0 0 0
Citrobacter species 126 118 2(1.7) 1 0 0
Clostridioides difficile 558 524 80 (15.3) 21 2 10
Escherichia coli (ESBL) 170 149 10 (6.7) 4 0 1
Klebsiella species (ESBL, not

25 20 0 (0) 0 0 0
pneumoniae)
Klebsiella pneumoniae (ESBL) 111 102 27 (26.5) 8 0 1
Legionella species 1 1 0 (0) 0 0 0
Methicillin-resistant Staphylococcus

425 365 39 (10.7) 18 1 5
aureus
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Sequenced Attributable Readmissions
Unique Patient | No. Related
Species Collected Clusters 7-day 30-day
Isolates (%)

Proteus species 151 140 2(1.49) 1 0 0
Providencia species 14 13 0(0) 0 0 0
Pseudomonas aeruginosa 881 693 31 (4.5 10 2 3
Pseudomonas species (not aeruginosa) 28 27 0(0) 0 0 0
Serratia species 181 173 14 (8.1) 7 1 3
Stenotrophomonas species 127 114 4 (3.5) 2 0 0
Vancomycin-resistant Enterococcus

17 17 0(0) 0 0 0
faecalis
Vancomycin-resistant Enterococcus

247 212 76 (35.8) 24 5 16
faecium
Total 3165 2752 297 (10.8) 99 12 40
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Table 5. High-impact or notable outbreaks detected by EDS-HAT

Outbreak

Details

Vancomycin-resistant Enterococcus faecium
outbreak associated with interventional
radiology (IR) and injection of sterile contrast®

This outbreak involved ten initial patients and was ongoing when it was
discovered. The EDS-HAT ML algorithm identified IR as a significant
transmission route (OR 43.8; p-value <0.01; 95% confidence interval [CI], 5.6 to
346). Nine patients, including three with bacteremia, were identified as having IR
procedures involving unsterile practices in the preparation of contrast. Safe
practices and enhanced environmental cleaning were implemented and no
additional IR-associated infections occurred. Subsequently, transmission of the
outbreak strain occurred among four patients on shared hospital units.

Pseudomonas aeruginosa outbreak associated
with gastroscopy?®

This outbreak comprised six patients housed on different units over seven months.
Two patients had bacteremia, three had pneumonia, and one had a urinary tract
infection. The EDS-HAT ML algorithm detected gastroscopy as a significant
route for four patients (OR 300.6; p-value <0.01; 95% CI, 15.8 to 5690.5) with a
fifth patient who did not have a charge code that reflected the gastroscopy
procedure but who had a clinical note reflecting the procedure that was identified
on manual EHR review. A post-disinfection gastroscope culture performed as part
of routine IP practice was positive for P. aeruginosa; the isolate was sequenced
and belonged to the outbreak, confirming gastroscopy as the responsible
transmission route.

Outbreaks of multiple pathogens at the
imbedded chronic care facility

EDS-HAT ML identified 11 clusters involving 38 patients over 22 months, with a
range 2-9 total patients per cluster; 25 (65.8%) patients had this facility as a
plausible transmission route. Pathogens included C. difficile (6 clusters), K.
pneumoniae (1 cluster), MRSA (1 cluster), P. aeruginosa (2 clusters), and VRE (1
cluster). Three C. difficile patients in three clusters were subsequently transferred
to our institution and had unit-based commonalities with three additional patients
who later developed C. difficile infection suggesting continuing transmission.

Outbreaks of multiple pathogens on an
intensive care unit (ICU)

There were 12 clusters with 57 patients (range 2-14), of whom 28 (49.1%) had a
single ICU stay identified by EDS-HAT ML as the potential transmission route.
Organisms included C. difficile (3 clusters involving 10 patients), K. pneumoniae
(3 clusters involving 16 patients), P. aeruginosa (1 cluster involving 3 patients),
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Outbreak

Details

Serratia marcescens (1 cluster involving 2 patients), and VRE (4 clusters
involving 26 patients).

C. difficile outbreaks associated with wound
care

There were 9 C. difficile clusters, ranging in size from 2-12 patients. Of 52
patients, 29 (55.8%) had wound care service identified as a potential transmission
route, with exposures occurring 1-92 days (mean 16 days, median 9 days) before
the positive test for C. difficile. This consult service involved nurses providing
management of sacral pressure ulcer wounds.

MRSA infections associated with
electroencephalography (EEG)

This cluster consisted of two patients with culture dates separated by 8 days. The
EDS-HAT ML algorithm identified EEG as a transmission route. Manual EHR
review determined that both patients had a bedside EEG performed on the same
day on separate units by the same physician and technician, two and ten days
before positive culture dates.
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Patient with No Further
Clinical Investigation
Culture?
Meet EDS-
No Further
HAT Criteria Investigation
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Expert Infection
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of ML Route(s)

A 4

Manual Review and
Final Adjudication of [4—
Transmission Route(s)

*As described in methods

EDS-HAT: Enhanced Detection System for Healthcare-Associated
Transmission; WGS: Whole Genome Sequencing; ML: Machine Learning;
IP: Infection Preventionist

Figure 3. Flow diagram of the EDS-HAT outbreak detection process, from clinical culture through

adjudication of transmission route(s)
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Figure 4. Cluster network of EDS-HAT isolates sequenced, grouped by bacterial species. The outer circle
shows patient isolates that are not genetically related. The inner circle shows outbreaks of genetically related

isolates as defined by cgSNP cut-offs describe
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Figure 5. EDS-HAT cost-savings and effectiveness plot for estimated lower and upper bound boundaries (see
Methods). Cost-savings of EDS-HAT was examined by estimated costs associated with number of

transmissions averted, using 1,000 simulations in probabilistic s
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5.0 CONCLUSION

5.1 MAJOR FINDINGS

Whole genome sequencing surveillance and machine learning of the electronic health
record has the potential to significantly enhance healthcare outbreak detection and investigation.
The decrease costs of WGS and availability of EHR data has provided an opportunity for
healthcare systems to leverage these data to improve patient safety. The evidence presented in this
dissertation supports its use through multiple analysis: a systematic literature review of the
potential impact of WGS surveillance, a proof of concept design of EDS-HAT, and application of
the tool in our hospital over two years.

The first chapter provides a systematic review of institutions that published on utilizing
WGS surveillance and/or machine learning to investigate and detect outbreaks. The results of the
review conclude that institutions who have implemented WGS surveillance have been able to find
previously undetected outbreaks, better understand transmission dynamics within their facility,
and better estimate the true rates of pathogen transmission. Yet the latter part of the review shows
that not many institutions have significantly leveraged the availability of EHR data to complement
investigations. The combination of these technologies may be superior to using one single
technology alone. The use of WGS surveillance is emerging with more publications each year.
Institutions should look to prepare to or adopt this technology.

The next chapter provided a proof of concept for EDS-HAT by showing WGS and a data
mining algorithm can early detect previously well-described outbreaks at our institution.

Additionally, using past outbreaks that went undetected often for months was vital in the teaching
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the machine learning model. This enabled us to set model parameters for an algorithm that was
based upon well-defined outbreaks for application in a larger analysis.

Lastly, the final chapter evaluated a full-scale implementation of EDS-HAT over a 2-year
period in comparison with traditional infection prevention methods. We found, if implemented in
real-time, EDS-HAT would be highly cost-savings and prevent transmissions and deaths in
patients from HAIs. Moreover, we compared these results to the traditional infection prevention
results which showed superiority in EDS-HAT.

Taken together, the evidence presented in this dissertation strong supports the further
research and possible implementation of WGS surveillance and machine learning of the EHR. This
research is able to depict the clear limitations of traditional infection prevention methods while
showing the utility in new, emerging technologies that can significantly enhance healthcare

institutions’ ability to detect and stop transmission.

5.2 FUTURE DIRECTIONS

A real-time application of EDS-HAT is necessary to fully evaluate its effectiveness in
detecting and stopping the spread of outbreaks. As of the submission of this dissertation, our
institution has started WGS surveillance and is in the process of building a real-time process for
machine learning of EHR data. Our initial findings on the use of WGS surveillance support that of
our two-year analysis findings in that it is able to detect outbreaks at two patients and often when
traditional infection prevention practices has not detected anything. However, a formal analysis of

this approach will entail measuring subsequent cases of the same route in an outbreak after an
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intervention by the infection prevention department. A successful tool will show that outbreaks
can be terminated through interventions on the implicated transmission route.

Large datasets for a real-time application of EDS-HAT will require a graphical user
interface to better interact and explore the data compared to more manual evaluation methods
within this dissertation. The development of such interface will be key to expansion in other
hospitals within a system given the nature of patient movement as well. Other institutions that are
seeking to implement a program like EDS-HAT should consider an interface for evaluation.

This dissertation was performed at one large, academic, tertiary care hospital which results
may not be generalizable to all healthcare settings given the acuity of patients and nature of
invasive procedures. Other institutions should carry out additional studies to independently
conclude their findings of a WGS surveillance tool and/or use of EHR data for outbreak detection.
We will seek to expand EDS-HAT as a real-time tool at our hospital and subsequently to other
hospitals if proven effective in real-time. We aim to evaluate its impact at each hospital, with the
goal of improving patient safety.

EDS-HAT enables institutions to better and more accurately detect outbreaks. However,
often the implemented interventions remain unchanged. For example, when a unit-based
transmission route is suspected, an infection preventionist performs education, hand hygiene
audits, and interview staff. This does not change with detection of highly suspected transmission
via EDS-HAT. Additional studies are being planned to explore the application of targeted
environmental cultures into the workflow of a real-time EDS-HAT program. This approach has
the potential to better detect the exact mechanism of unit-based transmission. For example, if a

unit-based transmission were suspected, and targeted environmental cultures supported
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transmission via a reusable medical equipment, resources could be focused on enhancing cleaning
of that equipment and thus increasing intervention effectiveness.

Additionally, this dissertation has discussed the role and limitations of geo-temporal
clustering as a primary approach for outbreak detection. Often, institutions assume that patients
are only infected and contagious with bacterial pathogens for a short duration (<30 days) after the
initial clinical infection. Therefore, a patient will not be assumed to be a potential source of
infection months after the initial infection. Preliminary EDS-HAT data show that patients can have
repeated infections with the same bacterial strain hundreds of days after the initial infection. This
evidence would refute traditional infection prevention practice and may change approaches for
managing chronically-infected patients to prevent transmission to others. Additional studies in this
topic are being planned as well.

Further, surveillance definitions of infections have been created by the CDC National
Healthcare Safety Network to streamline workflows, standardize across institutions, and track the
overall burden of healthcare-associated infections. Preliminary data from EDS-HAT show that the
National Healthcare Safety Network’s definitions do not capture >50% of transmissions within
our institution. These findings are concerning given healthcare institutions often rely off of these
definitions to track issues as well as for the use of national statistics on the burden of HAIs.
Additional studies are being conducted to fully understand the limitations of these definitions at

our institution that are likely relevant to other healthcare facilities.
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6.0 PUBLIC HEALTH SIGNIFICANCE

Healthcare-associated infections are a global issue that cause high morbidity and mortality.
Many of these HAIs are becoming more resistant to antimicrobials which heightens the need to
detect outbreaks and prevent HAIs. HAIs also contribute to transmission and outbreaks within
healthcare settings. Healthcare institutions often rely on using busy bedside clinicians to detect
suspected outbreaks. After initiation of a suspected outbreak, infection preventionists are then
tasked with a full investigation and the occasional use of reactive WGS. This process is time
consuming and requires a significant allocation of resources. Moreover, oftentimes the conclusion
of these investigations provide no actionable evidence to intervene or even confirmation of
transmission.

Often stated in quality improvement investigations is “it’s how we’ve always done it.”
Healthcare institutions may be significantly underestimating the amount of infection transmission
by continuing to use antiquated approaches for outbreak detection and investigation. Public health
requires institutions to constantly adapt to a changing landscape and new approaches. EDS-HAT
aims provide the knowledge base on the use of emerging, new technologies so that healthcare
institutions can incorporate new approaches for solving problems.

When applying this work to a national or global landscape, it is important to think about a
feasible expansion and rollout to other healthcare institutions. How will underserved areas without
sequencing capabilities apply this program? How do you incentivize healthcare institutions to
actually uncover cryptic transmission and issues in their facilities? How do you create a data
system across multiple centers that could communicate the genomic findings quickly? These are
all questions of public health significance that should be considered. Clearly communication of
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the benefits and providing incentives for healthcare facilities via health policy will be key factors.
Policy makers should highlight the persistent burden that HAIs have set on healthcare facilities
and use this research and others to show a need to shift health policy to preventative measures
rather than reactive. Additionally, further research is needed on the ethical use and implications of
WGS surveillance. Questions should address how to properly counsel patients and healthcare
workers involved in transmission.

In conclusion, the results of this dissertation show the traditional method of outbreak
detection often misidentifies suspected transmission and misses a significant amount of
transmission where it did occur. Adoption of WGS surveillance and EHR machine learning may
be able to help healthcare institutions to alleviate the detection burden from clinicians, provide
more accurate outbreak investigations, reduce the incidence of healthcare associated infections,

and thus improve patient safety.
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Appendix A Tables Whole Genome Sequencing Surveillance and Machine Learning for Healthcare Outbreak 1 Detection and

Investigation: A Systematic Review and Summary

Appendix Table 1. Details of studies utilizing whole genome sequencing surveillance
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on
Ward-
2019 | Eyre No No 6 WGS 2 Geo- C. difficile 299 43 | 144 6 72 20 | 465 | DPased
temporal transmissi
on
Ward-
2018 | Wendel No | No| 12 | misT | NA | S8 | A baumannii 36 | 20 |56 | 2 |100]| 2 |100] Pased
temporal transmissi
on
Not Ward-
Houldcr . Geo- . based
2018 oft No No 66 WGS P(;:(\j“ temporal Adenovirus 43 6 14.0 2 3 0 0.0 transmissi
on
Ward-
2018 | Donskey | No No | 6 WGS 2 Geo- C. difficile 66 12 | 182 | 4 3 4 | 333 | Dbased
temporal transmissi
on
2018 | Leong No No | 36 WGS 10 Geo- E.faecium | vancomyel | g, 10 | 125 2 5 3 | 300 | Ward-
temporal n-resistant based
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Re | Durati Methods # Avg %
uratl Used for Uniq # % # " | #No No | Transmis
First ML/DM/ | al- on Sequence SNP . : #1 - . -
Year Author Model Ti | (Month Method Cutoff Epi ) Organism(s) Type ue Relat | Relat | Clust Clust E_pl Epl sion
s) Connecti Isolat ed ed ers Link Lin Route
me er
ons es k
transmissi
on
Geo- Ward-
temporal K Carbapene based
2018 Kwong Yes Yes 48 WGS 30 ' o mase- 86 53 61.6 4 13.3 10 18.9 -~
procedure | pneumoniae . transmissi
producing
s on
Ward-
2018 | Auguet No | No| 4 WGS 10 Geo- S.aureus | Methicillin-| 610 | 261 | 428 | 90 | 29 | 13 | 50 | Dased
temporal resistant transmissi
on
Ward-
2017 | Gorrie No No | 12 WGS 25 Geo- K. 106 17 | 160 5 34 0 0.0 based
temporal pneumoniae transmissi
on
Ward-
Carbapene
2016 | EMPAW | o | N |4 | PRCES Geo- K. mase- 46 4 | 87 | 1 4 o | oo | Pased
i WGS temporal pneumoniae . transmissi
producing on
Not Bloodstrea
. Geo- K. 100.
2019 Harada No No 4 WGS Provi . m 140 2 14 1 2.0 2 Unknown
ded temporal pneumoniae infections 0
Ward-
Not - Not
. Geo- Methicillin- - based
2019 Kossow No No 6 MLST Provi temporal S. aureus resistant Provi 8 NA 1 8.0 0 0.0 transmissi
ded ded on
Carbapene
van Not Geo- K mase- Not \tl)\;i:ecg
2019 No No 57 cgMLST | Provi - producing, Provi 20 NA 2 10.0 4 20.0 -
Beek temporal pneumoniae transmissi
ded sequence ded on
type 512
Ward-
Geo- e NOt. based
2013 Eyre No No 42 WGS 2 C. difficile 957 333 348 Provi NA 152 45.6 -~
temporal transmissi
ded
on
Ward-
. Geo- e NOt. based
2018 Martin No No 20 WGS 2 C. difficile 640 227 35.5 Provi NA 69 304 -
temporal ded transmissi
on
5 Not
5 epidermidis 178 56 315 10 5.6 Pcli’g(\jll NA \l/)\/arcij_
2015 | Roach No No | 12 WGS 40 eo- ased
temporal b Not transmissi
: i on
aeruginosa 44 7 15.9 3 2.3 Pcli’g(\jll NA
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Re | Durati Methods # Avg %
uratl Used for Uniq # % # " | #No No | Transmis
First ML/DM/ | al- on Sequence SNP . : #1 - . -
Year Author Model Ti | (Month Method Cutoff Epi ) Organism(s) Type ue Relat | Relat | Clust Clust E_pl Epl sion
s) Connecti Isolat ed ed ers Link Lin Route
me er
ons es k
Not
E. faecium 36 13 36.1 3 4.3 Provi NA
ded
Not
S. aureus 118 4 34 2 2.0 Provi NA
ded
Not
E. faecalis 72 6 8.3 3 2.0 Provi NA
ded
s Not
malto . hilia 58 2 3.4 1 2.0 Provi NA
P ded
Geo- Not
2014 Long No No 6 WGS 40 S. aureus 305 0 0 0 0 Provi NA NA
temporal ded
Geo- Bloodstrea Not \é\ggg
2017 Raven No No 73 WGS 23 temporal E. faecium .m 293 93 31.7 6 15.5 Provi NA transmissi
infections ded on
Unit-
Geo- based
temporal, - Not transmissi
2000 | Berbel No No | 24 WGS 15 | procedure | S.aureus | Methicillin- o), 33 | 147 8 41 | Provi | NA on
Caban resistant
S, ded Vascular
providers access
device
Geo- Not Not H(I)Z\e:etlal_
2017 Eyre No No 12 WGS 2 temporal C. difficile 652 128 19.6 Provi NA Provi NA transmissi
ded ded
on
Ward-
Not - Not Not Not
2020 Neuman No No 12 WGS Provi Geo- E. faecium Vancc_)myu 111 Provi NA Provi NA Provi NA baseq .
n temporal n-resistant transmissi
ded ded ded ded on
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Appendix B Tables & Figures: Whole-Genome Sequencing Surveillance and Machine Learning of the Electronic Health

Record for Enhanced Healthcare Outbreak Detection

Appendix Table 2. List of model parameters

Model Parameters
1. Log probability of non-HAT infection: le-4

2. Log probability of within-outbreak transmission by means other than the "route" e.g. secondary transmission pathways patient to
patient: le-2

3. Single nucleotide polymorphism distance: range from 0 to 15
4. Analysis window length: Given an outbreak of isolates, start from 30 days before the first culture date, and end on the last culture date.

Appendix Table 3. Data inputs for clinical and economic modeling

Variable Mean 95% CI? Distribution Source

Effectiveness related parameters

Time between culture date and implementation of IP

intervention under EDS-HAT 9 days 3-17 days Gamma Assumption

Effectiveness (Relative risk) of intervening against transmission routes

Healthcare worker 0.50 0.27-0.85 Lognormal Assumption
Instrument 0.00 Not varied Assumption
Inpatient unit 0.70 0.50 - 0.98 Lognormal [1]
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Variable Mean 95% CI? Distribution Source
Procedure 0.10 0.02-0.34 Lognormal Assumption
Unknown 1.00 Not varied Assumption

Duration of IP intervention °
Healthcare worker 26 weeks 7-57 Gamma Assumption
Instrument Always Not varied Assumption
Inpatient unit 26 weeks 7-57 Gamma Assumption
Procedure 52 weeks 14 -114 Gamma Assumption

% colonized respiratory cultures ¢ 49% 38% - 60% Beta [2]

Attributable mortality risk due to infection
Pneumonia 0.143 0.142-0.145 Beta [3]

Wound 0.028 0.028-0.029 Beta [3]
Urinary tract 0.023 0.023-0.024 Beta [3]
Bacteremia 0.123 0.122-0.125 Beta [3]
Clostridioides difficile 0.030 0.029-0.031 Beta [4]

Risk of 30-day readmission due to infection
Pneumonia 0.100 0.038-0.187 Beta Unpublished data
Wound 0.219 0.127-0.327 Beta Unpublished data
Urinary tract 0.098 0.033-0.192 Beta Unpublished data
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Variable Mean 95% CI? Distribution Source
Bacteremia 0.119 0.041-0.231 Beta Unpublished data
Clostridioides difficile 0.125 0.062-0.205 Beta Unpublished data

Cost related parameters ¢

Annual salary of an IP professional $95,700 $92,315 - $99,086 Normal [5]

Number of IP professionals in IP team
Traditional IP practice 8 Not varied Unpublished data
EDS-HAT 8 Not varied Assumption

% time spent on outbreak investigations
Traditional IP practice 10% 3% - 22% Beta Unpublished data
EDS-HAT 10% 3% - 22% Beta Assumption

Cost of performing WGS per isolate
Traditional IP practice $70 $57 - $84 Gamma Unpublished data
EDS-HAT $70 $57 - $84 Gamma Unpublished data

Number of isolates sequenced per year
Traditional IP practice 129 105 - 155 Gamma Unpublished data
EDS-HAT 1,300 1,058-1,567 Gamma Unpublished data

Cost of treating infection ©f
Klebsiella Pneumonia (J15.0) $21,096 $18,292 - $24,096 Gamma [6]

Pseudomonas Pneumonia (J15.1) $24,301 $22,512 - $26,157 Gamma [6]
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Variable Mean 95% CI? Distribution Source
MRSA Pneumonia (J15.212) $22,700 $21,220 - $24,229 Gamma [6]
Escherichia coli Pneumonia (J15.5) $22,058 $18,027 - $26,490 Gamma [6]
Pneumonia due to VRE (J15.8) $19,021 $16,121 - $22,156 Gamma [6]
Other Pneumonia (J15.6) $13,277 $12,657 - $13,912 Gamma [6]
Wound (T81.4XXA) $16,970 $16,587 - $17,357 Gamma [6]
Urinary tract (N39.0) $7,815 $7,700 - $7,932 Gamma [6]
Bacteremia (R78.81) $13,172 $12,419 - $13,946 Gamma [6]

C. difficile infection (A04.7) $10,457 $10,148 - $10,771 Gamma [6]

@ The 95% CI column represents confidence interval for parameters whose estimates are sourced from published studies, while it represents uncertainty range for parameters (e.g. response time, cost of
sequencing) whose estimates are either assumption-based or sourced from internal data (labelled as unpublished).

P The duration refers to the time at which effectiveness of IP intervention would reduce to zero assuming a linear decline. The effectiveness of interventions on instruments would never decline because
the contaminated instrument would be discontinued from service.

¢ It was assumed that all positive cultures from wound, urine and blood represented infections, while 51% of positive respiratory cultures were assumed infections and remaining 49% were considered
colonized.

4 All costs were adjusted to 2020 using medical component of Consumer Price Index (CPI) obtained from Bureau of Labor Statistics.

¢ ICD 10 codes are provided in parenthesis

f Costs for treating infection on index hospitalization and subsequent HAI-related readmission, when applicable, were assumed same.

Certain variables such as effectiveness against instrument, number of IP professionals in IP team were considered fixed and hence not varied in probabilistic sensitivity analysis.
Abbreviations: EDS-HAT, Enhanced Detection System for Healthcare-Associated Transmission; ICD, International Classification of Diseases; IP, Infection Prevention; MRSA, Methicillin-resistant
Staphylococcus aureus; WGS, Whole genome sequencing
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Appendix Table 4. List of clusters detected by EDS-HAT

Organism

Sequence
Type

Cluster

Size

Days
between
firstand
last case

Mean
Pairwise
SNPs

Unit-
associated
Route

Procedure-
associated
Route

Provider-
associated
Route

Machine Learning
Routes

Manual Review Routes

Comment

Vancomycin-
resistant E.
faecium

1471

14

640

10.6

Yes

Yes

No

Interventional
Radiology
Locations Routes
IV Team

Wound Care

Floor Unit Q

9 of the 10 initial
patients all had
interventional
radiology exposure less
than 21 days prior to
their positive culture.
The subsequent patient
isolates all have
exposures through unit-
based routes, wound
care visits, and IV team
consult visits.

C. difficile

12

729

3.1

Yes

Yes

No

Floor Unit D
Wound Care

Floor Unit Q
Floor UnitJ
ICUF
ICUI
Floor Unit C

There are multiple 1-
unit commonalities
between 2 patient
isolates, but no
trending units among
all patients. Wound
care consult visits (8
patients) was a
common transmission
route.

C. difficile

11

570

6.7

Yes

Yes

No

Floor Unit D
Wound Care
IV Team

ICUA

There were unit
commonalities on Floor
Unit D and one
occasion on ICU A.
Wound care (5
patients) and IV Team
consults (8 patients)
were common.

C. difficile

c2

553

0.0

Yes

Yes

No

Wound Care
1V Team
Speech Therapy

Chronic Care Facility
Floor Unit B

Three patients had
exposure to the Chronic
Care Facility prior to
their positive culture
dates. Wound care (5
patients), speech
therapy (3 patients),
and IV team consults (6
patients) were also
potential routes of
transmission.
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Organism

Sequence
Type

Cluster

Size

Days
between
firstand
last case

Mean
Pairwise
SNPs

Unit-
associated
Route

Procedure-
associated
Route

Provider-
associated
Route

Machine Learning
Routes

Manual Review Routes

Comment

A. baumaunii

498

9.2

Yes

No

Yes

ICUA
Providers

Floor Unit E

Patient 1 has no clear
epidemiological links.
Patients 2, 3, 4, and 8
all have stays on the
same ICU A prior to
their positive culture
with Patient 2 and 3
having overlap on the
unit. There was overlap
for Patient 4, post-
positive culture, on a
general ward unit with
Patient 5. Patients 4, 5,
and 6 all saw one
physician provider
prior to their positive.
Patient 6 saw this
provider at the same
time as another
physician provider
which subsequently
saw Patient 7.

K. pneumoniae

258

613

17.9

Yes

Yes

No

Gastroscopy
EEG
Bronchoscopy

ICUG

Patients 1 and 2 had
shared ICU G stays and
the same gastroscope
used in procedures. The
next 3 patients were on
ICU F housed near
each other. The last 3
patients all had
gastroscopy with the
same gastroscopes.

67




Days

Sequence between Mean Unit- Procedure- | Provider- |\ hine Learnin
Organism 4 Cluster | Size | . Pairwise | associated | associated | associated 9 | Manual Review Routes Comment
Type firstand Routes
SNPs Route Route Route
last case
Allbut Patient 4 had
ICU G exposure and all
but Patients 2-4 had
Floor Unit O exposure,
some with overlap of
positive patients.
Floor Unit O Patients 1 and 3 had the
K. pneumoniae 307 D 7 223 6.4 Yes Yes Yes ICUG Floor Unit O same bronc_hoscope
Bronchoscopy prior to their culture
Providers date. Patients 1, 5-7

had ICU G BALs. All
patients had visits by at
least 1 of 4 ICU G
service line providers
prior to their culture
date.
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Organism

Sequence
Type

Cluster

Size

Days
between
firstand
last case

Mean
Pairwise
SNPs

Unit-
associated
Route

Procedure-
associated
Route

Provider-
associated
Route

Machine Learning
Routes

Manual Review Routes

Comment

P. aeruginosa

241

474

2.7

Yes

Yes

Yes

Floor UnitJ
Gastroscopy
IV Team
Provider

Floor Unit J

There are no known
commonalities for
patient 1. Patient 2 was
on a separate ICU from
Patient 3, however
these ICUs share
respiratory therapy
staff and had the same
provider after Patient
2’s positive culture
date. Patient 2 was on
Floor Unit J after their
positive culture date.
Prior to their positive
culture date, Patient 4
was on Floor Unit J
with Patient 2 as well
as Patient 6 with then
Patient 4. Patients 2, 4,
and 5 all saw the same
physician consult
provider prior to their
positive date
overlapping with
Patients 2 and 4 in the
same time period.
Patients 3 and 5 were
on unit Floor Unit J
prior to their positive
culture. The IV Team
all visited Patients 3, 5,
and 6 prior to their
positive date. Lastly,
Patient 2, after their
positive culture date,
underwent gastroscopy
by a gastroscope which
was then used on
Patient 4 after
reprocessing. Patients 6
and 7 both underwent
gastroscopy with
another gastroscope
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Organism

Sequence
Type

Cluster

Size

Days
between
firstand
last case

Mean
Pairwise
SNPs

Unit-
associated
Route

Procedure-
associated
Route

Provider-
associated
Route

Machine Learning
Routes

Manual Review Routes

Comment

prior to their positive
culture dates.
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Organism

Sequence
Type

Cluster

Size

Days
between
firstand
last case

Mean
Pairwise
SNPs

Unit-
associated
Route

Procedure-
associated
Route

Provider-
associated
Route

Machine Learning
Routes

Manual Review Routes

Comment

C. difficile

222

1.7

Yes

Yes

No

Chronic Care Facility
Wound Care

IV Team

Speech Therapy

ICUD

5 out of 6 patients had
the Chronic Care
Facility as an exposure
with overlapping stays.
Patient 1 also had an
ICU D commonality
with patient 5. Wound
care (4 patients),
speech therapy (4
patients), and IV team
(6 patients) consults
were common among
patients as well.

P. aeruginosa

27

190

6.0

Yes

Yes

No

Gastroscopy
Floor Unit J
ICUH
Bronchoscopy

Floor Unit E

Patients 1-4 all
underwent gastroscopy
with the same
gastroscope A and on
ICU H or Floor UnitJ
prior to testing positive.
Patients 2 and 4 were
roommates on Floor
Unit E prior to Patient
4 testing positive.
Patient 4 subsequently
underwent a
gastroscopy with a
different scope B which
was then used on
Patient 5. There were
no detected
epidemiological links
to Patient 6. Scope A
was subsequently
cultured and positive
for the same strain.
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Days

Sequence between Mean Unit- Procedure- | Provider- |\ hine Learnin
Organism 4 Cluster | Size | . Pairwise | associated | associated | associated 9 | Manual Review Routes Comment
Type firstand Routes
SNPs Route Route Route
last case
Floor Unit H Five patients have unit
. ICUF
Vancomycin- Floor Unit A stays on ICU F. There
resistant E. 18 B 6 565 55 Yes No No - are multiple other unit
- Floor Unit B L -
faecium commonalities ranging
ICUI 2 to 3 patients
ICUG patients.
Vancomycin-
resistant E. 736 B 5 321 7.4 No No No
faecium
All patients were on the
Chronic Care Facility
. - prior to their positive
C. difficile 1 B3 4 6 0.0 Yes Yes No Chronic Care Facility culture dates. Wound
Wound Care -
care visits were also
common among 2 of
the patients.
Patient 1 and 3 share a
common bed exposure
in ICU G. Patients 1
and 4 were both on
Floor Unit D
simultaneously many
times over the cluster
period (post-positive
culture patient 1, pre-
e Floor Unit D positive culture patient
C. difficile 10 A 4 531 5.0 Yes Yes No IV Team ICUG 4) including one

occasion of patient 1
leaving a room and
patient 4 immediately
moving into that room.
IV team visits were
common among
patients 2 and 3 within
20 days to their
positive dates.

72




Days

. Sequence . between Mean Unit Procedure- | Provider- |y, hine Learning .
Organism T Cluster | Size | .. Pairwise | associated | associated | associated Manual Review Routes Comment
ype firstand Routes
SNPs Route Route Route
last case
Floor Unit D There are r_n_ultiple unit
Floor Unit J commonglltles among
o ICUG ) N these patients. Visits by
C. difficile 110 A 4 131 0.5 Yes Yes No - Chronic Care Facility the IV team and the
Peripheral Vascular . .
Lab visits to the peripheral
IV Team vascular lab was )
detected for 2 patients.
3 of 4 patients had
Methicillin- ICUF stays on a shared unit.
resistant S. 105 A 4 120 7.0 Yes Yes Yes IV Team Patients 3 and 4 had
aureus Provider shared exposures to IV
team consults.
Patients 1-3 all share
visits by the IV team.
Vancomycin- ICUA There are ﬁ?'t f
resistant E. 736 A 4 572 13.2 Yes Yes No Floor Unit Q Floor UnitH E?&Tar;?tl(seslcﬂ A
faecium IV Team and Floor Unit H prior
to positive culture
dates.
The first 2 patients
shared Floor Unit M as
- a potential source. The
o C&%ﬂ;gg;:\eﬂ last 2 patients shared
C. difficile 1 | 3 194 0.7 Yes Yes No . both wound care and
Intel_'ventlonal interventional
Radiology radiology suite visits as
a potential transmission
route.
Patients 2 and 3 have
concurrent stays on
ICU A in adjacent
rooms. Patient 1 only
has stays Chronic Care
o ICU A _ Facilit_y. Notably,_ )
C. difficile 54 A 3 41 4.0 Yes Yes Yes IV Team Providers Chronic Care Facility

and ICU A share some
providers. Additionally,
patients 2 and 3 had
visits from the IV team
consults prior to their
positive.
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Organism

Sequence
Type

Cluster

Size

Days
between
firstand
last case

Mean
Pairwise
SNPs

Unit-
associated
Route

Procedure-
associated
Route

Provider-
associated
Route

Machine Learning
Routes

Manual Review Routes

Comment

E. coli

131

261

1.3

Yes

Yes

Yes

Floor UnitJ
ICUH
Gastroscopy
Bronchoscopy
Providers

Patient 1 was on the
ICU H/Floor UnitJ
service line prior to
their positive culture.
Patient 2 was
subsequently also on
ICU H/Floor UnitJ
service line prior to
their positive culture.
There was unit overlap
with Patient 3. Patient 2
and 3 both underwent
gastroscopy with the
same scope prior to
their positive culture
(3, 28 days). All
patients had ICU H
bronchoscopy prior to
their positives. Patients
2 and 3 were both seen
by the same physician
<30 days prior to their
positive date.

E. coli

131

316

8.7

No

No

No

K. pneumoniae

258

406

6.7

Yes

No

No

ICU A
Floor Unit G

Patient 2 was on Floor
Unit G with patient 3
prior to patient 3's
positive culture date.
All patients were on
ICU A Patient 1 was
positive on admit on
ICU A Patient 2 moved
into patient 1’s room as
soon as discharged
from it.

Methicillin-
resistant S.
aureus

105

143

3.3

No

No

No
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Organism

Sequence
Type

Cluster

Size

Days
between
firstand
last case

Mean
Pairwise
SNPs

Unit-
associated
Route

Procedure-
associated
Route

Provider-
associated
Route

Machine Learning
Routes

Manual Review Routes

Comment

P. aeruginosa

186

59

3.3

Yes

Yes

No

Gastroscopy
Interventional
Radiology

ICUG
Floor UnitJ
ICUH

Patient 1, post-positive
culture date, undergoes
gastroscopy. This same
gastroscope is
subsequently used on
patients 2 and 3 prior to
their positive culture
dates. All patients
undergo an
interventional
radiology procedure
prior to their positive.
Patients 2 and 3 have
overlapping stays on
ICU H/Floor UnitJ
with bronchoscopies
performed bedside and
in the operating room
with the same
bronchoscopes.

P. aeruginosa

253

126

14.0

Yes

Yes

No

Gastroscopy
Bronchoscopy
Floor Unit J
ICUH

ICUG

The first 2 patients
share stays on ICU
H/Floor Unit J while
the third patient shares
astay on ICU G with
shared staff. There are
multiple gastroscope
and bronchoscopy
procedures performed
on all patients.

Vancomycin-
resistant E.
faecium

17

157

6.7

Yes

Yes

No

Interventional
Radiology
ICUG

Floor Unit O

Patients 2 and 3 share
stays on Floor Unit O
and ICU G together.
Patients 1 & 2 both
have interventional
radiology procedures
20 days or less to their
positive culture date.

Vancomycin-
resistant E.
faecium

17

274

10.0

No

No

No
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Days

. Sequence . between Mean Unit Procedure- | Provider- |y, hine Learning .
Organism T Cluster | Size | .. Pairwise | associated | associated | associated Manual Review Routes Comment
ype firstand Routes
SNPs Route Route Route
last case
Vancomycin-
resistant E. 18 C 3 609 15.3 No No No
faecium
Vancomycin- .
resistant E. 172 3 278 12.7 No Yes No | IV Team Patients 2 and 3 share
faccium visits by the IV team.
Vancomycin-
resistant E. 203 A 3 415 9.3 No No No
faecium
All patients had stays
onICUGorICUH
which share equipment
and staff. 2 patients had
exposure to the same
operating room the
ICUG same staff. Artificial
Vancomycin- Interventional heart staff visits were
resistant E. 736 F 3 144 8.7 Yes Yes No Radiology ICUH common among these
faecium Operating Room patients. Lastly,
Artificial Heart patients 1 and 3 had
exposure to the
interventional
radiology suite less
than 21 days prior to
their positive culture
date.
Patients 2, post-
Vancomycin- positive, was in an
resistant E. 1471 G 3 57 6.0 Yes No No Floor Unit D adjacent room next to
faecium patient 3 prior to their
positive culture date.
Both patients were on
ICU A aroom apart
I v eV
A. baumaunii 2 E 2 197 13.0 Yes Yes No :S/UTgm ICUA also had Floor Unit'C
and ICU G stays prior
to their positive
cultures.
A. baumaunii 2 D 2 110 0.0 No No No
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Organism

Sequence
Type

Cluster

Size

Days
between
firstand
last case

Mean
Pairwise
SNPs

Unit-
associated
Route

Procedure-
associated
Route

Provider-
associated
Route

Machine Learning
Routes

Manual Review Routes

Comment

C. difficile

122

3.0

No

Yes

Yes

Provider
IV Team

Both patients had visits
by the IV team and by
one physician
performing a nerve
block prior to these
patients’ positive test
dates.

C. difficile

B4

190

4.0

Yes

Yes

No

Floor Unit H
Wound Care

Both patients have
Floor Unit H and
wound care as common
exposures.

C. difficile

B2

218

1.0

Yes

No

No

Floor Unit A

ICUA

Both patients have ICU
A and Floor Unit A
overlap.

C. difficile

709

4.0

Yes

No

No

Floor Unit O

Both patients have
overlapping stays on
Floor Unit O.

C. difficile

403

3.0

Yes

No

No

Outside Hospital Floor A

Patient 1, post-positive
culture, had a stay on
an outside hospital unit
floor that patient 2 was
housed on pre-positive
culture.

C. difficile

15

0.0

No

No

No

C. difficile

191

3.0

No

Yes

No

IV Team

Patients have IV Team
visits 4- and 14-days
prior to patient
positives, respectively,
as a commonality.

C. difficile

24

1.0

Yes

Yes

No

Floor Unit O
Dialysis

Floor Unit A

Both patients had
exposure on 2 units
prior to their positive.
These patients were in
adjacent rooms in one
unit. Further, patient 1
was on the dialysis unit
after the patient's
positive culture date
shortly before patient 2
was on the renal unit
pre-positive culture
date.
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Days

Sequence between Mean Unit- Procedure- | Provider- |\ hine Learnin
Organism q Cluster | Size | .. Pairwise | associated | associated | associated 9 Manual Review Routes Comment
Type firstand Routes
SNPs Route Route Route
last case
C. difficile 13 A 2 272 1.0 No No No
Both patients were
e Chronic Care Facility housed on ICU A and
C. difficile 17 A 2 36 3.0 Yes No No ICU A the Chronic Care
Facility together.
C. difficile 43 B 2 200 1.0 No No No
Both patients were on
the Chronic Care
C. difficile 55 A 2 47 0.0 Yes No No Chronic Care Facility Fac.'llty.W|th the second
patient just 2 days after
the first patient (post-
positive culture) left.
There are 2 common
ICUE units among both
C. freundii 91 B 2 337 4.0 Yes No No . patients, however there
Floor Unit L : .
is a 9-month gap in
between these stays.
E. coli 131 2 114 3.0 No No No
E. coli 131 2 71 15.0 No No No
K. pneumoniae 45 2 569 12.0 No No No
Both patients had
concurrent stays
Floor Unit O o100 6. Both
K. pneumoniae 258 B 2 3 9.0 Yes Yes No ICUG - :
patients had an 1V team
IV Team -
visit 9- and 4-days
prior to their positive
date, respectively.
Both patients were on
the Chronic Care
K. pneumoniae 258 E 2 31 15.0 Yes No No Chronic Care Facility Facility together
leading up to their
positive culture dates.
Both patients had
K. pneumoniae 405 A 2 2 2.0 Yes No No Floor UnitH concurrent exposure on
Floor Unit H.
K. pneumoniae 2943 A 2 36 0.0 No No No
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Days

. Sequence . between Mean Unit Procedure- | Provider- |y, hine Learning .
Organism T Cluster | Size | .. Pairwise | associated | associated | associated Manual Review Routes Comment
ype firstand Routes
SNPs Route Route Route
last case
Methicillin-
resistant S. 5 A 2 1 2.0 No No No
aureus
Methicillin-
resistant S. 5 B 2 323 11.0 No No No
aureus
Methicillin-
resistant S. 5 C 2 242 12.0 No No No
aureus
Methicillin-
resistant S. 5 D 2 5 11.0 No No No
aureus
Methicillin-
resistant S. 5 E 2 108 11.0 No No No
aureus
Both patients had
overlapping stays on
Floor Unit P together.
Methicillin- Both patients also
resistant S. 8 E 2 0 0.0 Yes No No Floor Unit P Operating Room underwent procedures
aureus within the same
operating room. These
procedures had shared
staff.
Both patients have an
Methicillin- operation in 2 operating
resistant S. 8 A 2 4 6.0 Yes No No Operating Room rooms that share a
aureus common preparation
space.
Both patients have
shared unit exposure
together on ICU F.
- Patient 1, post-positive
Methicillin- . -
- Chronic Care Facility culture date, was
res;jtreé:ts S. 8 F 2 58 1.0 Yes Yes No Bronchoscopy ICU F housed on the Chronic

Care Facility with
patient 2. Both patients
also had bronchoscopy
on ICU F.
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Days

. Sequence . between Mean Unit Procedure- | Provider- |y, hine Learning .
Organism T Cluster | Size | .. Pairwise | associated | associated | associated Manual Review Routes Comment
ype firstand Routes
SNPs Route Route Route
last case
Both patients have
stays on separate units.
Both patients
underwent EEG on the
Methicillin- same day which was 2-
resistant S. 8 B 2 8 3.0 No Yes No EEG and 19- aays prior to
aureus the patients’ positive
culture dates.
Additionally, these
EEGs were performed
by the same technician
and the same physician.
Methicillin- Patient 1 was on unit
resistant S. 8 C 2 53 0.0 Yes No No Floor Unit O Floor Unit O 1 month
aureus prior to patient 2.
Methicillin-
resistant S. 8 D 2 163 6.0 No No No
aureus
Methicillin-
resistant S. 8 G 2 186 14.0 No No No
aureus
Methicillin-
resistant S. 8 H 2 53 15.0 No No No
aureus
Methicillin-
resistant S. 8 | 2 310 3.0 No No No
aureus
Both patients have
exposure to Floor Unit
G prior to positives.
Post-positive, patient 1
Methicillin- ) is on ICU_ I and FIc_)or
resistant S. 105 B 2 91 2.0 Yes No No Floor Unit G Floor Unit C Unlt.C prior to patient
aureus ICUI 1 being housed on
these units.
Additionally, patient 1
post-positive is in ICU
I bed 6 which patient 2
later moves into.
Methicillin-
resistant S. 105 D 2 333 14.0 No No No
aureus
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Organism

Sequence
Type

Cluster

Size

Days
between
firstand
last case

Mean
Pairwise
SNPs

Unit-
associated
Route

Procedure-
associated
Route

Provider-
associated
Route

Machine Learning
Routes

Manual Review Routes

Comment

. aeruginosa

116

201

3.0

Yes

No

No

Operating Room

Patient 1, post-positive,
has a procedure in an
operating room. Patient
2, 1-month prior to
their positive culture
date, undergoes a
procedure in the same
operating room with
the same staff.

. aeruginosa

179

13

9.0

Yes

No

No

ICUF

Both patients were
concurrently on ICU F
in adjacent rooms prior
to their positive culture
date.

. aeruginosa

253

30

7.0

Yes

Yes

No

ICU I
Interventional
Radiology

Chronic Care Facility

Both patients unit stays
on ICU 1. Post-positive,
patient 1 moves to the
Chronic Care Facility
with patient 2, pre-
positive. There was
shared exposure to
interventional
radiology procedures
for both patients prior
to their positive culture
dates.

. aeruginosa

260

109

7.0

Yes

No

No

ICUD

Floor Unit |

Both patients were
housed on ICU D and
concurrently Floor Unit
|

. aeruginosa

274

55

5.0

Yes

No

No

ICUD
Operating Room

Both patients were
admitted to the hospital
for urology and trauma
issues. Both patients
underwent multiple
irrigation and
debridement
procedures in the
operating room
utilizing the same staff.
The patients had shared
staff through ICU D.
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Organism

Sequence
Type

Cluster

Size

Days
between
firstand
last case

Mean
Pairwise
SNPs

Unit-
associated
Route

Procedure-
associated
Route

Provider-
associated
Route

Machine Learning
Routes

Manual Review Routes

Comment

P. aeruginosa

1978

134

1.0

Yes

No

No

Chronic Care Facility

Both patients have
concurrent stays on the
Chronic Care Facility.

P. mirabilis

19

23

0.0

Yes

No

No

Floor Unit Q

Patient 1, post-positive,
is roommates for 9-
days with patient 2 on
Floor Unit Q who is
then positive within 2-
weeks.

S. maltophilia

162

46

5.0

No

No

No

S. maltophilia

172

19

12.0

Yes

No

No

ICUC

Both patients are on
ICU C prior to their
positive culture date in
adjacent rooms.

S. marcescens

36

2.0

Yes

No

No

Floor Unit O

Patient 1, post-positive,
is roommates for 4-
days on Floor Unit O
with patient 2 28-days
prior to patient 2's
positive culture date.

S. marcescens

35

11.0

No

No

No

S. marcescens

13

61

4.0

Yes

No

No

ICUH

Patient 1 is has a stay
on ICU H prior to
positive. Patient 1
leaves this ICU H bed,
and Patient 2 moves
into this bed 2-days
later.

S. marcescens

17

13

2.0

Yes

Yes

No

ICUG
Bronchoscopy

Patients are housed in
adjacent rooms on ICU
G.

S. marcescens

19

144

14.0

Yes

No

No

Floor Unit |

Post-positive, patient 1
on unit Floor Unit I. 2-
months later, patient 2
is on this unit 27 days
prior to their positive
culture date.
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Days

. Sequence . between Mean Unit Procedure- | Provider- |y, hine Learning .
Organism T Cluster | Size | .. Pairwise | associated | associated | associated Manual Review Routes Comment
ype firstand Routes
SNPs Route Route Route
last case
Both patients had
gastroscopy with same
gastroscope prior to
S. marcescens 20 A 2 65 3.0 Yes Yes No Floor Unit J the|_r positive date_.
Gastroscopy Patient 1 is on unit
Floor Unit J and 6-days
later patient 2 is on
Floor Unit J.
S. marcescens 21 A 2 19 1.0 No No No
Vancomycin- Both patients are on
resistant E. 17 U 2 469 9.0 Yes No No ICUA ICU A together in
faecium adjacent rooms.
Vancomycin-
resistant E. 17 Q 2 6 15.0 No No No
faecium
Vancomycin-
resistant E. 17 S 2 46 12.0 No No No
faecium
Vancomycin-
resistant E. 17 T 2 24 11.0 No No No
faecium
Both patients were on
separate units. Both
patients underwent
ultrasound-guided
vangumyein- flid collecions for
resistant E. 18 H 2 178 2.0 No Yes No US-guided drain .
faecium these isolates )
sequenced. Patient 1
had 1 colony of VRE
while patient 2 had
“rare” VRE in the
culture result.
Vancomycin-
resistant E. 18 D 2 47 6.0 No No No
faecium
Vancomycin-
resistant E. 412 D 2 24 4.0 No No No
faecium
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Days

. Sequence . between Mean Unit Procedure- | Provider- |y, hine Learning .
Organism T Cluster | Size | .. Pairwise | associated | associated | associated Manual Review Routes Comment
ype firstand Routes
SNPs Route Route Route
last case
Both patients were on
Vancomycin- Floor Unit D leading
resistant E. 736 J 2 103 6.0 Yes No No Floor Unit D up to their positive
faecium culture date in adjacent
rooms.
Both patients were seen
Vancomycin- by the same IV team
resistant E. 736 N 2 71 3.0 No Yes No 1V Team provider 1-day apart,
faecium both prior to their
positive culture dates.
Vancomycin-
resistant E. 736 K 2 58 12.0 No No No
faecium
Both patients have unit
stays on Floor Unit D
Vancomycin- Floor Unit D Tddd:gé:];'” both
resistant E. 1471 O 2 30 3.0 Yes No No ICU I - h dy
faecium Operating Room patlent_s ad an
operating room
procedure the same
operating room.
Vancomycin-
resistant E. 1717 2 250 12.0 No No No
faecium
Both patients are on the
Vancomycin- Chronic Care Facility
resistant E. 1723 2 3 1.0 Yes No No Chronic Care Facility together for over 30-
faecium days prior to their

positive culture dates.
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Appendix Table 5. Clinical and economic modeling results

Traditional IP practice EDS-HAT Change
Lower bound
Number of transmissions 289.0 264.2 24.8 averted
Number of deaths 14.7 13.1 1.6 saved
Number of readmissions 36.8 33.7 3.1 averted
Total costs $4,074,022 $3,881,614 ($192,408)
IP program $152,420 $152,420 $0
WGS costs $17,764 $179,174 $161,410
Treating infections $3,903,838 $3,550,020 ($353,818)
Incremental cost per transmission averted for EDS-HAT = $7,745 saved for each transmission averted i.e. less costly and more effective
Upper bound
Number of transmissions 289.0 225.7 63.3 averted
Number of deaths 147 114 3.3 saved
Number of readmissions 36.8 28.8 8.0 averted
Total costs $4,074,022 $3,381,490 ($692,532)
IP program $152,420 $152,420 $0
WGS costs $17,764 $179,174 $161,410
Treating infections $3,903,838 $3,049,896 ($853,942)

85




Traditional IP practice EDS-HAT

Change

Incremental cost per transmission averted for EDS-HAT = $10,939 saved for each transmission averted i.e. less costly and more effective
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