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CHAPTER |

INTRODUCTION AND LITERATURE REVIEW

Introduction and Study Overview

This PhD Dissertation project had as its objecti\(@} to develop MIASMA, a
potentially open-source Medical Informatics Apptioa for Systematic Microbiological
Alerts that uses recently developed methods (am syndromic surveillance and from
heuristic observations) to detect single-hospitabmeaks of both commonly occurring
and rare bacterial species; (2) to deploy MIASMAhe Vanderbilt University Hospital
(VUH) for use by the Department of Infection Cohtad Prevention; (3) to compare the
alerting timeliness, positive predictive value, aeasitivity of MIASMA to current VUH
infection control practices; and (4) to evaluate thility of MIASMA when used to

supplement current VUH infection control practices.

Literature Review

Context and Definitions

Healthcare-associated infections present a suletardtional burden, affecting
approximately 2 million U.S. patients annually atraie of 5.69 infections per 100
hospital admissions.These infections increase patients’ lengths off stad cause
potentially preventable morbidity and mortalitySuch infections can spread from

patient-to-patient through direct contact (e.ga gkin contact, use of contaminated



instruments, or contaminated injections), via a@)sor via care providersOQutbreaks
are defined as “an increase in occurrence of a Goatipn or disease above the
background rate.* As previously noted, outbreaks can occur as tselref several
different modes of transmission. If multiple sowceithin the hospital exist (e.g.,
inadequate quality control during intravenous lipecement or in subsequent line
management), different patients may acquire varyinigctions from independent
sources. Alternatively, patients may be exposesl shared source, such as contaminated
injectable radiological contrast dye used duringaBive medical imagingFurthermore,

if the infection can spread from patient-to-patjentsingle infected patient can transmit
the contagion to others who may then themselvesimman the chain of transmission.
Figure 1 illustrates these three possible mechanisynwhich an infection can spread.

When these transmissions continue to propagateytmeak results.

Abnormal infection rates that may indicate an oedlr vary widely, since

background rates for infectious diseases can diferatly. A single case of a rare



infection (such as pneumonic plague) may repreaantinderlying outbreak, whereas
dozens of cases of infection with a common patho@eich ask. coli urinary tract
infections) may not. Outbreaks fall into two categs: clonal and non-clonal. A clonal
outbreak occurs when progeny of a single organigreasl to multiple patients. Non-
clonal outbreaks typically occur when infection tohtechniques are suboptimal (e.qg.,
improper hand washing). The resulting infectionsolae higher than usual rates of many
different bacterial species. Non-clonal outbreaks identifiable by detecting overall
increases in infection rates on given hospital sunElonal outbreaks, however, may
remain unnoticed since the increase in infectiopsabsingle rarer species may not
significantly affect the overall infection rate. Maoular fingerprinting techniques that
allow the identification of an organism’s genetioebge based on highly variable
sections of the microbial genome remain the gatdrd for determining the clonality
of bacterial isolates from different patients’ culis of the same specieblevertheless, it
is both more efficient and more cost effectiveitstfscreen for potential clonal outbreaks
by comparing antibiotic sensitivity patterns forclkabacterial species identified by
cultures, since antibiotic sensitivities are roalynordered for therapeutic guidance.
When sensitivity patterns suggest that infectedeptst share a common pathogen,
hospitals then may do more expensive genetic teststermine clonality.

To investigate and control potential outbreaks,pitat infection control staff
confirm existing cases of disease, locate additigm&viously missed cases, and
implement preventive measures to avoid further agbreOutbreak investigation
combines the need to establish clonality of ancimfig agent with the need to discern

pseudoinfections and pseudooutbreaks from “tru¢breaks. Pseudoinfections are when



microorganisms (such as common skin contaminamésept in a stain or culture do not
correspond to a clinical infection. Pseudo-outbsealomprise a cluster of such
pseudoinfections.Though pseudo-outbreaks are typically not importantnvestigate

from a clinical perspective, they may be indicatdfgooor sample collection techniques.

Thus, they are still important to detect and adglres

Computer-assisted healthcare-associated infectamtaring

In the mid 1980’s, Evans and colleagues at LDS Halsn Salt Lake City
developed one of the earliest published systemadtomated detection of healthcare-
associated infections, which also monitored antibioresistance patterns — the
Computerized Infectious Disease Monitor, CIDMo integrate other clinical data with
information from the microbiology laboratory systethe Utah developers incorporated
CIDM into LDS Hospital’'s HELP hospital informatisystem. The CIDM ran daily and
generated a variety of alerts for infection contprsonnel. Overall, the CIDM
demonstrated the future potential of computer-suppo outbreak surveillance: it
detected infections as accurately as infection robrofessionals and made clinically
useful antibiotic selection recommendations.

In the early 1990’s, at Barnes Hospital in St. IlspuKahn et al. developed
GERMWATCHER, a computerized expert system usectea nosocomial infections.
The microbiology laboratory system at Barnes Ha@dpienerated reports in a semi-
structured format, using constrained, seeminglyture’ language that was generated
using a limited terms dictionary. By leveraging thederlying Barnes microbiology

terms dictionary, the researchers could use sinpaittern matching to extract the



structured, standard-format portions of the repwtessary for tracking nosocomial
infections.

Following and building upon the work of such egvlgneers, other investigators
have developed and demonstrated the reliabilitynofe complex systems for tracking
healthcare-associated infectionsSome systems focused on tracking specific orgasmism
(e.g., MRSA ); others on specific infection types (e.g., bldoelsm infections); and
others on more general coverage for nosocomiatiiofes of all types.

Systems with more limited coverage areas for inbest disease surveillance
(e.g., detection constrained to a single hospita@ye greater ability to use clinical reports
to facilitate outbreak detection. For large-regmmrveillance, e.g., cities or states, the
time costs associated with collecting and aggragateports is prohibitive. At the
University of Maryland Medical Center, Wright et developed a rule-based system that
utilized data from clinical reports to help hospitafection control staff to generate
automated “control charts” consisting of a bactesecies, a location, and an optional
antibiotic resistance pattern. The control chaefrtal notified users when characteristic
patterns for specific pathogens were detected, (aigen specific rare or dangerous
organisms were detected, when pathogens had cpetiarns of antibiotic resistances, or
when a targeted pathogen it was isolated on aiedrtspital unit). After configuring
the control charts and analyzing retrospective ,ddi@ program was able to detect a
number of outbreaks that the hospital infectiontcdrieam had previously missed.

Brossette et al. implemented a different outbreaection approach, using data
mining techniques to discover from past institudiboulture results novel association

rules for surveillance. Brossette’s method did not require “pre-existiigfgers that



manually designated what constituted a clinicatiyportant finding. When applying this
method to one year of the local hospitd'seudomonas aeruginosatibiotic sensitivity
results, Brossette’s system found short-term ang-term shifts in resistance patterns.

The World Health Organization (WHO) created WHONIEM, algorithmic set of
tools to perform retrospective analyses and deaingbiotic susceptibility trends!
While the WHONET software package was designed gmilgnto aid in monitoring and
managing antibiotic resistance in collaborativepitas networks, it could also be used
within individual hospitals. However, the WHONET rs®n available as of July 2011
does not yet include automated surveillance toBteviously, a study integrating the
SaTScan cluster detection software with WHONET destrated that standard, manual
outbreak detection techniques missed potenfihigella outbreaks that SaTScan’s
automated techniques caughMore recently, a study used WHONET and SaTScan to
attempt to locate outbreaks within hospitalsThat study again found that
WHONET/SaTScan detected a number of potential eaks that manual infection
control methods failed to find, and that automateethods could potentially provide
helpful guidance to hospital infection control &taf

At Regenstrief Institute in Indianapolis, Kho et mlade use of a city-wide health
information exchange network to facilitate shar@ega on patients with known positive
MRSA cultures. Each individual site maintained a registry of BMMRSA-positive
patients and shared the registry with the othexetharticipating city hospitals through a
standardized interface. After approximately one ryeheir registry-based system
generated 2,698 admission alerts for patients aikmown history of MRSA, with 19%

of alerts arising from data shared by anothertunsbin.



Some commercial products include infection corgigblications that can be used
for hospital-wide microbiological surveillance. Wnfunately, the commercial nature of
such proprietary systems often limits the amouninédrmation that their developers
reveal through peer-reviewed publications. For edamDr. Stanley Pestotnik and
colleagues developed the Theradoc Expert Systetfiofta based on the previously
noted pioneering infection control research at LB&pital. Yet technical details on
Theradoc’s operational algorithms and formal eviadma of that system’s efficacy are
not publically available. Similarly, technical infoation about the MedMined suite
evolved from Dr. Stephen Brossette’s data mininglist is not publically accessible.

A 2010 study deployed and evaluated DiversiLab,ystesn designed to aid
infection control personnel in determining whether cluster of bacterial cultures
represents an outbreak or not. The Diversilab cpubdide simple molecular typing data
for a number of bacterial species, e.g., from sasphken from patients suspected as
victims of an outbreak. DiversiLab readily aided in the identification oftitbreaks of
AcinetobacterS. maltophilia Enterobacter cloacae complekiebsiella andE. coli, but
was less useful foP. aeruginosaE. faecium and MRSA. DiversiLab thus provided a
quick method for confirming some potential outbiedund using epidemiologic data,

allowing infection control staff to act more rapidb stop further spread.

Electronic Syndromic Surveillance Systems
Following the 2001 anthrax attacks in the Unitedt&t , fears of bioterrorism
sparked interest in syndromic surveillance. Syndecasurveillance systems use a variety

of algorithmic approaches to rapidly identify pdiahinfectious disease outbreaks within



large geographic areas (e.g., cities, countiestates). Such systems use pre-clinical data
(e.g., sales records for health-related productechased in pharmacies, or chief
complaints of patients seen in Emergency Roomsjegatl from the relevant geographic
region. A review of syndromic surveillance systewalaations found that most early
developers used purely temporal detection methodshough some later incorporated
spatial components . Algorithms used for detection range from statidticeethods
developed originally for manufacturing process silance to specialized algorithms
devised specifically for syndromic surveillanceSystems such as Pittsburgh’s RODS
system and Harvard’'s AEGIS system have been implemented for statewide
monitoring in Pennsylvania, Utah, and Massachusékis RODS system was used short-
term for monitoring during the 2002 Salt Lake Qifinter Olympics. During that short
time interval, it generated two alerts, though dadtely neither corresponded to a public
health issue. The CDC's BioSense systentan monitor data on a national scale. It has
been applied successfully for a variety of purppsesduding influenza monitoringand

the tracking of health effects of San Diego’s 200idfires.

Most syndromic surveillance systems do not makeofisketailed clinical reports,
such as culture results, because those data ahemgi standard formats nor available
rapidly or widely available enough in electronicrf@at to be able to detect the “leading
edge” of outbreaks in a large aredor example, Eurosentinel, a large manual disease
surveillance project conducted in Europe, was @file to make use of clinical reports
after a weekly update from participating physicians Furthermore, an analysis of the
utility of syndromic surveillance found that thesitove predictive value and specificity

were too low when used with clinical data due te kg time in procuring such data.



Syndromic surveillance methods have been succéssioplied to smaller geographical
regions as well, with one study demonstrating th#itp to detect lower respiratory
infection clusters within an individual city whilesing national retrospective data.

With the maturation of the field of syndromic suilaace, investigators have
recently turned to fine-tuning existing system nmsdMore current studies have focused
on reducing false alarms, optimizing the public health response to survedR
alerts,” standardizing syndrome definitioffsand determining optimal parameters for
frequently used syndromic surveillance algorithms.

Work on specialized syndromic surveillance projdws also expanded. Several
recent studies have tried to detect clusters atiddal diseases and disease groups (e.g.,
influenza,  tuberculosis, and sexually-transmitted illnessgs Others have instead
attempted to determine the environmental causeséidain increases in symptoms,
including high-profile events such as the May 20landic volcanic ash clofd:®®

Since the mid-2000’s, syndromic surveillance alidponi development has focused
primarily on building on Martin Kulldorff's originaspace-time scan statistic (STSS)
developed originally in 199%. Kulldorff and others have continued to improve ithiéial
algorithm and make its spatial search capabilitiese flexible®’°® Others have simply

drawn inspiration from its design and have desigr@dpeting algorithm& "

Background for Current Study
Past approaches to automated methods of hospitalealk detection fall into two
categories: active and passive surveillance. Adiwereillance approaches use decision

support algorithms to automatically inform infectioontrol staff of suspicious infectious



disease patterns that require further attentiossiPa surveillance approaches provide
tools that simply aggregate or display relevanboimfation in a more usable and
manipulable electronic format for infection contrsfaff to review upon their own
initiative, allowing them to better detect interegtpatterns “manually”.

The current study used four algorithms previouglpli@d to regional syndromic
surveillance to serve as screening tools for algtidetecting potential clonal hospital
outbreaks — individually and in combination. Two tiese aberrancy detection
algorithms originated in manufacturing quality aoht cumulative sums (CUSUM) and
exponentially weighted moving average (EWMA). Thbees two came from syndromic
surveillance research: space-time scan statistiS8$ and What's Strange About Recent

Events (WSARE).

Statistical Process Control Algorithms: CUSUM antfidA
Statistical process control originated in 1931, wh&alter Shewhart of Bell

Laboratories first described control chart methodms to monitor manufacturing
processes. Statistical process control algorithms use previdata to estimate future
values, including the mean and reasonable upperl@andr limits. If actual future

measurements fall within the predicted limits, thecess is “under control.” New
measurements that fall outside the calculated obrimits may indicate that a
noteworthy change has occurred in the underlyingcgss. The simplest statistical
process control algorithms set upper and lowertéinas a multiple of the previously

measured standard deviation and plot each new measnt against these limits. While

10



this approach provides a method easy enough tonpdwitually on a graph, it does not
effectively detect small shifts in the mean.

CUSUM, the first algorithm deployed in the curretuidy, is calculated by taking
the cumulative summation of the difference betweanh measured vali2  and the

estimated in-control me g :

m

Sm= Z({‘ — fig)

In a process that is under control, each measuace ¥ should be reasonably
close to the mean (e.g., within 2-3 standard deria). Thus, a plot of each calculated
value of S,, should be centered at zero with smalttélations up or down. When
calculating upper and lower bounds S5,, , methods thcrease the bounds over time
(“V-mask” methods) have historically provided gexasensitivity to small shifts in the
mean and decreased impact from older measuremeisngared to traditional control
charts.”

Another approach to improving Shewhart's originabnitol charts, the
exponentially weighted moving average statistic (#XY, directly incorporates
exponentially decreasing weights applied succelsitee old values, thus providing a
measurement less affected by random noise than GUEWMA is recursively defined

as:

EWMA, = 1Y, + (1 — 2)EWMA,_,

11



where EWMA is the historical mean, Yt is the measurementa t, and is the decay
rate of past measurements, with 0 < 1.72 Atl =1, the EWMA formula matches the
Shewhart control chart formula. Optimhal values vary depending on the problem
domain, but empirically, values between 0.2 andha® provided good performance in
manufacturing®”®

The typical upper and lower bounds for EWMA are iEmto those used in
Shewhart’s control charts, and are giverEWMA, + (ks,ma) wigimdard deviation
Sewma @nd factor k depending on the problem domaiithe value ofl affects the

variance of the EWMA statistic and thus the limés,the estimated variance is given by:

. rA .
S ewma = ( 2 — 3 )5~

LA

where § is the historical variance. Though more diffictdt calculate, EWMA charts
have the benefit of being more sensitive to smiaifitss in the mean than Shewhart’s

control charts while still being easy to interpgeaphically.
Syndromic Surveillance Algorithms: Space-time ssitistic and WSARE

Martin Kulldorff first introduced the space-timeascstatistic in 1997, and later
provided a reference implementation, via the SamSggstem. At that time, most
syndromic surveillance researchers used purely demhpdisease cluster detection
methods, including the algorithms used in statiétisrocess control. The STSS
algorithm incorporates spatial information intodestection as well to attempt to improve

detection over a large geographic area. It us@gestage process. First, STSS searches

12



the study area for the circular region most likielycomprise a disease cluster, assuming
the spread of the disease follows either a Bernmddel or a Poisson model. Second, it
estimates the statistical significance of the eustising Monte Carlo simulation.
Complete details regarding the STSS algorithm apipeiéulldorff's publications.

Many studies have employed STSS with success, dmguthose observing
commonly occurring infectious diseasesmerging infectious diseasesand cancer
incidence.. The STSS approach has played a central role inymegional studies
using WHONET, "  and in a recent study, investigators found thafSsan could
successfully bolster standard infection controtpecas in a hospital setting as well.

As STSS addressed the growing need for incorpgragpatial data, WSARE
addressed the growing need for a cluster detedlgorithm that could incorporate
multidimensional data (e.g., gender, age, and ilmcan addition to disease status).

The WSARE approach first constructs a Bayesian otwnodel based on the problem
domain’s historical data. It then uses the Bayesiatwork to find the single “best”
clustering rule for the given day and estimatesvalpe using Benjamini and Hochberg’s
False Discovery Rate methodo adjust for the multiple hypothesis test®ecause the
underlying Bayesian model can include a node fahedata element, WSARE easily
incorporates multidimensional data. For examplagh& data include gender, zip code,
and influenza diagnoses, WSARE could in theory cted@ increase in influenza across
the study region, an increase in influenza in womegion-wide, or an increase in
influenza in one specific zip code. The primary usfe WSARE has occurred in
conjunction with the RODS public health surveillansystem -- both for temporary

short term monitoring of the 2002 Winter Olympicand for long-term public health
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surveillance of the state of PennsylvanidComplete details of the WSARE algorithm

appear in Wong et al.
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CHAPTER Il

BACKGROUND: THE MICROPARSE SYSTEM AND PROJECT

Overview of MicroParse

The MicroParse project had as its objectives: ¢1provide Vanderbilt University
Hospital (VUH) with computerized tools for monitog microbiological data; (2) to
provide the VUH Infection Control Service with teoko help monitor and track
infection-relevant patient-related data such asucelresults, hospital location, current
orders, and contact precautions status. PriorddvittroParse study, VUH microbiology
data were only available in plain text (i.e., notnhally structured) format from the
microbiology laboratory system as individual cuéiueports or as a single patient’s lab
study results. Clinicians viewed microbiology studssults for a particular patient
through integration of the microbiology-result-caining laboratory system with VUH'’s
electronic health record system (“StarPanel”). Ascevas limited to viewing the text of

one microbiology test report at a time.

Introduction: Development and Validation of MicroBa
Providing VUH with automated tools for monitoringiamobiological data first
required an accurate source of microbiological .dasaof 2005, VUH used a proprietary
microbiology lab system (Triple @ that did not allow access to its underlying dath
thus making direct access to the microbiology datpossible. The plain text reports

supplied by the microbiology lab system to physisigrovided the only easily accessible
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method of output. For computerized tools to make afsthe plain text reports, however,
another tool had to first parse the reports inttoded format. The MicroParse project

aimed to provide the parsing functionality thatatesl structured data outputs.

Methods: Development and Validation of MicroParse

Clinical Setting and Microbiology Data Source

Vanderbilt University Hospital at the time of Midtarse development in 2005
was a 650-bed academic medical facility locatetashville, TN. Its microbiology lab
system processed nearly 20,000 unique microbiotadfyire and test reports per month.
The proprietary software underlying Triplé’ @enerated microbiology reports only in a
human-readable format with variable structure. Trihatle report parsing (by computer
algorithms) to identify pathogen names and otheraratteristics less than

straightforward.
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Description of MicroParse
The project created a parsing program, MicroPdms@yrocess the microbiology

text reports into usable microorganism-related .datathe present time, for purposes of
security, confidentiality, and convenience of datecess, MicroParse runs on the
protected set of machines within the cluster of/eser dedicated to StarPanel, VUH’s
electronic health record system. The StarPanel wamfigured their system to feed the
plain text microbiology reports to MicroParse evet§ minutes. Then, Microparse
processed each new report, and in turn passeditsegdcdata back to StarPanel for

storage.
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MicroParse first decomposes each plain text repad 4 sections: preamble,
Gram stain, culture, and susceptibilities (Figuye The preamble contains information
about the culture result, including the cultureegaty (e.g., blood, CSF, urine), the report
time and date, the report status (i.e., preliminaryinal), and the site from which the
specimen was taken (e.g., arm wound, bone marrBegause the preamble tends to
follow a fairly specific order with common terméiig information is easily recognized
using Perl-compatible regular expressifhEor example, to extract the report’s status,
MicroParse uses:

/Report status:([a-zA-Z |+)/

The Gram stain and culture sections were morecdiffito parse since they more
closely approximated natural language. Howevert team these sections comes
primarily from the dictionary of microbiology termsefined within Triple G (“VUH
Microbiology Thesaurus”) stored within the microloigy lab system. To generate
reports, lab technicians select finding codes basethe results of the test or culture; the
lab system then enters a standardized phrasehatoeport. However, technicians may
also include free text in the reports, and som¢hefphrases share words in common,
making recognition of the original coded terms idifft. Fortunately, unlike most other
data within the microbiology lab system, the midobddigy terms dictionary is externally
accessible. This allowed MicroParse to use an ealieed copy of the VUH
Microbiology Thesaurus as an aid to parsing reports

The susceptibilities section of the textual VUH kbibiology reports contains a

table that, in its top row, indicates an abbrewmatior each isolated bacterium, and on
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subsequent rows, indicated only by column positittine results of testing each
organism’s growth in the presence of various aotits. The antibiotics for which
susceptibilities were tested are named in the {leftmost) column of the table rows
(except the first row). The table columns are galherfixed-width fields, though
complications can arise. For example, the abbrediatames often run together in the
first row and the abbreviations are occasionalbpirsistent (e.g., nonspecific coagulase-
negative staphylococcus can appear with any offférdnt column headings). Without
consistency in the column names, demarcating themobreaks can be difficult. Also,
when the microbiology laboratory provides minimunhibitory concentrations for a
given isolated bacterium, unpredictable changesiroccthe column alignments. When
multiple bacteria grow from a single culture anditlsensitivities are presented as side-
by-side columns in a report, it is often the cdsst hot all organisms were tested against
all antibiotics, so the absence of testing is iathd by blank fields (extra spaces) within
the table columns — further complicating the paysask.

After processing a given culture report, MicroPassared the information in a
MySQL database, also located within the StarParshme cluster. Figure 3 shows an
example of the parsed fields for one of the limeshe report shown in Figure 2. In this
case, MicroParse stored the codd¢8O (“isolated in thio only”) andSTRALP
(“streptococcus alpha”), and labeled their ideadifion status as “final.” The database
then interfaced with StarPanel to provide informatabout organisms identified in the

report to other programs within VUMC.
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Parsing the Gram Stain and Culture Sections

Much of the text found in both the culture and Grsiain sections was drawn
directly from the VUH Microbiology Thesaurus. Foxample, to identify an isolated
bacterium in the culture section, it was commosde a term from the categor@s)ANT

(quantity) and=IDORG(final identified organism) (Figure 3).

L oy report:

Fesiatad in this asly Strsctorsoous alehe Binsl EB

Terms cictionary:

The Thesaurus allowed MicroParse to process thenGtain and culture results.
The Gram stain segment of the report tends to tagbktforward, as nearly all lines
consist of &STAINQTY term followed aSTAINDESCterm, making the parsing process
simple. The culture section often contains more meminformation, however.

To parse the culture section, MicroParse first gsses the VUH Microbiology
Thesaurus into a word trfé MicroParse first breaks each phrase in the tefict®dary
into its constituent words. Starting with the fisgbrd in the phrase, MicroParse then
builds the trie from these words, storing the valattial phrases along with an indication

of where completed phrases end (Figure 4).
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Once MicroParse has created the trie as a refesmaee, it is ready to process

the text in the culture section. The culture seci®split into paragraphs based on line

breaks, and for each paragraph, MicroParse seathhesie for all possible matching

phrases. It then chooses as an encoding the cotabiragf phrases that maximizes the

number of parsed words while minimizing the numblephrases used (see Figure 5). A

placeholder entry in the trielNPARSEDcaptures all phrases MicroParse encounters that

do not have any valid matches in the dictionary.
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MicroParse finds all possible matches to encodedsas within the block of text
and selects the combination of codes that leave$ethiest possible words unparsed and
uses the least number of phrases. In this exarvpt@pParse matches all words using

two codesBOTHGSndGPCCLR

Validation of MicroParse Data Capture Techniques

To confirm that MicroParse properly parsed repartd retrieved the clinically
relevant information from them, the MicroParse pobjunderwent a validation study.
MicroParse retrieved all parsed VUH culture rep@mdsn 3 days for analysis: Saturday,
January 6, 2007, Monday, January 15, 2007, andayridanuary 19, 2007. Project
members also acquired a complete data dump ofiatblmology reports issued on those
three days directly from the microbiology laborgtsystem to confirm that MicroParse
did not incorrectly alter the text of reports orssiany reports.

Taking this information, a computer script matclieed reports to records in the
MicroParse database. Dr. Thomas Talbot, an InfestiDisease expert, reviewed all of
the matched records from the above-mentioned satoptenfirm that the information
stored in the MicroParse database accurately tefleall relevant content found in the

original microbiology lab report.

Extending the MicroParse Database: Non-narrativ&iRe
As MicroParse gradually garnered increasing ushimwiWUH'’s clinical practice,
feedback from infection control staff indicated tthancluding all available

microbiological lab data in the MicroParse databaseild provide a more complete
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picture of hospital infections than just the nawetreports. Clinical project members
reviewed a complete list of all test types that WdH lab system processed and
determined which could be relevant for determinpagients with bacterial, viral, or
fungal infections. These non-narrative results =ted of an HL7 message giving the
test name (e.g., a PCR or DFA test result for @iipgathogen), internal test ID code,
and a test result. Project members reviewed pastitsefor each of the test types to
determine how to identify a positive or negativesule for each individual test and
constructed Perl-compatible regular expres$iiusidentify them. Project members then
updated the VUH Microbiology Thesaurus to includeliional non-“official” codes for
positive and negative non-narrative results, all@uiisers of the MicroParse database to
retrieve parsed results from non-narrative reportthe same format as the narrative

reports.

Results: Development and Validation of MicroParse
As of July 2011, MicroParse handled approximate§50 VUH microbiology
reports per day. It is able to process and stqrerte at a peak rate of approximately 150
reports per second, yielding a theoretical limiogér 10,000,000 reports per day. As of
July 18, 2011, the MicroParse database contain@dndlion reports, using 2.4GB of
disk space. During the validation study of Micras®arthe expert reviewer, Dr. Talbot,
found parsing errors with 17 reports out of 1,88&@ewed reports (0.9%), with 11 errors

being immediately fixable and promptly correctedgrgcally.
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Discussion: Development and Validation of Microfars

Principal Findings of the MicroParse Validation &tu
During its validation study, MicroParse performeeliwMicroParse processed
and stored reports very quickly and scales welhaf/¢he number of reports processed
by VUH increases significantly. Most of the isswe@gountered by the expert reviewer
took little effort to fix. The problem with linkingeports based on free text references
within one of the reports presented a more diffimbstacle. It would require more
sophisticated parsing techniques to potentiallyaettthe information contained in the

references (e.g., “E coli — sensitivities same astmecent previous culture”).

Institutional Use of MicroParse

MicroParse has provided VUH clinicians and inforiwians with new
opportunities. Early pilot MicroParse applicatiomojects included an MRSA/VRE
tracking dashboard and automated antibiogram ggoeraapabilities. MicroParse has
also provided a number of investigational studied @eal-time monitoring systems with
microbiology result data that would have previoustguired manual electronic chart
reviews, enabling previously costly and time-consunactivities to be automated.

The VUH Enterprise Data Warehouse also has receiad in near real-time
from MicroParse. This has further allowed othetitngonal projects to take advantage
of the MicroParse dataset. The largest such projemmed VIPER, provides VUH

infection preventionists with a summary of all noliological findings in the hospital
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with the option to review more thoroughly data etevant on individual organisms or

patients.

MicroParse Post-validation Problems

Though the initial validation study found few prebis with MicroParse’s parsing
techniques, over time, other issues became appdreatnew issues largely arose from
the lab system’s dynamic nature. Since the vabdastudy in 2007, the lab system has
seen many changes, including a large update framrsybtem’s vendor, which required
some changes to the parsing process. In additioi] Yab technicians sporadically add
new entries to the VUH Microbiology Thesaurus, nfipdne names of antibiotics within
the system, or modify the organism “short name&dus the Susceptibilities section of
the narrative reports. Such changes lead to incoparses or incorrect linkages by
MicroParse across reports on organism names driaints if MicroParse is not kept up
to date.

Furthermore, project members added an organisninggable to the MicroParse
database mapping VUH Microbiology Thesaurus term$dcterial, viral, and fungal
species. This table allowed users to search fortip@r negative reports for specific
organisms. However, occasional free text reporteeports from external labs imported
into the VUH lab system can cause MicroParse tongisodeclare a positive finding
when there is none. For example, without addingtadal entries to the Microbiology
Thesaurus, MicroParse would process the phraseativegfor Bordetella pertussisas
the codeNEGATIVE UNPARSED(for) andBORDPHEBordetella pertussjsand a later

search for positive reports fd@. pertussiswould incorrectly retrieve this report. This
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problem could be addressed with more sophisticaéddral language processing (NLP)
techniques. However, as it is a relatively rareessadding NLP could potentially cause
new unforeseen problems.

Lastly, though adding the previously mentioned narrative tests has benefited
MicroParse’s users, the list of tests, the assedipbsitive/negative regular expressions,
and the dummy Thesaurus entries all require upglatirer time as new tests become
available to clinicians to keep MicroParse from simg relevant organism data. This
creates a minor technical issue since a clinical gst to update the table would struggle
with constructing the regular expressions and édrtieal user would struggle with
identifying the new tests that require inclusianalso creates an organizational issue in
maintaining the linkage to the StarPanel serverertsure that the correct tests are
reaching MicroParse. Because of the mechanism toseend reports from StarPanel to
MicroParse, updating the list of tests currentlyuiees a change to a core StarPanel Perl
module, necessitating coordination with the StaePteam.

Despite these issues, however, MicroParse proadesluable data resource to
VUH. Maintenance and operation of MicroParse inesiNow personnel and computing
resource requirements. Eventually, VUH plans topadonew lab management system
that allows encoded export of results, thus patéiytimaking MicroParse obsolete.
Nevertheless, given the cost and labor requiremegtessary to make such an upgrade,
and the likelihood that at least some (e.g., oattathoratory) reports will be unstructured
as free text entered by a laboratory techniciargréftarse will continue to have utility

for the foreseeable future.
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Summary of MicroParse Project
The MicroParse project provided VUH clinicians astdff with new access to
microbiological data that has been since used fraome patient care. The MicroParse
tool allows its users to search the microbiologyuits database flexibly, facilitating a

number of approaches to monitoring microbiologotatia.
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CHAPTER Il

BACKGROUND: ALGORITHM SELECTION — MIASMA DEVELOPMENAL

STUDY

The MIASMA developmental study evaluated the apildf four aberrancy
detection algorithms to function as a screenind foo recognizing potentially clonal
microbiological outbreaks including identificatitmy non-culture results. The goals were
to do so earlier and more effectively than previauanual methods. Successful
MIASMA automated alerting might allow infection dool staff to intervene sooner,
control outbreaks earlier, and potentially prevefdrther transmission. This
developmental study also determined if the targetetbmated surveillance methods
could achieve better performance than manual diamee methods on specific, narrow,
objective measures, recognizing that in other 8dna, manual methods might be more
effective. By determining which outbreak charastics each automated method most
easily and accurately detected, the study provimsihht into how to apply future
automated systems in actual practice settings.

Portions of the following text sections have bedaped from “Evaluating the
utility of syndromic surveillance algorithms forreening to detect potentially clonal
hospital infection outbreaks” by Carnevale, Tall@thaffner, Bloch, Daniels, and Miller,

JAMIA 18(4), July 201’
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Algorithm Analysis: Methods

MIASMA Developmental Algorithm Analysis: Setting

The developmental study was conducted at Vandedbikersity using data from
the Vanderbilt University Hospital (VUH), The Varr@ét Clinic, and the Monroe Carell
Jr. Children’s Hospital at Vanderbilt. The Vandérbinstitutional Review Board
approved the study design prior to conducting theys

Data for this study was obtained using MicroParaecomputer program
previously described in Chapter Il that receivek raicrobiology reports from the
Vanderbilt Medical Center microbiology laboratoriavthe electronic medical record
(EMR) system (see Chapter II). MicroParse analyetsencodes the “free text” natural
language culture result output from the microbiglogports and stores the coded results
corresponding to organism results and antibiotitsgiwities in a database. The current
study extracted “positive” microbiological culturépreliminary, final, and final with
antibiotic sensitivities) and related tests (eRCR and DFA tests) from MicroParse.
“Positive” tests that indicated the presence obtemptial pathogen were then forwarded
for analysis in the current project using the dustletection algorithms. Similar
MicroParse output data were available to VUH InitectControl personnel during their

real-time outbreak detection efforts.
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Algorithm Analysis: Goals of Developmental Study

The MIASMA developmental study measured the pertoroe characteristics of
four existing aberrancy detection algorithms usinglividual “positive” microbial
identification instances at VUH. A secondary goakwio determine how one might later
combine the algorithms into a single, optimal, fatwetection system. Thus, the
developmental study required accurate measurenfeatieh algorithm’s performance

metrics individually and in various combinations.

Algorithm Analysis: Developmental Study Overview

The developmental study evaluated four algorithamgluding two custom
implementations (CUSUM and EWMA® and two reference implementations
(WSARE® and Kulldorff's space-time scan statific SaTScan). The de-identified
dataset included daily case counts for each orgataken from all microbiologic culture
data collected from 2001 through 2006 from inpdtianits, outpatient clinics, and
emergency rooms. It included only the first resla given culture type (i.e., organism
and sensitivity pattern) for each patient on eanh to avoid giving extra weight to
multiple serial cultures of the same organism ftbmsame patient.

The developmental study comprised three phasesePhamplemented the four
aberrancy detection algorithms using the hospiaived retrospective microbiologic
culture data, producing a list of potential padtoeak clusters. For review purposes, the
Pl also developed a web-based tool for displayireggrelevant microbiological data for

each cluster for Infection Control experts’ review.
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In developmental study Phase 2, four Vanderbiltversity School of Medicine
Infectious Diseases faculty members, who were blintb algorithm source, reviewed
the algorithm-generated suspected clusters andarézed them as probable, possible, or
non-outbreaks. This was accomplished using the veeled tool, and with it, experts also
assessed whether or not the cluster would haveedenvestigation had they been aware
of the cluster at the time. The developmental stlabeled expert-reviewed clusters
deemed to be probable outbreaks or possible okibteat merited further investigation
as “candidate outbreaks.” Conversely, possiblereatts or non-outbreaks not meriting
investigation were called false positives. The gtexicluded clusters that experts labeled
non-outbreaks that merited investigation (e.gluater suggesting poor sample collection
techniques) from analysis to avoid unfairly penatiz or rewarding individual
algorithms. Table 1 summarizes the cluster clasgitn process. The list of reviewed
clusters also included three confirmed outbrealks flad been independently identified
previously by the hospital’s infection control $tafFigure 6 summarizes the process

followed for this phase.
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In developmental study Phase 3, project membersrigally used the Phase 2
results as feedback to adjust configuration parareetssociated with each algorithm and

investigated additional methods for combining thgoathms’ output into a single
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outbreak detection screening tool. The investigattdien carried out a 6-month

retrospective evaluation of the new system.

Project
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2005-2006
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Algorithm Analysis Phase 1: Algorithm Implementatiand Execution
The developmental study configured each algorittomidentify clusters of

positive cultures from daily case-culture countsdach organism — both for individual
hospital units and across the entire institutiome Btudy divided the culture dataset into
three parts. The first set (1 year; 1/1/2001-1218Q1) provided historical “seed” data for
each algorithm. The second set (3 years; 1/1/2@02112004) served as a testing set for
tuning the parameters of each algorithm and desigtiie review module before study
initiation. This second set also provided additidmatorical baseline data for the final

review. The third set (2 years; 1/1/2005-12/31/20p@vided the testing data for the
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study Phase 2 expert review. The study convertédubdrom each of the four study
algorithms into a common format to prevent the eesmrs from identifying which

algorithm had generated a given cluster.

Algorithm Analysis Phase 2: Expert Review Process

The developmental study assigned two of the foyreexreviewers to examine
each algorithm-identified potential cluster indegently. Discordant assessments were
resolved by submitting each to a “tiebreaker” rexge randomly selected from the two
reviewers who had not previously evaluated thetetug o calibrate the reliability of the
tiebreaking opinions, the study also presented ttebreak reviewers with several
randomly chosen clusters on which the first twaeerers’ determinations agreed (either
as “candidates” or not).

The developmental study supplemented the list nflicete outbreaks identified
by the review process (as defined above) with thrsetion control-investigated clusters
(IC clusters) that had been independently charaetrpreviously by the hospital's
infection control staff. These three consisted isedse clusters subjected to genetic or
serologic testing during the study time period.

Following the clinicians’ reviews, the study calatdd the sensitivity and positive
predictive value (recall and precision) for eachsttr identification algorithm based on
the “consensus” classifications (by two or threeiawers, per protocol) of suspected
outbreaks and IC clusters. The study comparedntizidual algorithms’ performance

statistics pairwise using McNemar’s test.
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Algorithm Analysis Phase 3: Parameter Tuning, RientRecall Analysis, Combined
Tool Development, and Retrospective Evaluation

In developmental study Phase 3, the project engblyi@nalyzed the effects of
varying algorithm parameters on each algorithm’ditgbto identify Phase 2 expert-
labeled candidate outbreaks. The study also explootential methods of combining the
individual algorithms with additional heuristic datio produce better candidate outbreak
identification than obtained by the individual aligoms per se.

A first approach was to adjust parameters for wéwen customizable algorithm
that demonstrated better performance in Phase S(@Uor EWMA) to detect as many
of the candidate outbreaks as possible. For eacthefexpert-identified candidate
outbreak clusters, the study calculatedhe minimum threshold at which the chosen
algorithm would generate an alert for the outbraghng varying decay rates (0.05,
0.07, 0.1, 0.15, 0.2, 0.25, and 0.3). Project membecorded the number of additional
alerts that would also have triggered at the giwatue of k. Based on these
measurements, the study determined the optimaéwalu and generated precision-recall
curves for varying values é&fwhen using the optimized algorithm.

The developmental study also explored methods mibaaing the output from the
four original algorithms using various scoring nmestrby which the resulting clusters
could be ranked. A first step attempted to orderdiusters by their previously measured
value of k. Project members then made additional adjustmentthe rank weights
regarding several features identified as potegtiatiportant by the expert Infectious
Disease faculty reviewers during the Phase 2 reviealuding hospital location type

(inpatient vs. outpatient) and primary culture seutype (urine, blood, wound, etc.).
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The developmental study also examined the potefdialnot “alerting” for
clusters comprised of organisms with substantidiferent antibiotic susceptibilities.
This approach had the potential to eliminate ndise to clusters comprised of different
clones from the same bacterial species. This asafggused on clusters for which
sensitivity results were available for at least 50#4heir component cultures. Project
members developed an algorithm that calculated dach cluster an antibiotic
susceptibility variability score by summing the rhwem of individual antibiotic sensitivity
result pairwise differences within the cluster amdighting the overall result by the
number of cultures within the cluster having eatthe compared patterns. The resulting
score thus represented the average number of idgfemtibiotic sensitivities between
each pair of bacterial isolates. This filtering huet, applied to the output of the
individual screening algorithms, allowed the ansly® exclude clusters not meeting
empirically derived uniformity limits (i.e., thogshat appeared to be non-clonal based on
sufficiently varied culture sensitivities) while ilstallowing the system to detect
potentially clonal clusters that had mutated otilyhsly in their antibiotic resistance over
the course of the outbreak. A final best-case Baarcombination of all of these new
methods comprised the Phase 3 combined detectsb@nsy

With the above-described adjustments in place, ¢3asf the developmental
study concluded by conducting a brief retrospectiaigdation of the combined outbreak
detection system'’s recall. The system was run usew data from 1/1/2010-6/30/2010
and the resulting clusters were compared to thefisonfirmed outbreaks that had been
previously discovered by hospital infection contstdff using manual methods for that

time period.
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Algorithm Analysis: Results

Algorithm Analysis Phase 1: Algorithm Parameter®avelopmental Study

Using the first and second datasets, the MIASMA ettgpmental study
empirically adjusted the parameters for each algori For EWMA, the project team set
a decay rate = 0.3 and an alerting threshdd=5. For CUSUM, the project team used a
V-mask for determining the alerting threshold wéthdaily rise of 3 times the standard
deviation of the CUSUM statistic for each particutganism. SaTScan was executed
using its purely temporal Poisson model, and WSARIE executed using Fisher’s exact

scoring metric with 100 randomizations for each.day

Algorithm Analysis Phase 2.1: Expert Review ResmtBevelopmental Study

For institution-wide microbial data covering theokyear developmental study
period, the four outbreak detection algorithmsexdively generated a total of 257 alerts
(CUSUM: 114, EWMA: 66, SaTScan: 21, WSARE: 56). poesent alerts more
efficiently to clinical expert reviewers, the studgmbined any computer-generated alerts
with start and stop dates differing by fewer tham tdays into one single alert. As a
result, six alerts detected by two algorithms and alert detected by three algorithms

were combined to form the final review list of 2d8ster alerts.
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Pairwise percent agreement on the expert-reviewesders ranged from 79% to
88% with Cohen’s kappa ranging from 0.11 to 0.48b(& 2). Overall, reviewers agreed
on their determinations for 210 of the 249 alevtth 17 (8.1%) deemed candidate
outbreaks.

For the 39 clusters on which the pair of initialieaver assessments disagreed, the
study assigned a randomly selected third revie®éthe 39, the third reviewer deemed
nine (23%) to be candidate outbreaks. In additioncalibration determination, the third
reviewer also rated six randomly selected candidatbreaks (where the two initial
reviewers agreed the cluster was a potential oakhrand six randomly selected false
alarms (where the reviewers had agreed the clugdsr not an outbreak). The third
reviewer agreed with the first two reviewers onsitl of the false alarms. However, for
the six pairwise-agreed-upon candidate outbrediesitird expert reviewer only agreed

with the initial experts’ judgment once (17%).
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The hospital infection control service had previguslentified five suspected
outbreak clusters during the developmental studgioge Those clusters were not
detected by any of the algorithms as originallyfgured for the Phase 1 study. Of the
five, 2 have been excluded methodologically fromsideration by the study analysis. In
one, the lab assay for the involved organism, @icidé, was not included in the study
data input since the dataset only included orgasistentified by microbiological

culturing and thus C. difficile antigen test resutbuld not be processed by the detection
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algorithms. In the other, the outbreak spannedraéwveonths and began prior to the
beginning of the study period. The developmentadiyt'gold standard” outbreak dataset
therefore contained 29 candidate outbreaks: 17 frarinitial expert consensus review,
9 from the second expert conflict-resolving revieamd 3 from the infection control

archival data. Table 3 shows the 26 candidate eakisrdetected by the algorithms.

Algorithm Analysis Phase 2.2: Algorithm Performamicging Developmental Study

For the four evaluated algorithms, positive pradetalue relative to the expert-
determined gold standard ranged from 5.3% to 29h, sensitivities ranging from 0.21
to 0.31. Table 4 shows individual results for eatdorithm. The Pl performed pairwise
comparisons of each algorithm’s performance usingN®&mar's exact test. The
differences in sensitivity were not sufficient tejact the null hypothesis that the
algorithms had identical performance. For positwedictive value, CUSUM was
significantly lower than all other algorithms (p€01 in all comparisons), and EWMA

and WSARE were significantly lower than SaTScar0(p@1 for each).

%

778 ! - !
6'8 - !

Stratifying the analysis by location type (hospitatle clusters and inpatient units

as inpatient; clinics and emergency rooms as aetatdemonstrated that clusters from
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inpatient locations were much more likely to be sidared candidate outbreaks than
clusters from outpatient locations (inpatient: 2D1clusters vs. outpatient: 5/129
clusters; chi-square p=0.002). Table 5 shows resantd positive predictive values for

each algorithm stratified by inpatient/outpatiestdtion.
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Algorithm Analysis Phase 3.1: Parameter Adjustm@ssulting from Developmental
Study

As EWMA vyielded both better PPV and sensitivity th&CUSUM, the
developmental study team adjusted EWMA's parameterBhase 3. Testing various
possible decay rates for EWMA parameters indicéted! higher decay rates tended to
decrease false positive rates as shown in Talas @as suggested by past research in the
domain?® For the organism/unit combinations given in the &@stem-detectable
candidate outbreaks, EWMA's parameter set to 0.05 yielded 32 potential falaeves
vs. 8 false alarms at = 0.3. Using = 0.3 and k=5, EWMA detected 24 of the 29
candidate outbreaks including the 3 infection-colrtonfirmed outbreaks, but with 629
false positive alerts. Upon increasing the EWMAatue to 6, the system detected 23 of

29 gold standard candidate outbreaks, with 467 falarms, but excluded one of the
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confirmed outbreaks. Recall-precision analysisdgdlan area under the curve (AUC) of
0.127. Figure 7 shows the recall-precision curvetie adjusted EWMA algorithm along

with the initial performance of the four unadjustddorithms.
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Algorithm Analysis Phase 3.2: Scoring Metrics invBlpmental Study

Using the minimum alerting threshold k as the atitianking metric to sort the
original list of 249 clusters generated by the faigorithms yielded an AUC of 0.28.
Figure 7 shows the recall-precision curve for ftihisial metric, with the curve for the

adjusted EWMA and points for each of the individalglorithms.
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To investigate whether primary culture specimeretgg.g., blood, urine, wound,
etc.) could help to separate clinically significahtsters from less important ones, project
members developed an algorithm that labeled eaterl by specimen type if more than
50% of the cultures in a given cluster shared ansom source. A chi-square test
compared that specimen type to all other cultunégependent of source type. The only
statistically significant relationship this analysdentified was that urine cultures were
less reliable indicators of clusters than othetursl sites (2.0% of urine vs. 13% non-
urine; p=0.03). After adjusting the ranking metdownward for clusters of urine
cultures, the k-sorted precision-recall AUC imprdveom 0.28 to 0.36. As observed in
Phase 2, clusters in inpatient locations were rlikedy to produce candidate outbreaks
than clusters in outpatient units. After increading ranking metric for inpatient clusters,
the AUC rose from 0.36 to 0.49.

Project members calculated antibiotic susceptjbditference scores for the 165
clusters that met the 50% criterion, including &l 19 candidate outbreaks. Antibiotic
susceptibility difference scores ranged from 038 in the false alarm clusters and from
0 to 2.7 in the candidate outbreaks. Based on tresséts, project members generated
new precision-recall curves after eliminating dlisters with similarity scores greater
than a conservative threshold of 5 and an aggregkieshold of 3. These adjustments
increased the precision-recall AUC from 0.49 to30f&r the conservative threshold and
to 0.55 for the aggressive threshold. Precisiomdt@tirves for each of these adjustments

are shown in Figure 8.
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Algorithm Analysis: Discussion
The exploratory MIASMA developmental study attengpte determine whether
one or more aberrancy detection algorithms mighadesgpted to screening for potentially
clonal hospital outbreak detection. Because eadporithm produced a list of
“interesting” suspect clusters substantially diéfetr from the others, an ideal system in

this setting would consist of multiple algorithmsnking together.

Algorithm Analysis: Cluster Review for Developmer$&udy
Few candidate outbreaks were detected by moredharalgorithm. In addition,

each candidate algorithm varied greatly in the meatf the detected clusters. To some
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extent, the initial algorithm tuning parametersttivare used in the developmental study
may have pre-determined these results. Since thigrdef each algorithm focused on
more immediate detection of outbreaks for syndromigveillance, WSARE and
SaTScan favored very short-term clusters — mostlidate outbreaks for which they
generated alerts lasted 1-3 days. By contrast, EWiMAIded some short-term clusters,
but alerted on many more clusters with durationhé1-2 week range. Finally, CUSUM
showed the greatest variation, detecting a fewtshamation clusters, but also some quite
long ones that spanned multiple months. These hgndtlusters” tended to be
uninteresting to the reviewers, since they did se#m to represent an outbreak with a
single source.

Analysis of the expert review process demonstréteddegree of subjectivity in
determining which clusters were potentially intéires The first round of reviews only
managed moderate levels of inter-rater agreemerghas/n in Table 2. Because the
overall prevalence of true positive clusters wakatreely low, measured values of
Cohen’s kappa were low despite a high percentagg@ement between reviewers. The
low kappa suggests that despite having similaningiand using similar review criteria,
the expert reviewers disagreed fairly often, arat ttonstructing a true gold standard is
not possible. In the second round “tiebreaker” eesd, the third reviewer only agreed
with the initial reviews on 17% of the “seed” cathalie outbreaks. By contrast, when the
third reviewer examined clusters for which one bé ttwo had designated it as a
candidate cluster and the other original reviewemat, the third reviewer designated the

cluster as a candidate 23% of the time.
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The low reviewer agreement suggests that an idespital outbreak detection
screening tool should favor sensitivity over postpredictive value since experts may
disagree on which clusters merit further investayatThis strategy is further supported
by standard infection control practice: in a praspe study, further investigation
including molecular typing to confirm clonality wiolihave followed for each of the
potentially interesting clusters. Because such shgation will easily distinguish true
positives from false positives, it is more impottémat the detection system acts as a
“screening test” that does not produce many fagggatives.

After the developmental study review process, thiection control experts
suggested a number of ways to improve potential BN¥A detection and determination
processes. First, a few simple rules could sigariity reduce the false positive rate. For
example, certain culture types (e.g., urine), eertaganisms (e.g., coagulase-negative
Staphylococcus), and certain hospital units (emergency department) do not often
correspond to outbreaks, and thus the system shiegldre a higher outbreak alerting
threshold in such situations. Alternatively, rarel alangerous organisms (e.Bacillus
anthracig should trigger an alert for a single case. Ma@nglar patient unit groupings
would also be helpful. In some of the hospital-witasters, the reviewers suspected
there could be something of interest occurring mith subset of the involved hospital
units, such as two or three geographically adjacerts, or two units that frequently
exchanged patients (e.g., the general surgery foar the surgical ICU). Lastly, the
reviewers noted that some of the identified clisstarght productively serve purposes
other than outbreak detection. For example, orgasisuggesting foodborne illness or

other outpatient issues (e.g., RSV) might not betlwaenvestigating as a hospital-
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associated outbreak, but informing outpatient ctnof the rising prevalence in the
general case mix might allow the clinics to moreunately diagnose or rapidly treat

additional patients with similar symptoms.

Algorithm Analysis: System Performance and RankmBevelopmental Study

The lack of consensus regarding alerts generatetieojour algorithms, and the
excessive false positive rate for the parametarsaefl EWMA system suggested that
none of the four algorithms evaluated could sopetyvide a reliable alerting mechanism.
Thus, to create a functionally useful MIASMA aladi system for hospital infection
control purposes, some algorithmic combination nemplie that leveraged the relative
strengths of each individual algorithm would likgdyovide the best overall system. In
addition, based on the expert raters’ debriefingho@nts, some heuristic rules not
present in any of the systems might beneficiallpact the combined MIASMA system.

Prior to the developmental study’s data analy$is,expert reviewers stated that
performance goals for a useful generic outbreakdiien system that infection control
services might use in clinical practice. They staigat such a system would require at
least 50% positive predictive value at 0.9 sensgytiand at least 0.25 sensitivity at 75%
positive predictive value. By ranking the combined of clusters using the adjusted
scoring metric and eliminating clusters with disam antibiotic susceptibilities, the
developmental study was able to achieve a 40% ipespredictive value up to a
sensitivity of 0.9 and a sensitivity of approximgt@.15 at a positive predictive value of
75%. While these results did not attain the tady@rformance levels, it suggested that

further improvements might be able to reach theget&d levels of performance. By
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incorporating the experts’ post-study advice ancdgressing the developmental study’s
limitations in the next MIASMA detection system dgsiteration, it might be possible to
further reduce the false positive alerts while rtamng a good true positive detection

rate and potentially reach the stated goals agitbesldn the next chapter.

Algorithm Analysis: Developmental Study Limitations

The subjectivity of the review process led to apeanfect “gold standard” list of
candidate outbreaks in the developmental study.gbie standard list could easily have
missed some true outbreaks due to reviewer disamgmateon what constituted a candidate
cluster. Furthermore, the selection of algorithsthe study did not include the newest
syndromic surveillance methods available by the @nthe stud§#°° and the parameter
tuning required to implement each of the four alpons may not have been optimal. The
result was that true outbreak clusters in the agrakntal study may have been omitted
from the algorithms’ output lists before ever beseen by the reviewers. That none of
infection control service independently-verified tlaneaks during the developmental
study period appeared on the combined output fish® four algorithms suggests that
suboptimal detection at the algorithmic level wisly a factor in the study.

The culture results dataset used to generate #rés also embodied potential
methodological flaws. The developmental study ueely the first result for a given
organism/patient/unit combination in the datasehilgéthis approach prevented spurious
alerts for multiple consecutive positive culturestbe same patient, it may have been too

conservative overall. For example, a patient vithcoli cultures in January 2005 and
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January 2006 would only be included in 2005, thougis unlikely that the patient’s
infection lasted a full year. Additional errors malgo arise from the system’s lack of
information about changes within the hospital otiere. For example, in late 2005
(approximately halfway through the study periodie burn patient intensive care unit
was relocated to another geographic ward, so nésrparganism-location clusters that
previously would have been suppressed as dupladteres were not suppressed since
they were reported from a “different” geographidtuin addition, some clusters were
simply a result of increased surveillance for aartaganisms or an increase in a hospital
unit's size or number of patient-days as the stilidynot adjust for increases in patient-
bed-days.

The adjustment for antibiotic sensitivity similgritvas somewhat crude. For
example, if an algorithm detected a cluster madewg distinct clones with widely
differing sensitivities, the resulting average eiffnce between the two could be large
enough to eliminate the cluster from further coasation. Ideally, available antibiotic
sensitivity data should have been included earli¢gihe detection process.

Lastly, the performance of the system on retrospectiatasets was not a
guarantee of similar future performance. Becausedhliiew process was time consuming
for the reviewers and the number of expected camelidutbreaks was limited, the
resulting parameter adjustments have not been atalid extensively. The “optimal”
alerting thresholds determined in the developmestiadly may have been overfitted to
the then-current data. Nevertheless, the six maatitbhspective evaluation demonstrated
that the resulting system was able to detect dbreaks confirmed by hospital infection

control staff during that time period.
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Algorithm Analysis: Conclusion

The developmental study explored the potential gosyndromic-surveillance-
based approach to screening for potentially clamadtient infectious disease outbreaks.
Each of the four aberrancy detection algorithmg tha study examined had different
performance characteristics that limited its indual applicability to the problem at
hand. However, by combining the output from eadpo@ihm and then sorting and
filtering the possible clusters that the algorithedlectively identified -- based on
additional heuristic data that the algorithms canreasily incorporate -- the
developmental study created a prototypic combingéesing tool that demonstrated
better potential to be clinically useful for hogpibutbreak detection than any of the
individual algorithms. Thus, while in-hospital otglk surveillance presented different
challenges than those faced by regional syndroomeeslance, the algorithms developed
for syndromic surveillance might eventually be addpo the inpatient screening setting.

Further, more formal evaluation of such combinesteays should occur.
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CHAPTER IV

PROSPECTIVE MIASMA STUDY OVERVIEW

Prospective MIASMA Study Setting
The project conducted a prospective study of thimee MIASMA algorithms
previously described in Chapter Il from Novembedl@ through April 2011 at
Vanderbilt University using data from the Vanderhlhiversity Hospital, The Vanderbilt
Clinic, and the Monroe Carell Jr. Children’s Hosapiat Vanderbilt. The Vanderbilt
Institutional Review Board approved the study degigior to its inception. The study
team obtained data using MicroParse, the previodsbcribed (Chapter 1) computer
program that receives all microbiology reports frahe Vanderbilt Medical Center

microbiology laboratory via the electronic medicatord system.

Goals of Prospective MIASMA Evaluation

Based on the observation that simple detection odstlapplied to hospital data
had already shown promising resdftg’ the prospective MIASMA study began with the
presumption that new, more advanced approachemmpuer-assisted hospital infection
control could potentially improve patient outcomBgy. supplementing manual hospital
infection control practices with an automated oedbr alerting system, the project
attempted to achieve more rapid outbreak deteciiocd more efficient alerting for
outbreaks (i.e., fewer outbreaks missed with fe\f@se positive” alerts that consume

resources to investigate).
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MIASMA System Design

The prospective evaluation study team designeditiaé MIASMA algorithms
based on lessons learned during the previous dewelotal study (Chapter IIfY.As that
research demonstrated that no single syndromiceslamnce algorithm of the four tested
provided adequate sensitivity, the final MIASMA siEm accepts positive culture count
data and microbiology-related non-culture labonattest results as input to all four
developmental-stage algorithms. The final MIASMAy@ithm also employs a rules
engine in parallel with the four component alganthto help generate a list of potential
disease clusters and to then filter the list toriséigally remove clusters unlikely to
correspond to a clonal outbreak. New potential tehgsin the list are then added to

MIASMA'’s database to present to infection contrtalffor subsequent review.

System Configuration: Prospective Study

The process the MIASMA system followed during thedy is summarized in
Figure 9. Each day, the MIASMA system reviewed ppast 180 days of microbiological
test results (cultures and lab test results) ofmerded MicroParse data (i.e., culture
results plus microbiology-related laboratory testuits tests for various organisms). Prior
to sending the data to each of the four clusteeddein algorithms (CUSUM, EWMA,
SaTScan, and WSARE) and the rules engine, MIASM@ppcessed it to properly
format the data for each algorithm as input. ThHRASMA preprocessing also identified
hospital inpatient unit groupings that could enall&SUM and EWMA to locate

outbreaks occurring in a related units that oftesred staff and/or patients.
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Based on the results of the Chapter IIl developaiestudy, and in an attempt to
reduce false positive rates, the MIASMA study tearodified the custom algorithms
(CUSUM and EWMA) to increase the threshold neeadedenerate an alert. The study
team also implemented a rules engine algorithmedas a classification from local
Infectious Disease experts of the likelihood offefyge of organism to participate in a
“significant” outbreak (a rough measure of how maratient-culture dyads might be
needed to trigger a cluster alert). This heuriggproach helped to ensure that MIASMA
would generate alerts in the case of a single ipesitulture for extremely virulent
organisms (e.g., smallpox or anthrax) or for ins&anof unusually dangerous antibiotic
susceptibility patterns (e.g., vancomycin-resisgtaphylococcus aureus

As in the developmental study, each MIASMA compdragorithm returned a
list of suspicious clusters of infections. Eachstdu was characterized by an organism
name, start and end dates, and a hospital locakizen MIASMA combined the list of
results from each algorithm to create its daily €ding list” of clusters. Because the
data each algorithm used each day largely overthppih the data used in the previous
179 days, the current day’s operating list typicatbntained a number of clusters
MIASMA had already identified in an earlier exeauti Thus, MIASMA would first
compare the operating list to the database tabifgacong the previously suspected
clonal outbreaks. Duplicate entries were then lihke the existing database entry and

dropped from the current day’s operating list.
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MIASMA then calculated heuristic scores used ttefiland rank each cluster.
First, for clusters with antibiotic sensitivity mrimation available, it calculated an
antibiotic sensitivity similarity score as descdbgreviously in Chapter Ill. Clusters not
meeting an empirically derived internal similardytpoint were then removed from the
operating list. For example, if foue. coli cultures had widely disparate sensitivity
patterns, the cluster containing them would be pledpdue to presumed non-clonality.
Next, MIASMA scored clusters using the EWMA-baseetnt described in Chapter Ill.
MIASMA then assigns score weights according to dhganism type by increasing the
scores of clusters of more dangerous or virulegawisms and decreasing the scores for

less pathogenic organisms and for organisms comm@siulting from contamination
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during sample collection. At this point, clusterghascores below an empirically-derived
score cutpoint are also excluded from the operdisig MIASMA then creates a new
database entry for the current day for each remguicluster.

During the prospective evaluation period, on aftemof the same day as specific
cluster generation, MIASMA sent the ID/Infection i@l expert an email summary of
the daily additions to the database (if any) witlink to a password-protected supporting
data review webpage. The review webpage listededlly detected clusters with basic
information about each, including the locationhe hospital where the cluster occurred,
the number of patients with positive microbiolodicasults, and the start, end, and
detection dates of the cluster. The MIASMA trackugb page also provided a text box
for note entry and a dropdown box for each clustbowing the infection control expert,
based on a deeper analysis of available data, tepaaze the cluster as a probable
hospital-based outbreak, a probable community-basdioreak, a pseudooutbreak, or a

false alarm. Figure 10 displays a screenshot oMI#&SMA cluster review webpage.

bug | unite |cases | stantdatos enddate | score | firstdatoctedl |alge ¢ | status + notes ¢
|17 (20110114 | 2011-02-02

2011-02-16 | satscan || Potentiel nosocomial outbrask «|||4cases o bt all of different sensitiviy patterns

100 || 2000119 || 20910208 || 3088 | 0110207 1| | Potentisl nosocowmial outbreak +]|| 2 caszs o ol e on o) — Investigeted: All collec

27 || 2011-Di-10 | 2011-02-08| : | | Potantisl nosooamial autbresk, ||| |2 cases o —investigsted: both collscizd day i sdi]

30110121 || 20140121 | 382 | 20190124

| Potential nosocamiol oulbrank = ||| Mo furthar acion |
SOUR1238 [2010-12-25 | 188 | 20001230 |wessre | Potential nosccomial outbraak =]
2014-03.30 (20110830 [0 |2009-04-08 | wsare Bl

91 & " )I8-I- & """

55



If the user desired more information about a clystach row on the review page
contained a link that the reviewer could followaanore detailed “drill-down” view of
each cluster. The drill-down page included a sungro&the antibiotic resistance patterns
observed in the cluster, unit counts for house-valsters or clusters from a group of
units, a graphical view of the weekly positive destounts, and the full text of all

relevant microbiological results. See Figure 1lderexample of this display.
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Prospective Pilot Study of MIASMA at VUMC
To evaluate MIASMA's utility as a supplement toditgonal infection control
practices, the project team implemented MIASMAhe Vanderbilt University Medical

Center Department of Infection Control and PrevamtiThe evaluation study comprised

56



a two-phase rollout. In Phase 1, before generaladiiity of the algorithm output, only
the PI monitored MIASMA output to evaluate its deien timeliness; no alerts were
issued to clinicians. In Phase 2, MIASMA was fultyplemented as intended, with near
real-time alerts to Infection Control clinicians.

The prospective Phase 2 MIASMA evaluation covehesix months spanning
November 2010 through April 2011. During this pdridIASMA sent its daily email
summaries to VUMC'’s chief hospital epidemiologistr freview and to the PI for
evaluation study monitoring purposes. The chiefpitat epidemiologist then used the
MIASMA review webpage to gather basic informatioboat any new clusters,
investigate the clusters using the data availaiolm the MIASMA review page and any
other desired sources (e.g., the VUMC electronidioa record system or data collected
by the VUMC infection preventionists), and thenssi#y the clusters using the MIASMA
review webpage. He reviewed each MIASMA alert om dilay that it occurred and rated
each as a false alarm, pseudo-outbreak, possiblemoaity outbreak, or possible
nosocomial outbreak and could later revisit hisedatnations as more information
became available. During the study period (lateudan2011), MicroParse began to
receive results from additional non-bacterial adtumicrobiological tests, including

influenza and RSV testing.

Data Analysis Methods — Prospective Evaluation
The study team compared MIASMA'’s timeliness andusacy of detecting
outbreaks to traditional infection control methoBsiring both phases of the prospective

study, the study team recorded data for any cleigtamd by either manual methods or
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by MIASMA (or by both). Nosocomial cluster detectovs. false alarm rates were
compared for each pair of algorithms using a chiasgd test.

For any outbreaks missed by MIASMA but detectedtayndard infection control
methods, the study conducted a thorough investigato determine the cause of
MIASMA's failure to alert. The study team locateltlienplicated culture and test results
to find whether they had been included in MIASMAiput and investigated methods for
locating any missing results. These included inc@png patient bed location data prior
to the culture being taken, and methods for estilgathen culture-negative cases might
have occurred, based on patterns in physician emtey data.

After observing the benefits of including patiertddocation and transfer data in
locating additional patients that might be partaotluster, the study investigated the
utility of incorporating such patient location amcnsfer data (i.e., a history of bed
locations the patient occupied) within MIASMA. Ihi¢ separate analysis, for each
positive culture result, MIASMA retrieved any awile patient bed location data from 5
days prior to the positive result and added a “dythpositive result for each bed
location the patient had occupied at that time. Woaified MIASMA algorithm then
filtered duplicate positives, as it had done inmak operation, to prevent multiple
counting of results for a single patient, which Idoskew results. MIASMA then ran
twice on June 18, 2011: once with the standard fdsd and once with the patient bed
transfer data included.

To investigate MIASMA'’s performance at locating peected” outbreaks, the
study team analyzed its ability to detect seasiin@isses (influenza A, influenza B, and

RSV). The Tennessee State Department of Healthghasl weekly positive test counts
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for these ilinesses. The study team compared tteecddlected by the Health Department
to the data observed by MIASMA to roughly estiméew much of a timeliness
advantage MIASMA could achieve since the norma¢ i each illness mimics the
pattern seen in an outbreak.

Lastly, at the end of the prospective study pertbd, Pl informally interviewed
the chief epidemiologist to solicit his perceptiointhe system’s performance and utility

in everyday infection control practice.
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CHAPTER V

RESULTS OF PROSPECTIVE MIASMA EVALUATION

Alert Statistics
During the 181-day prospective study period, MIASNé@nerated 78 alerts. On
136 days, (75%) there were no alerts, and 36 d29%c)Y had one alert. Figure 12

displays the complete data.

# of days alert count occurred

MIASMA Alert Categorization
Of the 78 alerts, the Infection Control expert daBe(4%) as possible nosocomial
outbreaks, 51 (65%) as possible community outbre@k8%) as pseudo-outbreaks, and
18 (23%) as false alarms. Figure 13 displays tedsabenerated each week as coded by

the epidemiologist’s designation. Table 7 displthes counts for each designation by the
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detecting algorithm. There were no significant wee differences among the four
algorithms, though the comparison of WSARE to STW&S nearly significant in favor of

WSARE (p=0.051). Table 8 provides a complete Igstn all detected clusters during the

study period.
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Comparison of MIASMA Output to Manual Methods
During both phases of the prospective evaluatiodystthere was no overlap in
suspected bacterial cluster identification betwBBASMA and the traditional infection
control methods. Thus, no direct comparisons maaguimeliness of detection could

occur.

Comparison of MIASMA Output to Public Health Recerfdr Seasonal llinesses
The Tennessee State Department of Health publiskegly positive test counts
for influenza A and influenza B. Figure 14A shows tetrospective graph published by
the TN Department of Health on May 7, 201Figure 14B shows a comparable graph
generated from MIASMA’s source data with dates redrivhen MIASMA generated at
least 1 alert. Figure 15 shows data from the same period for RSV. State data for
RSV were not available because the testing instnimsed at the state labs was being

serviced.
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Week (Oct. 3, 2070 - May 7, 2011)

Influenza Positive Tests Submitted to TN Dept. of Health Laboratory Services,

Tennessee, 2010-2011
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Investigation of Potential Outbreaks During ProspecStudy Period Missed by
MIASMA

During the prospective study period, a single ceakrconfirmed by the Infection
Control Service occurred. It was an outbreakGbdstridium difficile associated with
patients who had been housed previously on S4dnargl surgery unit. Infection control
staff located a total of 12 suspected patients @itkifficile during a 1 month span, with
6 culture-positive cases and 6 clinically diagnosades, some of whom had negative
culture results. Investigation of the MIASMA datagkentified 4 of the 6 culture-positive

results on the affected unit. Locating the reman2nculture-positive patients required
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the incorporation of a separate database contaétignt bed location information, as
the patients had been moved to new bed locatidos for their positive culture results.
Figure 16A shows the overall. difficile incidence. Overall, the incidence during the
month increased by slightly over 1 additional pwsitculture per week during the
outbreak period (1.25/week during the outbreakqakevs. 0.11/week normally).

Since some of the implicated patients were cultwgative, the Pl also explored
the effects of including tests negative for difficile as a “partial positive” test since a
physician presumably ordered the test suspectingnpal C. difficile infection. Figure
16B shows the results of including negative test%.aof a positive test. When using the
weighted score, the increase during the outbreakgeavas slightly over 1 positive test
per week greater than the non-outbreak period$fdegek during the outbreak period vs

0.57 normally).
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Incorporating Patient Bed Location and TransferaDat

The patient bed transfer-enriched dataset was appately 25% larger than the
standard dataset. Overall, the algorithms founctl@6ters on the standard data and 89
using the bed transfer data. However, the clugtarad using each dataset were quite
different: 46 clusters were found using both datsehile 44 were found using the
standard dataset only and 43 using the transfeckat dataset only.

Of the 90 clusters found using the standard dat&detvere filtered using the
standard MIASMA suppression techniques previouglscdbed and were never viewed
by the epidemiologist; the remaining 29 were dwgtés of previously detected clusters.
Those 29 consisted of 20 community outbreaks, Sefalarms, and 2 pseudooutbreaks.
When using the transfer data, MIASMA no longer detd 11 of the community
outbreaks, 2 of the false alarms, or either of peeudo-outbreaks. A chi-square test
showed no difference between the designations ef diasters detected using both

datasets versus the standard dataset alone (p¥0.326

Expert Assessment of MIASMA System
VUMC's chief epidemiologist stated that MIASMA wagst described a “safety
net:” it would not be able to replace regular sulaece, but it did provide a backup to
help prevent standard practices from missing pi@tenbutbreaks. Furthermore,
MIASMA'’s increased activity during influenza and RSeason provided an unexpected
value to the chief epidemiologist as these datpdteinform institutional policies that

were implemented once the community incidence eféhinfections had increased.
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These data also helped guide clinicians regardirapgbility of these infections in

patients presenting with respiratory symptoms.
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CHAPTER VI

DISCUSSION OF PROSPECTIVE MIASMA EVALUATION

MIASMA Alert Quality

From the chief epidemiologist’s feedback, the vaduat the alerts was deemed
reasonable in terms of workload, with only alertewring only 1 day in every 4. In
addition, there were no more than two false alaomgseudo-outbreaks in any given
week. This helped prevent alert fatigue. Of notejrdy late January and early February,
the alerts were dominated by clusters of commundgtyed seasonal illnesses (influenza,
RSV, and Group Astreptococcus The volume of alerts could easily be reducednoye
restrictive methods of eliminating duplicate clusted=or example, in this study, by only
allowing one alert for a given unit/organism condtion in a given month if the first
cluster is deemed to be community-based, MIASMA Moliave generated only 37
alerts, fewer than half of the 78 actually genatratering the study.

On one day (1/29/2011), MIASMA generated 22 of TBealerts based on cluster
detections made primarily by WSARE. This anomalystige result of corrections made
to the underlying culture reporting data. Previgusifluenza antigen tests, RSV antigen
tests, and Group Atreptococcugprobes were not properly included in the MIASMA
input data. Once those test results were incorpdratto MIASMA’s input dataset,
WSARE detected clusters of each of these pathabengh all hospital wards and in the

pediatric and adult emergency departments.
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Unfortunately, MIASMA could not locate the only &dtion Control Service
confirmed outbreak during the study period. Sina#f bf the patients involved in that
outbreak were located by the infection preventisnisnly based on a clinical
symptomatic diagnosis ofClostridium difficile MIASMA'’s lab-and-culture-based
approach was at a disadvantage. Observing theeimogdofC. difficile in S44 over time,
there was clearly an increase of positive test;iguhe month of the outbreak. However,
the increase was only slight (approximately 1 addél positive test result per week),
and if the detection algorithms were set to be isgasenough to detect such a cluster,
the number of false positive alerts for other orgiaus would likely increase. Similarly, if
one were to incorporate the negati@e difficile tests as partial positives, one would
observe a similar small increase over the baselm#, the increase would not be
sufficient to trigger an alert from any of the aigioms.

One alternative method of detecting such a clusteuld be to expand the
MIASMA rules engine to make better use of domairowledge. During the study,
MIASMA simply used the rules engine to alert in theent of a single positive culture for
extremely virulent organisms (e.g., smallpox orhaamt) or unusually dangerous
antibiotic susceptibility patterns (e.g., vanconmmyggsistantStaphylococcus aureus
However, the engine could very easily trigger asertafor any desired incidence
threshold. For example, the outbreak in questianidcthave been located by firing an
alert any time 4 or more positive. difficile tests occur on any specific unit within a 2
week period. By incorporating this and similar mul@as suggested by the chief
epidemiologist, MIASMA could potentially detect atiohal relevant clusters without

adding many false alarms.
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Algorithm Performance During the Prospective MIASNsfudy

None of the algorithms were significantly bettearththe others, though it might
have been possible to show that WSARE outperfor@€8S if the study had used a
larger sample size. A borderline significant diffiece was observed, as noted. The study
was insufficiently powered to find a differencesafch a small magnitude. Nevertheless,
this result supports the finding from Chapter Hbwing that no one of the implemented
component surveillance algorithms was able to cieffitly detect all desirable clusters in
this problem domain.

Because the two custom-implemented algorithms, (fteneable” parameters
were specifically adjusted by the study team forN&Wand CUSUM) could be scaled
back to prevent excessive alert generation, thene weuch less prolific in generating
alerts than were WSARE and STSS (3 and 12 alemsEMYMA and CUSUM
respectively vs. 38 each for WSARE and STSS). Hawnethis may not have been ideal,
as CUSUM identified only community outbreaks durthg study and EWMA only false
alarms, suggesting that the filtering rules MIASM#fiplied to reduce the number of
alerts generated by these two algorithms may ne¢ lheen effective at “distilling” the
signal from the noise within them.

Though newer scan statistic algorithms than STS® baen developed;’ their
focus is primarily on making the STSS spatial d&d@cmethods more flexible. Since this
study used spatial information in the form of htslpunit groupings that were based on
staff and patient movement rather than geograppatiad information, however, the

newer algorithmic improvements probably would netuseful. Thus, as STSS has been
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much more extensively used and validated than nedgorithms, it was likely an

adequate or better choice for MIASMA than one ef hiewer algorithms.

Seasonal Detection Performance

The community-based clusters for which MIASMA geated alerts tended to
serve as noise when trying to detect hospital-bametireaks. However, information
about the community influenza and RSV incidencevedouseful to VUMC's chief
epidemiologist as noted above. The previously meeti methods of eliminating the
excess alerts might have diminished this unexpddi@ESMA benefit. Furthermore, it is
clear from this study that MIASMA cannot replacdertion control staff, but it can
likely provide a valuable supplement to make sulaete efforts more comprehensive.
Thus, it may not be desirable to remove the infazeand RSV alerts.

Comparing MIASMA'’s influenza data to the TN Statedartment of Health
shows that MIASMA achieved an approximately 1 wkssd time in detection versus the
State Department of Health on the initial rise mfluenza. Initial MIASMA influenza
alerts occurred very early. Coupled with the faeit the State Department of Health only
issues reports once weekly, MIASMA had in effect mpa 2 week advantage in

identifying the start of influenza season.

Adding Patient Bed Location Data to MIASMA
Incorporating historical patient bed location dateo MIASMA’s input stream
had an unexpectedly large effect on the resultingters detected. Prior to testing the

system with the bed location data included, thelystieam expected to simply see the
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same clusters as with the standard non-dynamialb&dwith possibly a few additional
detected clusters since the transfer dataset cautall the same results plus the extra
data resulting from the prior bed locations. Howegeme clusters also disappeared after
adding bed locations. Presumably, this effect tedufrom an increase in the baseline
rates of infection in some units. This increaseld¢@ubsequently make the spike of
infections during the previously detected clustppemr less abnormal. The clusters
eliminated by including the patient transfer datarevnot significantly different by
designation, however, so it seems unlikely thabiporating the transfer data significant
improved the quality of the generated alerts unldes newly added clusters were
particularly likely to be deemed outbreaks. A largata sample encompassing longer
observation periods is necessary to determine tbgde what utility the dynamic patient
location data might add to MIASMA.

Other methods of incorporating dynamic bed locatidarmation might improve
the overall performance. For example, incorporatiigrmation about incubation times
and contagious periods for individual pathogens ldiallow MIASMA to be more
discriminating in retrieving relevant patient bedation data for only the times when a
given patient would likely have contracted the dsor when he or she could pass the

disease on to others.

Expert Assessment of MIASMA'’s Performance and tili
As the volume of cultures and lab tests conductethd clinical practice grows,
MIASMA'’s functionality as a potential safety netcneases in importance. The role of

VUMC infection preventionists (IPs) has recentlyftgld from looking at all cultures
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serially to a more specialized approach where #db responsible for cultures that fall
under a common rubric (e.g., only reviewing blooelstn infections in catheterized
patients). This specialized model thus makes itentixely that the IPs might miss an
outbreak that does not fall into one of the precheiieed categories. The current
prospective study thus corroborates past findirmggmnding automated surveillance for
outbreaks in the hospital settifigthat found that with whole-house surveillance
becoming less practical for large hospitals, autechaurveillance can provide a useful
supplement to standard practice.

The MIASMA study delivered an unexpected benefiotiygh the information
gained by the frequent alerts for influenza and RB\Vpast years, RSV and influenza
data were not routinely collected by the IPs tgohssed on to the chief epidemiologist.
Thus, he had not been able to provide advice ofirtlirg of such epidemics to inquiring
clinicians. However, with MIASMA regularly keepirtgm informed of the influenza and
RSV activity within the hospital, emergency depaits, and clinics, he was able to give

accurate and timely information.

MIASMA System Portability
The PI plans to make MIASMA and the custom impletagons of the public
domain EWMA and CUSUM algorithms freely availabte hot-for-profit use under a
Simplified BSD license (or FreeBSD licensé)The MIASMA algorithms require only a
PHP installation to run. The WSARE and STSS implataions are available from their
original authors under free use licenses. Howeagithey are only available as binaries,

they can only be used on platforms for which tleeiginal authors have compiled them.
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Thus, STSS is available via the SaTScan downlogeé’bfor Windows, Max OSX, and
Linux, and WSARE is available from Carnegie Melldniversity’s Auton Lab download
page> for Windows and Linux only. For other platformsseus can easily configure
MIASMA to exclude any unusable component algorithms

Currently, MIASMA is configured to work with the MiioParse MySQL database
only. However, the code that queries the databmseparated from the program logic,
allowing users to relatively easily modify thosertpms of the system. Because
MIASMA'’s requirements for data structuring are tedaly simple, only requiring a list
of positive cultures labeled with name, date, awéiion, it is relatively easy to adapt the
system to other database engines (e.g., PostgreSQtacle) and schemas. The database
tables containing the hospital unit groupings amganism names would need to be
modified to reflect the local nomenclature to malse of all of MIASMA'’s features,

however.

MIASMA Prospective Study Limitations

The largest limitation of the pilot prospective MBMA study was the small
number of outbreaks (one) that occurred duringsthdy period. Ideally, the study could
have been conducted across multiple sites andltorger duration to allow MIASMA to
detect more outbreaks of differing types. With oalgingle “true” outbreak occurring,
and in that instance, with half of the implicateatipnts being culture-negative, it was
difficult to definitively determine whether MIASMAvas truly useful in practice.

On a related note, the dearth of true outbreaksenwmmparing MIASMA'’s

performance to that of manual methods on timeli@ssaccuracy infeasible. Again, this
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could have been solved by conducting the studysacnaultiple sites for a longer time.
That would allow the study to find situations whdseth MIASMA and the local
infection control staff detected the same outbrekksending the study would also allow
better evaluation of techniques for locating tBlstridium difficile outbreak missed
during the study period.

With the potential for patient bed location tramstata to be useful adjunct
information to MIASMA’s constituent algorithms, ther analysis of the impact of
incorporating bed location transfer data could h&liggngthen the MIASMA system.
Ideally, a new study would have mirrored the prasipe study design using bed location
transfer data and had all resulting clusters diasisby an expert. The end result would
be a complete picture of how the detected clusterspared using each of the datasets

and a much clearer idea of the effects of inclugiagient bed location data.
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CHAPTER VII

SYNOPSIS AND CONCLUSIONS

Summary
The MIASMA project developed, deployed and evaldatiASMA, a system
that uses recently developed methods (e.g., frondrsynic surveillance and from
heuristic observations) to detect single-hospitabmeaks of both commonly occurring
and rare bacterial species. Because there wergvedyafew outbreaks during the study
period, further research would be necessary taméte the degree to which MIASMA
assisted hospital staff. However, MIASMA succedgfalpplemented VUMC's standard

hospital outbreak detection practices.
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