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ABSTRACT

Critical care environmenire complex in nature. Fluctuating team
dynamics and the plethora of technology and equipmieate unforeseen
demands on clinicians. Such environments becomatichaery quickly due to
the chronic exposure to unpredictable clustersyehts. In order to cope with this
complexity, cliniciangend to develop ad-hoc adaptations to functicanin
effective manner. It idhese adaptations or “deviations” from expected beha
that provide insight into the processes that shiap®verall behavior of the
complex system. The research described in this ataimti examines the
cognitive basis of clinicians’ adaptive mechanisand presents a methodology
for studying the same.

Examining interactions in complex systems is difficlueto the
disassociation between the nature of the envirohiansh the tools available to
analyze underlying processes. In this work, theaisemixed methodology
framework to study trauma critical care, a commaxironment, is presented.
The hybrid framework supplements existing methdd$ata collection
(qualitative observations) with quantitative methddse of electronic tags) to
capture activities in the complex system. Quarigatnodels of activities (using
Hidden Markov Modeling) and theoretical models e¥idtions were developed
to support this mixed methodology framework.

The quantitative activity models developed weréedsvith a set of
fifteen simulated activities that represent workflm trauma care. A mean
recognition rate of 87.5% was obtained in autonadi{icecognizing activities.



Theoretical models, on the other hand, were deeelaysing field observations of
30 trauma cases. The analysis of the classificattiema (witrsubstantialinter-
rater reliability) and 161 deviations identifiedosvs that expertise and role played
by the clinician in the trauma team influencesrnbture of deviations made
(p<0.01).

The results show that while expert clinicians devta innovate,
deviations of novices often results in errors. Eigdlexibility and adaptiveness
allow their deviations to generate innovative ideaparticular when dynamic
adjustments are required in complex situations.fifftengs suggest that while
adherence to protocols and standards is impomamidvice practitioners to
reduce medical errors and ensure patient safedge ik strong need for training

novices in coping with complex situations as well.
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INTRODUCTION
In an ideal scenario, hospital systems would deltage in a timelynanner to a
large number of patients with a variety of disea3bere would be no hospital-
acquired infections, staff-related oversights @sgription errors that result in
complications. As patients, we would want to bated in such an institution.
Insurance companies, a principal (financial) dmyvfarce in the healthcare
industry, would prefer that their customers visispitals where reduced
complications result in shorter hospital stays laneer overall costs due to better
outcomes. From the clinicians’ point of view, wargiin a safe and efficient
system increases their reputation and work mogleh an institution would
attract a large volume of patients. This will résalgreater reimbursement, which
would make a strong case for improving quality afecfrom a business
perspective as well. Although not all the featudescribed may be practicably
achievable, quality of care is a fundamental cohtieat is critical to building a
safe, cost-effective and sustainable healthcartesys

Unlike other domains such as aviation and nuclearep [1], medicine
continues to rely on individual error-free perfomma as opposed to designing
systems around principles of safety [2]. In ordebuild safer systems,
understanding the cognitive mechanisms that drike®and other adaptive
deviations in complex systems is needed. The relsekascribed in this
dissertation work elucidates the primary barriersunderstanding complex
healthcare systems and presents a methodologuftyisg the same. The goal of
the research is to develop methods for understgrttienature of errors and
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other deviations that may occur in complex systesnghat the system can be

redesigned around theoretically grounded principfesafe practice.

Current State of Quality of Care and Patient Safety
The Institute of Medicine (IOM) released a numbfereports that have increased
the public awareness about quality in healthcadepatient safety. The 2000
report “To Err Is Human” [3] drew attention to thelnerability of the healthcare
system to medical error§his report estimated that in the United States)(US
alone, 44,000 to 98,000 lives were lost annually ttupreventable medical
errors. These figures were based on injury ratesmated by two key studies that
performed retrospective reviews of medical rec¢4disThe significance of this
statistic lies in the fact that it is more likelylbe an under-estimate. Chart review
processes catch only errors reported in the hdgatang, which is only a small
part of the care continuum [5]. Leape comparedéeperted figures to “three
fully loaded jumbo jets crashing every-other dagf. [n any field other than
healthcare, such a high error rate would be unaabbp

This report made a number of recommendations fthrai@g errors. These
included setting national goals for patient safdgyeloping evidence-based
knowledge, understanding the cause for errors andugaging voluntary error
reporting. A 2001 IOM report, “Crossing the Qual@hasm” [7],provided broad
recommendations for the future of healthcare,rsgatiat systems should aim to
be “safe, effective, patient-centered, timely,@ént and equitable”. Together,
these two IOM reports have largely served to draenéion to the critical task of
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error prevention, enlist the support of stakehadand had impact on practices in
all levels of care [8].

Following these reports, a variety of interventitiase been implemented
at various healthcare centers across the UnitadsStahese interventions include
incorporation of computer-based provider orderye(@POE) systems, protocol
adoption and team training, to name a few [8]. €herevidence of small but
significant improvement in patient safety at vagaostitutions. Fewer patients
die from medication errors [9, 1@nd infection rates have been reduced due to
the use of protocols and checklists for specifmcpdures [11, 12].

Despite evidence of some improvement, health systetion-wide did
not show an anticipated (and necessary) overal lefvyprogress in improving
patient safety (IOM recommended reducing errorS@#b within 5 years]5, 8].
One of the reasons for the lack of sufficient inyanment is that errors are often
not caused by individual clinicians or practicast &ire the result of some
fundamental systemic problems. Leape and Berwitkri@heir assessment of
barriers to quality improvement, suggested thatesyscomplexity compounded
by professional fragmentation and a hierarchic#t@nty structure, may dissuade
the creation of a culture of individual accountapidand coordinated teamwork,
both attributes of a safe system. Therefore, ieotd understand the root cause
of errors, researchers would first need to inveséidiow clinicians behave and

interact within the complex healthcare system.



Healthcare as a Complex Adaptive System

Recent research has approached the study of sgsi@ims, such as clinical
environments, using scientific theory based on dempdaptive systems
(depicted in Figure 1) [13]. Plesk and Greenhalgting complex systems &s
collection of individual agents with freedom to actvays that are not always
predictable, and whose actions are interconnectethat one agent's actions,
change the context for other agen{g4, 15]. Such systems typically involve a
dynamic network of entities acting simultaneouslfijle continuously reacting to
each other’s actions [16, 17]. Complex systemsdeptive, unpredictable, and
inherently non-lineafl8]. Inconsistencies, tension, and anxiety are by-prisduc

of such environmentd.9, 20].
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Figure 1. Overview of complex adaptive systems




Figure 1, an illustration adapted from “Complexityfe at the Edge of
Chaos” [21], depicts the key elements of a complestem. Typically, a large
amount of information is utilized and generatedhmsy system. In addition to the
systems having an environment in which informatod knowledge are
dynamically changing, the overall behavior of seghtems is also affected by the
positive and negative feedback received througéragtions among the
individuals working in these systems. In orderape with an unpredictable and
dynamic environmentniividuals tend to develop ad-hoc adaptations, whay
eventually evolve into strategies. This “emergermfestable strategies makes up
the overall behavior of a complex adaptive system.

Clinical environments, such as emergency departments (Ei@hsive
care units (ICU) and trauma critical care are patéirly complex and dynamic.
Changes in staff (due to shift changes, rotatidrstadf, or departure/new hires)
continually alter team dynamics and the plethorteofinology and equipment
create unforeseen demands on clinicians. Thesadalastics allow clinical

environments to be categorized as complex adapyistems.

Data Collection in Complex Systems

In addition to the challenges faced by cliniciahg, very nature of complex
environments makes studying interactions in thgstems difficult as wellThis
is primarily due to @isassociation between the complex nature of the

environment and the tools available to analyze tivgnand workflow processes.



The tools currently used for analyzing processelese environments
include qualitative methods such as ethnographseation, shadowing of
individual clinicians, surveys and questionnair2®|[ The data collected by these
methods can be used to model segments of theallimmrkflow centered on a
particular individual and his or her activities [28lthough the workflow
documented in this manner captures many aspetite aiverall system behavior,
the presence of dense and interrelated interachietygeen various entities often
makes operations in complex environments intraetdbr example, observations
are usually gathered from a single individual’'smaif view. A single observer
may not be able to capture information on commui@oamovement and
decision making, occurring at an instant of timeedretically, by increasing the
number of observers it is possible to capture mab#te information about the
activities in the environment from several perspest However, based on
informal interviews conducted with clinicians, mdhan two observers are
considered disruptive to the clinical workflow. Wiuch constraints imposed on
data collection in complex environments, thereigad for an unobtrusive
alternative that can augment existing methods t# dallection, and help piece
together a more complete description of systembels both from individual

and team perspectives.

Assessment of Behaviors in Complex Systems
In complex environments, adaptations (“deviatiofnefn standards) and the
resultant emergent behaviors provide insight iheogrocesses that shape the
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system. In order to understand the root causerforsein these systems,
researchers would first need to examine the cognitasis of these adaptive
mechanisms. Protocols and guidelines have provee tery useful in
understanding complex tasks by dividing them imtapder observable units.
Typically, protocols and guidelines suggest a sege®f atomic tasks and define
a criterion for success. Checklists, a tool that fr@ven to be very effective in
the management and control of processes in somplerranvironments
(especially those structured by rigid protocolsppgosed to flexible guidelines)
[24-26], are then utilized to assess clinician gemnfance by examining the
adherence to a protocol.

Much of the research assessing behaviors in congylbems follows this
paradigm [27-29]. In these studies, deviations fpatocols and guidelines are
considered to be errors. The IOM, in fact, defiegsrs as...a deviation from
that (protocol, procedure) which is generally h&ddoe acceptable(30].

Although this definition of an error as a deviatisrvalid, the converse need not
necessarily be true. In other words, while cleaflyerrors are deviations, not all
deviations are errors. In fact, it is possible thakeviation from a protocol may be
an innovation designed to maximize patient safegroadaptation to enable the
clinician to simply cope with the environment.

An example of complex social system that is sintibea clinical
environment is aviation. Both pilots and cliniciaopgerate in environments where
teams interact with numerous technology and thes isiginate from a number of
sources in the environment. Errors, in these enuents, occur due to a number
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of reasons; most of which are related to humarr ¢8dj. In contrast to medicine,
however, errors in aviation often involve the lo§snassive number of lives. A
number of mechanisms have been adopted to minienipes in aviation,
focusing primarily on the task of error managememomplex situations [32].

Crew resource management (CRM) [33], a major gafaining in
aviation, focuses on error training individualdhe countermeasures of human
performance limiters (stress and fatigue). Thesetsy measures include
encouraging behaviors such as leadership, contsommnitoring, briefings,
decision-making and dynamic modification of plamsaddition to CRM,
simulation allows pilots to practice dealing wittia® management and receive
feedback about they performance in dealing withgemity [31]. In addition to
technical training, the domain of aviation has grured the need to train both
individuals and teams in dealing with complex efpavne situations, situations
where plans may need to be altered dynamicallgitortthe solution to the
problem at hand.

An example of such an adaptive situation is thergency landing of US
Airways flight 1549 (on January 15, 2009) in theddan River is very well
known. It involved a situation in which the airpéalost engine power shortly
after takeoff. In this case, the flight captaindibés own judgment and followed
some protocols, while departing from others [34] amanaged to land the heavy
plane safely in the river. In emergency situatiahe,US Airways protocol calls
for the first officer to take control of the flighgo that the captain can focus on
making time-critical decisions. In this case, hoarthe captain quickly assessed
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the situation and deviated from the protocol. Hektoontrol of the plane instead
and left his first officer to go through the chaskfor restarting the engines. The
decision was made because he felt that he wasdhe experienced pilot (and
consequently had a better chances of landing idjie #afely), while his first
officer was more familiar with the specifics of thecraft and would be able to go
through the checklists more efficiently. The plaves in the river before the first
officer completed the first page of the three-pelgecklist. This is an example
where deviations from protocols (a dynamic alterath action plan) resulted in a
positive outcome.

A lesser known example from aviation is that of ARiance flight 447 that
disappeared over the Atlantic on June 1, 2009.afadysis of the black box
(published in December, 2011) revealed a disturbiming [35]. The pilots
encountered a storm and had to disengage frompaotoThis was not an
unusual situation. The captain then left the h&lnuihior co-pilots for a routine
break. Fifteen minutes later, the plane crashdahdgithe 228 people on board.
The situation called for the junior pilots to comate their efforts in order to pass
through the storm. However, the more inexperienuked of the two was
overcome by the intensity of the situation and reckto a protocol that was no
longer applicable. By the time the captain returteethe cockpit, it was too late
to prevent the crash.

“While (the first officer’s) behavior is irrationalit is not inexplicable.
Intense psychological stress tends to shut dowpadheof the brain responsible
for innovative, creative thought. Instead, we temdevert to the familiar and the
well-rehearsed ...It's not surprising, then, thatid the frightening disorientation

of the thunderstorm, (the first officer) revertedlying the plane as if it had been
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close to the ground (normal conditions), even thotings response was totally ill-
suited to the situation[35].

This example highlights the fact that complexitysbme cases, cannot be
controlled by protocols and standards. Individugderating in such environments
may be required to step outside the boundariestahtlard solutions” in order to
solve time-critical problems. Based on safety maddms implemented in
aviation it is evident that there is a need foeeesh in medicine that examines
the adaptive behavior of experts in order to imprthe existing criteria for

evaluation of performance in complex clinical eowiments.

Mixed Method Framework for Complex Systems
The research described in this manuscript exantiveease of protocols and
standards in a complex clinical environment with émd goal of understanding
the cognitive mechanisms that initiate errors gsthsystems. The complex
system under study is trauma care, a process augumra critical care
environment. Trauma care is a highly dynamic precé&gpically, teams of
clinicians (with varying expertise, background aakks) treat a patient under
critical conditions. The environment can becomeoticavery quickly, due to the
unpredictable nature of trauma cases and the wiaaited clustering of events.
This makes trauma critical care a good represestativironment for complex
clinical systems.

Lapses in patient safety in trauma care and oth@ptex environments

have been linked to unexpected perturbations moali workflow [36, 37].
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Effective workflow analysis is thus important todemstanding the impact of
these perturbations on patient outcome. The typedhods used for workflow
analysis, such as ethnographic observations aadvietving, are limited in their
ability to capture activities from different perspiges simultaneously. This
limitation, coupled with the complexity and dynamiature of clinical
environments, makes understanding the nuancemafatiworkflow difficult. In
this work, a hybrid methodology is presented fgtaang and analyzing
workflow in complex environments.

Workflow analysis is an integral part of medicaloeresearch. A
workflow is a description of a sequence of opersior activities performed by
various entities or agents in the system [38]rdtviles a description of the
context and conditions in which errors occur. Qarahalysis of workflow can be
employed to model the distribution of cognitive wand the information flow in
complex environments. For example, Malhotra ef2a] utilized ethnographic
observations and interview data to analyze the flawkin an intensive care unit.
The workflow analysis helped the team to develgpgnitive model from which
details of information flow could be extracted.

This type of analysis could lead to the discovdriatent systemic flaws
that potentially result in adverse events. In addjtmonitoring and assessment of
workflow in complex clinical environments can pradegiclues regarding the
efficacy of patient management. For these reastndying workflows in clinical

environments is an important aspect of patient aacesafety research.
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Critical care environments, being complex adapsiystems, can become
intractable when examined using qualitative methafd$ata collection.
Observations, while rich in description, may ngptcae the cluster of events that
occur simultaneously. There is a need for an unshte alternative that can
augment existing qualitative methods of data cttbec This will help researchers
to piece together a more complete workflow, botimfrindividual and team
perspectives.

In aviation (a complex social system similar tdical care), a key
component of error analysis is thiack box The black box, as a tangible unit,
refers to devices installed on aircrafts that tlacth communication within the
cockpit of the aircraft, as well as performanceapagters such as altitude,
airspeed and heading. From a conceptual perspetiterdlack box is a
continuous monitoring tool that does not interferth the procedures of aviation
and simply monitors parameters pertaining to tigin€l If some tool akin to a
black box were available for critical care unitsabysis of adverse events would
be far more accurate. The ability to automaticathgk all events that led to the
adverse situation would be of great use in workfitoadeling, error analysis and
training of clinical professionals. In addition, anobtrusive tool would enable
monitoring of workflow without disrupting the actiiles of entities in the
environment.

Methods used to analyze workflow in clinical envineents can be one of
two types -gualitativemethods oguantitativemethods. While qualitative
methods involve subjective observations gatheredebgarchers, quantitative
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methods typically involve the usage of sensor tetdgy or video recordings to

capture data about workflow. The main differencesveen the data captured

using quantitative methods and qualitative metravdsas follows:

(1) Using quantitative methods, accurately time-stangsgd can be obtained.
Human-intensive methods can only produce time-stahgiservations
with near accuracy.

(i) Qualitative methods of data collection producetneddy low volume,
high quality data. On the other hand, quantitamethods produce a high
volume of abstract data that in some way refleceulying workflow.

(i)  Human-intensive qualitative methods are best stdidetbw-intensity
situations, whereas automated quantitative methoglsptimal for data

gathering in high-intensity situations.

Qualitative Methods for Workflow Analysis

Malhotra and his colleagues analyzed the workflowntensive care units (ICU)
in order to understand the process of evolutioeradr in a critical care setting
[23]. Ethnographic observations and interviews weilezed to gather data to
model workflow centered on the entities and aa@siin the environment. The
process of gathering observations involved follayenkey member of the critical
care team and recording all of his or her intecangiwith both clinicians and
equipment. These key players were then interviewerroborate the
observations collected and to delineate their iddial workflows. Using
observations and interviews, a collective workfieas reconstructed by
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combining the individual workflows of each key péaty The developed workflow
summarizes how ICUs function and where errors arst iiikely to occur.
Laxmisan and her colleagues utilize ethnographsenlations and
interviews to analyze the workflow in an emergedepartment (ED) [39]. The
workflow is analyzed to study the cognitive demaimlgosed by the workflow in
the context of the work environment. Multi-taskimgferruptions, gaps in
information flow and handovers during shift chamggge some of the aspects of

the workflow that were studied in detail.

Quantitative Methods for Workflow Analysis
Quantitative methods provide means of gatheringesioiormation about the
activities and whereabouts of entities in an emnment. An entity could be a
person (nurse, physician, patient, etc.) or a nmec(such as ultrasound device).
The tracked activities can then be pieced togdthmrilar to integration of
observations and interviews) to provide an aggezfjaverview of the workflow.
The sensors typically used for entity activity rgotion include passive
infrared sensors, radio frequency identificatiogstand pressure sensors. The
sensors, depending on their type, are utilizeceteat various activities in which
the entity is involved. A number of systems haverbdeveloped for activity
recognition and workflow monitoring using differegpes of sensors. These
systems use the various types of sensors in sombigation to model key
activities of the entity being tracked. In genetlgse sensors are encased into a
physical form representing a tag. These tags casesdifferent types of
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information like movement and location through #msemble of sensors
embedded in the physical form.

In the domain of healthcare, tags have been emglfmyeracking
patients, equipment and staff to gather data thate used to improve patient
care and the efficiency of clinical workflow [40-4&ry and Lenert [46]
developed a system for location tracking of patiestaff and equipment called
MASCAL. The main aim of the system was to aid mre@amlining patient care
during mass casualty situations. RFID tags werd bgdhe system to track the
location of key players (clinicians and equipmentpatient care during
emergencies. This information is integrated witrspanel databases, medical
information systems and other applications (suchase that enable registration
and triage) in order to centralize the managemergsmurces during critical
situations. In addition, MASCAL included interfades centralized management
of various entities in the system.

Chen et al. [45] studied the incorporation of RE¢éBhnology in a clinical
setting in non-psychiatric hospitals in Taipei,Wan. Tags were used to identify
patients and notify clinicians on the status ofgas and patient related
information (lab reports, radiology results etBpeliminary studies showed that
using the RFID-enabled framework decreased thetwast for patients in
intensive care units.

The other technique for activity monitoring is pessing of video
recordings. Hauptmann et al. [47] describe a syst&tnrecognized activities
from videos captured using video processing teclesqThe system was
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developed to recognize activities of daily livilgL) for patients. Examples of
ADL activities include visiting the washroom, eafjrsleeping etc. Cameras
placed at key locations within the environment jled video feeds. These video
feeds were processed to identify the patients aaa donclusions on the possible

activities in which the patients were involved.

Limitations of Qualitative Methods

Qualitative methods are human-intensive, i.e., tleeyire significant amounts of
human effort for data gathering and analysis. Tégeddency of qualitative
methods on human effort has certain advantagesiaadvantages. The main
advantage is that human-intensive methods usulg gata that are of high
quality. These data are detailed and descriptive pmtentially insightful
inferences can be made using qualitative analysteese descriptions. The
disadvantage, however, is that the dependenceapiepfor data gathering and
analysis limits the capabilities of these methadsapture important details of the
collective workflow in a critical care environment.

Observation gathering is a classical qualitativethad for workflow
analysis that suffers from its dependence on hueffart. It is difficult for
individuals to monitor and document all activitieésit occur at every instant in a
dynamic and complex environment. Interviews, ondther hand, suffer from the
poor recall of events on the part of cliniciansnigeinterviewed. Facts about
events may be altered as the memory of the evemges temporally (post-hoc
bias). Other real-time methods of data collectiochsas audio and video
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recording systems not only require consent fromiakns to be used to gather
workflow data, but also require significant humdiors for processing data
collected to retrieve meaningful information. Ppebcessing of real-time data
involves manual analysis of audio and video datarder to detect various
workflow events. The real-time data can then beuahly annotated with the key
events that have been detected. This process esdunire, effort and researcher
expertise in order to be completed successfullghSimitations make these

methods more suited for workflow analysis in simdev-activity environments.

Limitations of Quantitative Methods

In most quantitative methods, sensors for monitpaativities and locations are
placed at pre-defined locations. The rigid infrasture often makes installation
costs prohibitive. In addition, maintenance camcdplicated if spatial
configurations are altered. Another issue lies wh#dmodeling approaches
employed to track workflow. In all the current sysis, the sensor systems are
employed to determine the location of the entifiesn which activities are
estimated. This system works well if the locatidantification is reasonably
accurate. However, RFID systems can often be highlyneous, resulting in
close to 200% errors in location estimates [48Fdtmn in these systems is
determined by geometric triangulation methods tiaake limited performance in
environments with electromagnetic fields. Sincaichl environments require
large amounts of equipment, it is impossible totrior electromagnetic fields.
To account for this high rate of error, activitteat are covered by the current
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approaches limited to macro-level movement-baséditaes such as entering a
room or going from one area of the hospital to hantCurrent systems are
limited in documenting activities that occur in dl@aarea, because the sensors
cannot discriminate location in these environmevits acceptable accuracy.
Video-based tracking suffers from similar issudse Tocations of cameras
are fixed. Areas need to be analyzed to ensurdlbatameras cover all parts that
need to be monitored. In addition, real-time analg$ videos for entity
recognition can suffer from typical video procegspgmoblems, such as occlusion
of entities by other entities, noise, motion blumgven lighting and so on. This,
coupled with the requirements of privacy and seguoften render video-based

capture unusable.

Proposed Framework for Assessment of Behaviors indnplex Systems

As both qualitative and quantitative methods haleaatages and disadvantages,
an improved solution for workflow monitoring can tietained by combining the
two types of methods.

Figure 2 depicts the framework of a mixed methgas$esn for monitoring
activities and behaviors in complex critical canwieonments. Such a framework
supplements existing methods of data collectiomlftptive observations) with
guantitative methods (use of electronic tags amticanecording) to capture
activities in the complex system. In addition toveleping a quantitative activity
models, a theoretical model of deviations (adaptadi is developed to support
this mixed methodology framework. The qualitativelysis combined with
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guantitative metrics obtained from tags and audamrding can provide deeper
insight into adaptations from which the emergeittdveor of the complex system

can be inferred.

QUALITATIVE

=z
o Observations |
5o Shadowing
w a
a0
5' |:E Integrate and Identify Activities
2 g QUANTITATIVE Process Data (Adaptations)
P Infra-red Tags
D Accelerometers —

Audio Recording

Infer Emergent
Behaviors

Figure 2. Conceptual framework of system for mamiigp critical care

The work described in the manuscript can be broddiged into three
segments. First, an introduction to trauma critgzk environments is provided.
In this segment the guidelines and standards feltbin trauma critical care is
discussed, placing it within the context of theidians and teams interacting in
trauma care. Following a description of the enuinent, the methods for
developing quantitative models of activities irutrea care is discussed. This
section presents the work dealing with the usadiorfrequency identification
tags for automatically detecting activities in traicare. Unlike infra-red tags,
RFID tags do not require a line of sight with otteggs to record information.

Hence, RFID tags are utilized to gather the quainig data. Observations
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gathered complement RFID data by providing a dedadlescription of
communication and interaction activities that carb®captured using the tags.

Finally the last segment deals with the researcthemevelopment of
gualitative models of deviations from standards@uma care. In order to assess
the deviations from standards (as detected by daawe models of activity), it is
important to understand the various types of denatthan can take place in a
complex system. In addition to describing prelimyn@xplorative) research in
the domain, the extended study of deviations apeémxents conducted to assess
inter-rater reliability in classifying the deviatis is elucidated in this section.

This research described in this work is one offitls¢ to examine the
cognitive basis of adaptive mechanisms of clinisismmedicine and present a
methodology for studying the same. Through a deepéerstanding of the
cognitive decision-making processes that allow espgnd teams to manage
errors, healthcare systems designed around theipaa of safety can be

developed.
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TRAUMA CRITICAL CARE

In critical care settings, patients are cared fotdams of care professionals.
These teams typically involve clinicians with vangibackgrounds and expertise,
working in a collaborative manner. A patient matemct with as many as fifty
different employees (including nurses, physiciamd #chnicians), during a
typical 4-day stay at a hospital [49]. These teaperate in environments with
dynamic social structures [39] and are requireadapt to varying task demands
and coordinate their efforts to carry out actiatreecessary for task completion
[50]. Team decision-making is a key factor that acis co-ordination among
individuals involved in the patient care process.

In trauma critical care, clinicians follow the Adwzed Trauma Life
Support (ATLS) guideline [51], developed by the Armoan College of Surgeons
(ACS). It is mandatory that this protocol be folledvin every Level 1 trauma
center for accreditation purposes. Research hagrsti@at the ATLS protocol is
effective in improving the quality of care in traaroenters across the United
States [52]. The tasks and goals for “Initial Syraed Management” of the
patient are common to both physicians and nursesr(sarized in Table 1). The
guideline can be divided into three sections: (finary survey and resuscitation,
(i) secondary survey and examination, and (iifjrdéve care and transfer. In the
primary survey, all immediate, life-threatening ddrons are mitigated. Once the
patient’s vital signs stabilize, a thorough heade® examination can be
performed. Information obtained from examinatiocausd diagnostic tests) allows
the trauma team leader to make decisions relabiriget care of the patient.
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Table 1. Key steps in Initial Assessment and Mamaege ATLS protocol

1. Airway with cervical spine protection
(SH}F’fimEﬁ‘ 2. Breathing
Lurvey ) : !
e emeta e 3. C?rculg.tmn?mthantrnlfure#ernalher‘rprrhage
ABCDE's 4. Disability with brief neurological evaluation
5. Exposure/Environment
1. Crovgenation and ventilation
(B) : :
o O 2. Shnckmanagememanddelr.rer:.rufflumﬁ
3. Management of life-threatening problems
1. Maonitaring
a Arterial blood gas analysis andventilator rate
b. End-idal carbondioxide
c.  Electrocardiograph
(C) Adjuncts to d Fulse oximetry
Primary Survey e Blood pressure
and - 2. LIrinary and gastric catheters
Resuscitation 3. X-ravs and diagnostic studies
a. Chest
b. Pelvis
C. C-5pine
d. Diagnostic peritoneallavage or abdominal ultrasonography
1. Head and skull
2. Maxillofacial
(D)Secondary | Meck
Survey, Total ’
Patient L (EEl
Evalqatinn: 5. Abdomen
F’h{.rsn_:al . . FerineumBectumfagina
Examination
and history T. Musculoskeletal
3. Complete neurologic examination
9. Tube andfingers in every orifice
1. Computerzed Tomography
(E)Adjunctsto | 5 cpnirastX-ray studies
the Secondary :
Survey 3. Extremity X-rays
4. Endoscopy and ultrasonography
ga}rDEefinitive Based onthe diagnosis, patienttreatedin trauma care (if applicable)
(G) Transfer Based onthetype of care needed, patient may be transferred (to the

operating roomarintensive care unit) ar be discharged fromthe facility

In addition to providing a systematic way to trpatients, the ATLS
guideline serves to establish a common vocabutaryniulti-disciplinary trauma
teams to function effectively. The guideline witbw be described in detall,

placing it within the context of the environmermtsks and goals.
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Trauma Team Structure
Trauma teams aid in rapid identification and treaihof life-threatening
conditions. They are responsible for: (i) assessmokthe patient upon arrival, (ii)
resuscitation and management of critical conditiamsl (iii) diagnosis and
transfer of the patient to the appropriate facilithie core team typically includes
the attending surgeon, residents, an anesthessglagid nurses. Supporting
members include a respiratory therapist, pharmaaidtan X-ray technician.
Roles and responsibilities are well defined fomt@aembers. The trauma
team leadesupervises the trauma care, making major decisindslelegating
work to other members of the trauma team. The teal@ad may be assisted by a
resident physician. Thassisting physiciaperforms hands-on evaluation and
treatment. Th@rimary trauma nurseés responsible for the immediate care of the
patient. He or she may be assisted byise recordewho documents events in
trauma workflow sheets. The structure of the ceaart is often dynamic. Roles of
the team leader and assisting physician may séiéen residents and the
attending trauma surgeon. In teaching hospitalsnding surgeons mostly play

the role of a guide overseeing residents servirtheasrauma leader.

Trauma Information Sources

In trauma critical care, the information availatdehe team evolves as new
observations are made, tests are analyzed andltoaseiobtained. Trauma
teams receive information from a variety of sournoetuding pre-arrival patient
information, trauma workflow sheets, the patietahsigns monitor, x-ray
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images, computerized tomography (CT) scans, didgnosls to analyze blood
and urine samples, and information shared by ather providers [53].

Although team members follow the same guidelindreating the patient,
the boundaries of an individual’s role (within tileam) impact the types of
information processed and utilized by each team beenfor example, x-rays
and CT scans are always assessed by the traunea, leduch forms the basis for
decisions about treatment and definitive care efgatient.

In such conditions, one of the main challengesddmeteams is decision
making with evolving information. Often the com@enedical history of the
patient may not be available when critical decisibave to be made. Trauma
teams may be required to adapt they decision magngore information

emerges.

Trauma Scenario Walkthrough

Irrespective of type of trauma, certain key stesperformedif quasi-
sequential order, to evaluate the patient. In this section, a watkugh of a
typical trauma case scenario encountered at a {letraluma facility is presented
(workflow depicted in Figure 3). The workflow inratrma care can broadly be
divided into (i) primary survey and resuscitatiif),secondary survey, and, (iii)
tertiary survey and definitive care. In the follogisub-sections, the activities
performed by the team in these three categoriedemeribed. Note that this
scenario is based on workflow observed on sitbatevel-1 trauma center as
well as on the existing literature on ATLS guidelimplementation [51].
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Motification of Trauma

Patient Amval Preparation
¥
Airway 1= Disability
Assessment Assessment
Breathing and
Ventilation +—» Resuscitation
Assessment
l Exposure and
Circulation —»  Environment
Assessment Control
Primary Survey and Resuscitation
¥
! Head-To-Toe Examination of: History
-Head, Maxillofacial and Skull
X-rays and ; :
; : | -Cervical Spine and Neck l
SEELECE | gl Chest and Abdomen -
Studies : : : Tertiary Survey
- Pelvis, Perineum and Vagina e
and Definitive
- Musculoskeletal State C
. are
- Neurological State

. Trauma Patient-Related Event

Transfer
ATLS Assessment/Care Event Patient

Figure 3. Trauma scenario walkthrough: typical vilonk observed in trauma

care

Trauma Care Preparation
A trauma care scenario typically begins with anamtement of trauma arrival
with an acuity or case type indicator. This indicas usually specific to the

trauma care site. With respect to a representatnee, Banner Good Samaritan
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Hospital (Phoenix, AZ), trauma cases that may megam anesthesiologist are
classified as “trauma A”. Cases with lower seveaity classified as “trauma B”.
There may be other classifiers that are indepenufesgverity. For example, any
case involving a pregnant woman is classified emitha C”. Based on the trauma
severity or type indicator, care provider team®agse in the trauma unit. In the
case of trauma C, two trauma teams assemble; olesfonother and the other
for the child. As simple as this triaging schemeyrpe, it allows for resources to
be managed effectively within the hospital.

Once the required team members assemble for th#&raare, the
clinicians may have a brief window (often rangingnfi 2 to 10 minutes), in
which they can perform activities to prepare far tase at hand. For example,
clinicians may exchange information about the ingmntase, or scrub and wear
appropriate protective garments. When the patigivies, emergency medical
technicians transfer the patient to the traumaavalyprovide a brief overview of
patient history and treatment provided. At thisnpoihe trauma leader takes

charge of the trauma care and initiates the prirsaryey.

Primary Survey and Resuscitation

In the primary survey, the trauma leader evalutitepatient airway, breathing,
circulation and neurological state (disability Géasgow Coma Scale or Injury
Severity Score metric [54]). This survey is usugllyck and performed within
the first two minutes of patient arrival. Resudoia efforts (orders given by the
leader) and patient exposure (removal of clotharg)typically performed in

26



parallel by other team members (primary nurse asdang physician). When all
life threatening conditions have been addressedeidim proceeds to utilize
diagnostic tests (x-ray, CT scan, blood and uramae testing) as needed to

further diagnose the patient trauma and follow appate treatment.

Secondary Survey and Definitive Care

The secondary survey may be performed while awgttie results of diagnostic
tests and involves detailed head-to-toe examinatidhe patient. Once the
patient is thoroughly examined and diagnosticitdstmation is available, the
trauma leader proceeds with formulating a treatrpéant. At this stage, he/she
may consult with the mentor (attending surgeorg specific specialty consult
(for example, orthopedic or plastics consult). Téeem may then proceed with
providing definitive care (management of conditiowas treated at the end of the
primary survey) and conducting tertiary surveyseduired. When the patient is
ready to be transferred out of the trauma unitpidigent may be discharged or

moved to a room for monitoring and extended treatrbg a consult.

Protocols and Guidelines

The ATLS standard described (and tabulated in Tapis aguidelineas opposed
to being a fixed protocol. A guideline is definesi‘a statement or other
indication of policy or procedure by which to detene a course of action[55].
In contrast, a protocol & precise and detailed plan ... for a regimen of
diagnosis or therapy[56]. Since trauma care is araplex system that is
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inherently dynamic and unpredictable, providingniciians with a rigid protocol
would limit their ability to adapt to the situat®at hand. A guideline, on the
other hand, does not inherently penalize a cliniéta not performing a particular
step in order. This allows clinicians to adapt gl@eline to suit the dynamic
needs and requirements of the team.

For the purpose of this research, the ATLS gui@enconsidered to be a
set of minimum specifications. The guideline pr@ddjeneral direction for the
team and describes role boundaries, resourcesomstiaints [57, 58]. The
implementation of such a guideline, as opposedetail@éd protocols, can result in
the emergence of innovative and complex behavkfk The key challenge here
is to ensure that the deviations or novel adaptatioade by the team members do
not contradict the purpose of the guideline andsegquoently compromise patient
safety. The following chapter discusses the propdsemework for studying

complex critical care environments.
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QUANTITATIVE ACTIVITY MODELING USING RFID TAGS

This chapter presents quantitative models of agtoéveloped using Radio
Frequency ldentification (RFID) tags. The acti\st@etected, combined with
observations captured can provide a more completerp of the workflow.
RFID tags provide a means to automatic identifgatity, in addition to
continuous monitoring and location sensing. Basicrmation about interaction
among the entities, such as duration, proximity lacdtion can be extracted from
the tag data. These data, combined with qualitaigasures allows one to
construct an intermediate workflow that can be alized in virtual reality
environments. The end result is a system that aotgexisting methods of data
collection to capture a comprehensive view of wionkfin complex
environments.

In general, workflow can be described by (a) théartying cognitive
processes that drive decision making, (b) grossiphlmovement, and (c)
interaction and communication activities. The mixeethodology framework for
workflow analysis system combines qualitative andrgitative methods of data
collection to capture each of these three actwitit-ID tags can provide
guantitative information about movement activitiesaddition to some basic
interaction statistics such as proximity betweea owmore clinicians and time
spent at particular locations. While, these siatistould be utilized to model the
movement patterns of clinicians in the environm@&#ID tags cannot gather
information about specific details of communicatmrdecision making of
clinicians that result in a particular situatioredearchers rely on qualitative
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methods of observations for capturing this kindnédrmation. Figure 4 depicts

the types of activities that can be captured usiwedybrid framework.
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Figure 4. Overview of activities captured and tadized

Traditionally qualitative data collection involvebservers following both
cognitive and movement activities. This is in aiafitto collecting detailed
information about the time of activity initiatiomd the sequence of activities in a
workflow. Use of quantitative methods offers theame to offload the task of
recognizing movement based activities to the autenaégorithms that process
incoming tag data. This system can theoreticallytare any movement activities
that require team members to move at least 8 inel@3s

With respect to the mixed method framework, twdedént streams of
data are collected; (a) qualitative data from obses; and (b) quantitative data,

gathered from the RFID tags. Both the qualitatiseachnd quantitative data are
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obtained from standardized sources. While time-pa&hquantitative data is
retrieved from the RFID tags, observations areeyath by observers shadowing
clinicians in the environment. Observations loggad laptop are automatically
dated and timed and stored in the output observéte The saved time stamp is

then used to synchronize the qualitative and gtaan data sources.

SNiF Radio Frequency Identification Tag System

Quantitative data is obtained usiactiveRFID tags (depicted in Figure 5).
Active RFID tags have an inbuilt power source, leeth® name “active”. In
addition to being portable, active tags use lovelewf energy, ensuring that they
do not interfere with other devices, such as tedepls and other network

connections found in a healthcare setting.

Base Station

Figure 5. Active radio frequency identification (R¥f tag and base station
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SNiF® (Social Networking in Fur) is an off-the-shelfiget RFID tag. The
SNiF tag system comes with portable tags and pa$sise stations. While the
base-stations operate similar to the tags, theyaily serve as location beacons.
They are placed at critical areas in the envirortrbemg studied. It was found
that in a trauma unit, the trauma bays, nursetibstand entry and exit points are
some of the key locations. It should be noted tiase locations will vary from
site to site, depending on variations in the wankifl

The tags record encounters with other tags (tagtagunter) and base
stations (tag-base encounter). For each encounteteoaction, the tags record:
(1) identification number of the tag or base statiotedied,

(i) time and date of encounter, and
(i) received signal strength indication (RSSI) value.

The RSSI value provides proximity information. Thaue is inversely
related to the distance between the interacting, t@gnsequently, it can be used
to measure approximate distances between tagsamedsbations involved in an
interaction. Encounters are recorded at a ra®3¥ pings/second. Temporal
analysis of pings can provide information of duwatof interaction, in addition to
the proximity information. Using information abquioximity and duration of
interaction, it is possible to infer activities,cbuas a resident leaving trauma care,
or a nurse documenting the case at the nurserstélttilizing proximity
information from tag-tag and tag-base encountersbstraction of movement-

based activities can be obtained.
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Use of Proximity as a Proxy for Interaction and Conmunication
In addition to movements, some information abowmicwnication and interaction
can be obtained from tags as well. Consider theasterepresenting “patient
arrival”. When a patient arrives in a trauma rotrayma team members tend to
converge at a trauma bay. Following this, an exation of the patient takes
place. Eventually, a resident may move to the tedap for a consult or the nurse
may move to the nurses’ station to document dedéilse encounter. All these
activities are linked to entities performing sorpee of movement in the
environment and can be inferred from the tag datamally this sequence of
activities can be expressed in terms of time as:
(1) At time t: Patient arrives at the trauma unit and is setitédrauma bay.
(i) At time t: The nurse and a resident check in on the patient.
(i)  Attime t: The resident seeks a phone consult while theerfugads over
to the station to continue with documentation.

Assume the trauma room is equipped with base statad tags, as
depicted in Figure 6. In this diagram, ‘P’ refevghe patient; ‘N’ refers to the
nurse and ‘R’ to the resident on call. The bladidstots denote the locations of
base stations (B1 to B6). Base stations are platedrious key locations; one at
each trauma bay, one near the phone and the cghethre computer. Assuming
that the trauma team members are carrying portabk the following are the
trends seen in the extracted data:

(1) At time t: Tags R and N get close to B1.
(i) At time t;: Tag N is very close to B5 and Tag R is very clusB6.
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Figure 6. Scenario: Patient arrival at a trauma uni

When tags carried by the trauma team convergday at can be
assumed that the patient is being examingd(td that the patient arrived at the
unit sometime before.tlf the patient carries a tag as well, at tim#éhe data will
show tag ‘P’ gets close to base station B1. At tignthe system can
probabilistically estimate that the nurse was doenting the patient report, and
that the resident was seeking a phone consult.

Although the scenario presented is a simplificatbbthe total process, it
provides a conceptual view of how interaction atas can be tracked using
proximity information. As a general rule, any irgetion and communication
activity that is accompanied with measurable moveman be captured by this
system and recognized. Following the same logig,cemmunication or

interaction activity that is not accompanied by mment cannot be captured by
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the automatic analysis system. Additional sensansgive more detailed
information on some of the activities. Incorporataf audio recording (while
ensuring privacy of the subject is maintained) widakilitate automated tracking

of communication between entities.

Activity Recognition using Hidden Markov Models

In this work, Hidden Markov Modeling is used to Baa the temporal data

gathered by the tags and recognize known activitiés a probabilistic modeling

method used for temporal sequence analysis andlrgederation, and has been
widely used in gesture and speech recognitiong&{,

Hidden Markov Models

A Hidden Markov Model (HMM) is a finite set of s&, each of which is

associated with multidimensional probability dilstriions. Transitions among the

states are governed by a set of probabilities aatknsition probabilities. In a

particular state an outcome or observation carebermted, according to the

associated probability distribution. There are ¢hitendamental variables that
must be determined to generate models of activity;

0] Initial state probability, — This is a set of probabilitieg, which indicates
the probability of the starting or initial stateitgi. can be represented
by aNx1 matrix where N is the number of states.

(i) Transition probabilityA — A set of probabilitiesy; wherea; indicates the
probability of the operator transitioning from gtato statg. HenceA is
represented by l[dxN matrix.
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(i)  Bias probability, B - a set of probabiliti&gk) whereb;(k) is the
probability that symbdk is observed at stateHence B is represented by
anNxM matrix where N is the number of states and M is the rarmob
observation symbols.

The HMM is then represented as ( ,A,B), where the observed
sequence is modeled as a state machine, wheretutient state is dependent
only on the previous state. Using HMMs requiresisohs to the following basic
problems;

(1) Given a model = (A,B, ), what is the probability that a given observed
sequenc® belongs to, i.e.,P(O| )?

(i) Given, =(A,B, ), what is the sequence of states{i 1, iz, i3, i ... it} (T
is the number of observed symbols) such (&, 1| ) is maximized?

(i)  How can the HMM parameters AandB be adjusted so as to maximize
P(O, 1] )? This is also known as a training problem or trgran HMM.
The current problem at hand is activity recognitismg HMMs. The

observed sequence, in this case, is temporal Oats ancounters obtained from

the tags. In order to develop robust activity HMMata that describe controlled
samples of activity are obtained from the RFID tadsltiple samples are
captured for each activity of interest. A databaflseamples for each activity
facilitates training the HMMs for each activity gileby creating a library of

HMM activity models for each activity. The followgrare the steps to train and

test HMMs:
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0] Obtain data from tags for specific (marked) adggtor motions. This is
obtained from qualitative data collected (obseoratiand interviews) in
addition to tag data.

(i) Use marked data to set the parameters of the HMiM train the model

(i)  Test the HMM, by evaluating if test data are appedply recognized

Algorithm for Testing HMM (Forward-Backward Method)
This method defines a variablgi) called theforward variableas follows:
() = P(0,02,0s, ... O, i=1i] )
This is the probability of the partial observatggguence up to the
positiont, At statei at position (i) is given by,
(i)

(i) Fort=1,2,...T-1, ,

(i) Then,

Step 1 refers to the probability for picking stasend generatin®;. The
probabilities then generated by step 2 represansitioning from a state at t to a
state at t+1 and generati@g.. InductivelyP(O| ) is found. A backward

variable (i) is defined as:
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This is the probability that a sequence fror to T is observed, given the
statei at timet and . is given by,
(i)

(i) Fort=T-1,T-2, ...1, ,

(i) Then

Both the forward and backward procedure can sav®(O| ) in N°T
time. Practically a test sequence is divided into parts by breaking it in the
middle. The first part is solved using the forwaediable and the second part is
solved using the backward variable. These proliesilare then combined to find
the probability of a test sequence being closbééayiven HMM. Since a library
of HMMs is available, it is possible to find theopability of the test sequence
being close to each of the HMMs in the library. HMM that generates the
highest probability for a test sequence is the wigtiMM for the given test

sequence.

Algorithm for Training HMM (Baum-Welch)
This method is used in the training phase to firelHMM for a particular
activity. All the tag data pertaining to a singtiaty are used to train a HMM

for that activity. The functio(O| ) is called the likelihood function. Assume:
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#
This is the probability of being in statat timet, given sequenc® =

01,0, ... .G and . From Bayes theorem,

#
Where and are the forward and backward variables defined
previously. A variablé is defined as:
$

From the derivations, the following is obtained:

It can be seen that summing#p fromt=1toT provides the number
of times state is visited, or summing up only up 161 provides the number of
transitions out of state Similarly, summing$ from t=1 to T-1, the number
of transitions from stateto statg is obtained. Therefore,

%% # = Expected no. of transitions fram
%% $ = Expected no. of transitions fronto |
The re-estimation formulae are as follows:
#

%% $
%S #

% (. #
% #
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These are the updated parameters for the new HMhgrefore the
algorithm proceeds as follows. Obtain the initiéiM. CalculateA, Band .
EstimateP(O| ) until reaching a sequence lengtiRe-estimate the model and the
likelihood function. These steps are done repewptadil the likelihood function
IS maximized.

Once a library of HMMs is built with one HMM for el activity, using
the algorithms described, models can be developédested. As with any
method, HMM-based activity recognition has certaivantages and
disadvantages. The key disadvantage of HMMs ligkarfact that the amount of
data that is required to train an HMM is very largaother issue with HMMs is
that they require positive data to train with,,iie.order to effectively train an
HMM to recognize a class of activities, researchegslire a carefully constructed
training set that best describes the activity. Hmvethese disadvantages are
outweighed by the capability of a trained HMM tantdbe variations in the style of
execution of an activity. Activities can be perfadin a different manner in
critical care environments, and it is important titie model of activities accounts
for these variations. By training the HMM systenthis manner, it is possible to
recognize the motion and some communication as/iegardless of the
deviations. In addition, HMMs scale well, sinceytloan be trained to learn
activities incrementally. New activities can banea for without affecting
models of previously learned activities. For thesesons, HMM was chosen for

the development of activity models and activityagmition.
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System Evaluation

The experiment conducted evaluates that the acgofache HMM-based
activity recognition system in recognizing clini@adtivities involving movement
patterns in a lab setting (setup depicted in Figiréccuracy, in this work, is
measured as the ratio of the number of correcdptified test sequences to the

total number of test sequences.
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Figure 7. Test setup for simulated clinical aciast

Evaluation Setup
In order to test the HMM-based activity recogniteystem, commonly occurring

movement-based tasks in the trauma unit were iitleatian example being
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“physician moving to phone for a consulfThese activities were then simulated
in a lab setting.

The setup for the testing involved the creatioa @0 ft. by 20 ft. grid in a
lab setting (setup depicted in Figure 7). Six kstagons (depicted by black solid
circles) are placed in predefined locations (Based 4 at Entry/Exit points 2 and
1 respectively; Bases 2 and 3 at Beds 1 and 2; Bas¢he phone on nurse
station; Base 6 at the computer on the nurse sdafltnis is congruous with base

station setup in the real-world scenario.

Data Collection

A total of 15 trauma activities (listed in Tablevgg¢re simulated in a lab setting,
with 10 tags and 6 base stations. Multiple samplesach activity were captured
using the RFID tags. Each sample involved a tagygitly (researcher) following
the movement pattern prescribed for the activity was performed with 10 times
with 10 different tags, totaling 100 samples focleactivity. This ensured
sufficient randomization of activity movements, agoting for inter-tag
variability as well. Out of the 100 samples gatkeia each activity, 50 samples
were used to train the HMM for activity recognitjand the other 50 were used
as a testing set to evaluate the algorithms’ acgura total of 1500 movement

samples (15 activities x 10 samples x 10 tags) wgatleered for this experiment.
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Table 2. Activity list and corresponding clinicastriptions

Activity | Movement Clinical Description
Al 1-to-2 Faged physician/nursetends to patient on bed 1
A2 2-to-3 Fhysician/Murse moves to treat patient on bed 2
FhysicianM™urse leaves Trauma through entrylexit 1
A3 3-to-4 B :
aftervisiting patienton bed 2
FhysicianM™urse enters Trauma through entrdexit 1
Ad 4-to-5
and attends to the phone
FhvsicianM™urse after attendingto a phone call move
AB A-to-G :
to use the computer atthe nurse station
Al G-to-1 FhysicianMurse leaves Trauma through entryfexit 2
AT 1-to-4 FhysicianM™urse enter and leave Trauma
FPhysicianM™urse enter Trauma through entryfexit 1
AB 4-to-G :
and move to use the computer atthe nurse station
After using the computer phvsidannurse move to
A8 G-to-2 :
treat patienton bed
Aftervisiting patienton bed 1, physician/nurse leaves
A0 2-to-4 :
Trauma through entry/exit 1
After attending a phone call, physiciannurse leaves
Al 5-t0-1 3
Trauma through entry/exit 2
Al2 1-t0-3 Faged physician/nurse attends to patienton bed 2
A13 340-5 Aftervisiting patienton bed 2 physician seeks a
phone consult
Ald 540-2 After cnmp_leting a phone call physiciannurse moves
to treat patienton bed 1
A15 1to-6 Aftertreating patienton bed 2 physician/nurse move
ool to use the computer atthe nurse station

For each RFID tag-base pair or tag-tag pair anumeo is recorded every
3 to 4.5 seconds. These data are captured in antimalelated manner, i.e.,
encounter information is communicated by detedtiifigrences in the time of the
encounter rather than the frequency. This resuléssparse matrix when
considering the entire tag-base station configanatiigure 8 depicts a sample of
the matrix generated. The encounters of a tag K base stations A, B and C
(gray filled boxes) are shown in a 60-second-lamgline. Linear interpolation is

used to fill missing data in this sparse matrix.i/this methodology provides an
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RSSI value for all base stations at all instaniteg]ds some noise to the system

that may affect the overall activity recognitiorcaracy.

Figure 8. Sparse matrix of tag-base encounters

Results
Figure 9 summarizes the recognition accuracy ferlth motion patterns (Al to

A15) elucidated in Table 2.

Figure 9. Hidden Markov Model (HMM) based activigcognition results
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A mean recognition accuracy of 87.5% was obtaingith a maximum of
90.5% and minimum of 84.5%. The analysis of th@irectly classified test
samples revealed that misclassifications werewtretvariations in the training
set. As discussed previously, HMMs must be tramed well-controlled sample
that best represents the activity. Obtaining tregrdata from real-world scenarios
is bound to have variations that may compromisejtiadity of models generated.
Additional sensors such as accelerometers couldilmed in conjunction with

RFID tags to improve the activity recognition rates

Study Limitations
The primary challenges to training HMMs for vari@agtivities lie in: (i)
developing a controlled set of samples that bgsesent the activity being
modeled, and (ii) the current limitations of RF&ys. The linear interpolation
adopted for dealing with missing data introducethir errors into the system.
The recognition accuracy of the system can be irgardy: (i) increasing the
sampling frequency of tags, (ii) using alternatehmods of interpolation to fill the
sparse matrix, and (iii) incorporating acceleromseteith existing tags to refine
data describing the movement. Since the currergréxents were conducted in a
lab setting, further evaluation and testing withltipie tags in critical care units
would be required to complete the validation o$ thystem.

A key limitation of this approach lies in relianee movements and
patterns of movements. Such an approach will nalilgemiss the activities when
the entities are not moving. However, in an envinent such as critical care, a
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large percentage of activities do involve movemgeautsl activities that do not
involve movements can be captured by an observer.

Although this system eases the burden on the ofs@mho can then
capture high-level cognitive details of examinatand leave the low level
activity details to the automated system), in otdezapture non-movement based
activities in complex systems, and a classificabbactivities of interest is
required. This research deals with studying adagighaviors in complex
systems. The following chapter presents prelimimasgarch in the development

of a classification schema for deviations in traugmfical care.
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DEVIATIONS FROM STANDARDS IN COMPLEX SYSTEMS

From the initial days when there was a simple depttient relationship,
healthcare today has expanded to include a muttitdidactors that increase the
complexity of the system. In order to cope witlstbomplexity, clinicians tend to
develop ad-hoc adaptations to function in an effeahanner. It is these
adaptations or “deviations” from expected behathat provide insight into the
processes that shape the overall behavior of thglex system. In this chapter, a

theoretical framework for assessing clinicians’id&ans is presented.

Preliminary Classification of Deviations in TraumaCare
Deviations can be broadly defined as steps perfdrimat are not on an accepted
pre-defined standarétor the analysis of deviations in trauma care, the
appropriate guideline or standard available is ATRH. The preliminary
classification is based on field observations otafes conducted in a Level-1
trauma unit at Banner Good Samaritan Medical C46&r

Deviations can be broadly classified as errorspwations, and proactive
and reactive deviations. Whereas errors are defsatkviations that potentially
impact patients and their treatment outcoragatively innovations are deviations
from the protocol that mayositivelyaffect the patient’s outcome. In addition to
errors and innovations, there are some deviatiwaisdo not directly impact
patient outcomes but rather are actions demandédebyynamic nature of the
complex environments. Deviations performed in rneacto patient-specific
actions or condition changes are classified agik@adeviations, while steps
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taken to improve the efficiency of the trauma dayeanticipating future needs are
classified as proactive deviations. Using this wimaframework, individual (or
unit) deviations identified using ATLS protocol fanitial Assessment and
Management” (detailed in Table 1), are classifeedriswer the following
guestions:
(1) How often do the trauma team members deviate ftamdgrd practice?
(i) When clinicians deviate, what are the types of akams made?
(i)  How do these types of deviations vary with the exgpee (level and type)
of the members of the clinical team?
In the following section, the initial study condedton deviations in

trauma care and the associated results are eladidat

Methods

Study Site Description

The field observations for this work were conduate8anner Good Samaritan’s
trauma unit, one of 6 Level-1 trauma centers inRheenix metropolitan area.
Approximately 3000 patients are treated annuallhis 5-bed unit. The trauma
center has dedicated hospital resources for theagesment of trauma patients
throughout all aspects of care, including initrehkiation and resuscitation, acute
care and rehabilitation. In addition, the traumd oallaborates with surgeons
from neurosurgery, cardiothoracic, vascular, orduhp, plastics, ophthalmology,
urology and internal medicine departments to previte required care for
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incoming patients. The trauma team (present dwuggy shift) includes 1 trauma
resident, 2 trauma nurses, 1 trauma attendingedthesiologist, 1 to 2 junior
residents, 1 to 2 medical students, and radiologlylab technicians. Trauma
nurses supporting the trauma leader are experiaegestered nurses (RNs) with

5-10 years of critical care experience.

Data Collection Methodology

This study was approved by the Institutional Revigvard and the informed
consents were obtained from the participants oh eacounter. Field
observations were gathered by one researcher quemal of 3 months from
December 2009 to February 2010. Trauma cases¢hatred between 9 am and
9 pm (Monday through Thursday) were observed. €kearcher logged
observations simultaneously as the trauma teartetteéhe patient. All
observations were gathered unobtrusively. Clatifoces about the events that
occurred were obtained from clinicians betweennragvents.

Within the time period specified, a total of 10umaa cases were observed
with 7 attending trauma surgeons (experts), 7 jutnemma residents (novices in
the first and second year of residency training) arsenior residents (in the third
and fourth year of residency training). The trawrases were of 2 types; trauma
A and trauma B (trauma A refers to high criticaigses that require the presence
of an anesthesiologist, while trauma B cases argetbases that are classified as
low criticality). Out of the 10 cases observedheicases were trauma B cases and
two were trauma A.
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Analysis Methods
The ATLS standard for Initial Assessment and Manag@ was utilized to assess
these cases for deviations. Irrespective of thegdyyd the cases, all steps of the
Initial Assessment and Management are requiree tolbbowed by the core
trauma team. This allows for a valid comparisomeen the 10 trauma cases.
The analysis of the data was performed by one relseain collaboration
with an expert trauma clinician (an attending). @&wns identified (through
consensus) are classified as errors, innovatiagngagcfive or reactive deviations
based on the preliminary classification schema. ddta set was then analyzed
using statistical means and interpreted to answeeqtiestions outlined in the
previous section. Independent group t-test was tes@édd the differences
between numbers and types of deviations in trauraaditrauma B cases. A p-

value ofp<0.05was accepted as statistically significant.

Results

Mean Deviations per Trauma Case

The results are presented as mean (W) £ standaiatide ( ). Figure 10 depicts
the mean deviations that occurred in the 10 tracasas for: (i) trauma A and
trauma B (9.1 £ 2.14), (ii) trauma A (14 + 1.4Inddiii) trauma B cases (7.5 £
2.79). The mean numbers of deviations in traumages were higher compared

to the mean deviations in trauma B cases. Typicatiyma A cases involve

50



unstable and unpredictable patients. Consequeh#ytrauma team makes a

relatively larger number of deviations to adaptht® dynamic situation at hand.

Figure 10. Mean deviations per trauma case

Deviation Distribution and Trauma Severity

Figure 11 shows the distributions of (i) errorafima A: p = 1.5 £ 1.06, trauma
B: u=2.63 % 1.1), (ii) innovations (trauma A: |05 = 0.35, trauma B: p = 0.75
+ 0.7), (iii) proactive deviations (trauma A: 4 & 0.35, trauma B: 1 =0.38 +
0.37), and (iv) reactive deviations (trauma A: AE5 + 1.06, trauma B: p = 4.13
+ 1.15). From Figure 11, it can be seen that emwake up a small percentage

(26.38%) of the total deviations in the 10 trauraaas. This is an important result
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from these observations, since it points to thatditions of the current strategy of

marking most deviations as errors in assuring ca@npé to a standard.

Figure 11. Deviation distribution in two traumatsegs

The proactive and reactive deviations were sigaifity higher in trauma
A when compared to trauma B cases (p<0.05). Thieadrcondition of the
patients in trauma A cases and the individual matdithe problem cause the
trauma team to deviate often in order to managenigue situation at hand. The
analysis also showed that most of the deviatiorre weactive in nature, in both

trauma A and trauma B cases. This can be attddotéhe dynamic nature of the
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critical care environment. Clinicians are requitedeact quickly to the changes

to ensure efficient operation in trauma care.

Deviation Distribution and Clinician Expertise
Figure 12 depicts the total number of errors amdwations made by core team

members in the 10 trauma cases observed.

Figure 12. Error and innovation as a function ghextise

In this study, the experts made no errors as detfim¢he analytic
framework. Care givers with lesser expertise (ftbe3° and 4" year resident to
the £'and 2° year residents), made fewer innovations, when evetpto the
experts (attending trauma surgeons). While intefatedlinicians (% and 4"
year residents) made more errors compared to tiedigs, novices {land 2°
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year residents) made more errors than any othepgrbclinicians. Trauma
nurses and technicians show little evidence ofwation. Although this low
frequency of innovation cannot be attributed tacklof experience, it can be
hypothesized that within the confines of their sale interacting with a patient,
there is not much scope for innovation. Nursestanoklnicians are trained to
follow a strict protocol to support the trauma teamd that training may be
responsible for the observed patterns.

Figure 13 provides a snapshot of the distributibproactive and reactive

deviations within the trauma team.

Figure 13. Proactive and reactive deviations asation of expertise
It shows that senior residents make the most readeviations (because
they are performing bulk of the tasks), followedtbg trauma nurses. Junior
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residents who generally assist but may lead a fewna cases also made a
significant number of reactive deviations. Thessavbations show that
leadership role and associated tasks may be cath&cgenerating deviations to

the protocol.

Study Limitations
This study provides supportive evidence for thénthhat deviations do occur in
critical care environments and not all deviatiorsexrors. Deviations from the
standard can be important innovations and aretdiedmplex decision making
and judgment calls at the point of care. The redutim this study show that
expertise of the caregivers and criticality of sigrat's condition influence the
number and type of deviations from standard practic

Although this research was a novel approach faess#isg protocols and
guidelines, there were not enough subjects studiedable tests of significance.
In addition, errors and innovations were defineterms of patient outcome. The
causal effect between deviations and specific patigtcomes may be difficult to
track in critical care environments. For this regdbere is a necessity to define
deviations in relation to protocols and guidelimegead. This will also enable

definitions to be more generalizable to other caitcare environments.
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EXTENDED CLASSIFICATION OF DEVIATIONS IN TRAUMA CAR E
This chapter describes research where deviations $tandards are examined as
a function of expertise and teams in complex @itaare environment [63]. This

work builds on research described in the previdapter.

Deviations from Standards and Expertise

From a cognitive perspective, error, innovation effdctiveness in carrying out a
protocol is intimately linked with expertise of thinicians. Patel et al. studied
the relationship between task difficulty and exiser{64]. The authors employed
semantic analysis and found that experts weretahise a well-developed
knowledge base and superior reasoning strategigsiioal reasoning. Patel and
Groen [65], in another publication, isolated thas@ning process that physicians
go through when diagnosing a clinical case, usaghniques to identify
knowledge structures. They showed that in medi@rperts tend to follow a top-
down reasoning strategy wherein reasoning frompatiyesis is done to account
for the case data, which seemed anomalous whenarethpo other domains.
This is an important finding from the perspectivestudying errors and
innovations. In other domains wherein experts tengather data and assemble
hypotheses, there is scope for significant amofitrtad and error. On the other
hand, in clinical decision making, experts morepnfthan not utilize a top-down
approach to decision making. It has been shownttimmethodology when

combined with experience-driven cognitive conssuesults in experts making
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fewer errors compared to novices. It is plausibé tvhen experts do deviate, the
deviations are more likely to be innovations.

Another aspect of cognition that needs to be adealior is the capability
of a clinician to generalize the given data intoreot diagnoses. Cognitive
research in medicine [66] has shown that clinicicenrs generate different levels
of mental representations, from the very spedifiche very general. The critical
factor in determining generality is typically thegfee of high level expertise of
the clinician, namely, specialized or specific axige (i.e., knowledge of a
particular sub-domain of medicine, such as endotogy or cardiology). Higher-
level representations are generated by these mpegteclinicians, whereas
lower-level and more detailed representationsygieally generated by novices,
or more commonly, intermediate level cliniciangy(esenior medical students,
recent graduates, and residents).

This condition points to the ability of expertsapply generic rules to a
given case, giving them extra cognitive resouroegpiply innovations and limit
errors. Research has shown that experts as a oéshétir practice, learn to
associate individual items in working memory witie ttontents in long-term
memory, which result in the development of concabtuganizations in memory
called retrieval structures [67]. An expert cag tigese retrieval structures to
provide selective and rapid access to long-term angn©On the other hand
novices seem to occupy their working memory ang{@mm memory resources
in the details of the case (due to the lack of meatatrieval structures) which may
be irrelevant. In such type of workload, it maydballenging to innovate, and,
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depending on the workload, one may make extensroeseas is the case in
complex environments. In fact, research confirnas ghkey element of retrieval
structures is their use by experts to elimina&ewant information [68] freeing
working memory for innovative thinking.

In general the literature on clinical expertise/egi clues into the
underlying mechanisms of the relationship betweesre and innovations. One
area of research that has explored the mechanismsavations is study of the
cognitive basis of creativity [69]. This field exyes the cognitive basis
underlying creative thinking and reasoning. It itlié#s conditions that lead to
creativity and innovation and is based on the hygsit that creativity is
supported by pre-invention structures and the exgtlan structures in experts.
This is a very intriguing model for creativity andgnition, but its relevance to
complex domains such as trauma care may be linlitegeneral, the theories
from creativity tend to focus on a free-thinkingoapach wherein timeliness of
creativity is not a big factor. On the other hand;omplex environments such as
trauma critical care, timeliness of decision makamgy fundamentally alter the
innovation process, and it is important to studytirechanisms underlying errors

and innovations separately.

Deviations from Standards and Team Decision Making

In critical care settings, patients are cared fotdams of care professionals.
These teams typically involve clinicians with vangibackgrounds and expertise,
working in a collaborative manner. These teamsaipan environments with
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dynamic social structures [39] and are requireadapt to varying task demands
and coordinate their efforts to complete activiiesessary for task completion
[50]. Team decision-making is a key factor that acis co-ordination between
individuals involved in the patient care process.

Cannon-Bowers, Salas and Converse [70] define thansion making as
a “team process that involves gathering, processmegrating and
communicating information in support of arrivingtask-relevant decisions”. It is
a process that requires individuals to apply tegpertise to filter data and
communicate relevant information and recommendatiorother team members.
This can be affected by a number of environmeiatetioks such as situation
complexity, time pressures, multi-component deaisiand evolving (at times
ambiguous) information [71]. Effective decision nmakrelies on the emergence
of shared mental models and cognition among alptbgiders involved in the
care process [14].

Shared mental models reduce the communicationnetjto co-ordinate
decisions and activities required to complete aqdar task. The team members
perceive and interpret situations in a similar nenihis enables the team to
make decisions and take action effectively. Progdeams with the tools to
promote the development of shared mental modelsaguition is critical to the
development of coordinated healthcare deliverytdeals, standards and
guidelines are one such set of tools. Analysiseviations from standards will

allow researchers to evaluate whetheaptations made by the team members
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contradict the purpose of the guideline and consetiyycompromise patient

safety or quality of care.

Extended Framework for Deviations from Standard Practice

Figure 14 depicts the hierarchy for an extendesisti@ation of deviations.

Figure 14. Extended classification of deviationsrauma care

In previous research [62], deviations were clasdifis (i) errors, (ii)
innovations, and (iii) proactive and (iv) reactieviations. Further examination
showed that deviations could also be classifietidy they affected the trauma
care (Classification 2), and how many members wesraved in the decision

making (Classification 3). In this section, thepogis classification of deviations
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is revisited (providing more concrete definitions the ideations of error and

innovation) and an extended classification is prtesgk

Classification Schema 1

Deviations as Errors

An error is defined as a deviation from the stadddiit: (i) violated a prescribed

order of activities with a negative impact on wdok{, (ii) resulted (directly or

indirectly) in compromising patient care, or (ii@sulted in an activity being

repeated due to failure in execution or a lossfafrmation. Examples of errors

encountered in the trauma cases observed in tidy stclude:
A resident completed the secondary survey priardering chest and
pelvis x-rays. Consequently, obtaining these x-faysliagnosis was
delayed. In this case, the sequence in which giestaere performed
violated the order prescribed in the ATLS stand&idce this deviation
caused a delay in receiving information criticatreating the patient in a
timely manner (and thereby negatively impactinghkflow), it was
classified as an error.
A junior resident attempted to remove the spinadbafore the patient’s
spine was cleared (confirmed not to be injured)s Deviation directly
compromised patient care and consequently wasifodaisas an error.
The lab technician needed to redraw a sample tmdolvork when

additional tests were ordered. The previous saimgdebeen discarded. A
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lack of communication within the team resultedhis tdeviation. While
not as severe as the previous error, the repetfianask by a team

member due to a failure in communication was cleskas an error.

Deviations as Innovations

Innovations are defined as deviations that potiytienefit the individual, team

or patient by bringing novelty to the situatiorhand [72]. Some examples of

innovations identified in this study are given helo
A patient required a translator in order to comroate with the resident.
The team was unable to find a translator. The ditgnasked the trauma
nurse to see if the patient’s family could helpeatient’s sibling was
able to come into trauma facility and act as adiator. This allowed the
resident to continue with his examination, leadmguccessful
assessment and treatment of the patient. The sthpd#ocol of seeking
an in-house translator was violated. A novel stbat(resulted in a
positive outcome) was introduced in the workflowhieh qualifies as an
innovative deviation.
A patient was nervous about the damage done tatesdue to an
accident. In order to calm the patient, the nurs@igded him with a small
mirror so that he could assess the damage for Hini$e patient then
relaxed. For such a case, the guideline provideastouction on how to

deal with a difficult patient. The clinician dewat by introducing an
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action outside the scope defined by the guidebrgutcessfully care for
the patient.

The resident examined a patient’s leg injury (mwdethan 15 seconds),
and ordered an x-ray of the extremity along witesttand abdomen x-
rays. By introducing a brief examination of thguny site, the resident
was able to anticipate a future need and advastepan the standard.
The results were relayed back to the team more pifgrthan if the
prescribed order of steps had been followed. Ttrednction of a novel
step that resulted in a positive outcome on theflaw was considered to

be an innovation.

Proactive Deviations
A proactive deviation occurs when (i) an activéyperformed (without
compromising patient care) in anticipation of aufetrequirement (or lack
thereof) when treating a patient or (ii) an acyi\ivhich may be out of the bounds
of an individual’s role in the trauma team) is penfied in order to correct or
prevent error occurrence. Some examples of praadeviations encountered in
the trauma cases observed include:
A radiology technician set up the x-ray sensor tdar a chest x-ray prior
to the trauma arrival, since the trauma team had betified about the

nature of the trauma case.
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A trauma nurse called the radiology unit to let tiné know that the
technician would not be required, since the scalsaiready been taken
in the previous facility.

The trauma nurse reminded a junior resident trsgtice results have to be

received prior to removal of the spine board.

Reactive Deviations
Reactive deviations occur when an activity is pernied in reaction to an
unanticipated event or change in patient condititiegnostic process or treatment
plans. Examples of reactive deviations found is #tudy include:
A patient was violently reacting to pain and neettede held down by the
trauma team in order to complete the primary suargyintubate the
patient (if necessary).
The results of the x-ray ordered were inconclushgea result, the
resident ordered an angiogram.
A patient, concerned about his facial injuriesuesgied a plastics consult.
The treatment plan had to be altered to accommadbdatpatient’s request.
While in this study, errors, innovations, proactarel reactive deviations
are treated as mutually exclusive, in reality thaegy exist an overlap between
these categories. While further investigation gureed is assess of the schema
should be modified to examine inter-relationshipsa@en the categories, for this

exploratory study the categories are treated asatiytexclusive groups.
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Classification Schema 2

In addition to classify deviations by the impaatytmay have on workflow,
deviations may also be classified by how they implae steps of the trauma
standard. Based on the granularity of the stepadiedifrom and the type of
activity performed, deviations may also be clasdifas (i) process-related, (ii)

procedure-related, or (iii) care delivery-relateviations.

Process-related Deviations

Deviations that may be related to how the guideknenplemented are classified
as process-related deviations. Examples of praedated deviations include log
roll not being performed correctly or an x-ray lggordered after the secondary
survey. In both examples, clinicians deviated fitberecommended method for

guideline implementation.

Procedure-related Deviations

In contrast to process-related deviations, proeedelated deviations deal with
how a specific step in the guideline is perform&ad.example of a procedure-
related deviation is a clinician making an errosiapling a wound. The key
difference between process- and procedure-relaeatibns lies in the

granularity of unit activities in trauma care. Chans in order or presence/absence
of activities are considered as a process-relatgchtion, whereas changes made

to the unit activity itself are procedure-related.
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Care Delivery-related Deviations

Any deviation dealing with the care provided to gatient (not specified in
guidelines) is classified as a care delivery demmtThese deviations include a
nurse providing a mirror to a patient concerneddayal injuries or providing
medications for a patient in pain. Whereas procedeiated deviations typically
involve medical interventions, care delivery-rethtieviations involve activities

performed that support the trauma team and patient.

Classification Schema 3

Finally, deviations may be differentiated by thenmer of trauma team
members involved in the decision making processtitianately resulted in the
occurrence of the deviation. Deviations may besife@sl as (i) individual, or (ii)

team deviations.

Individual Deviations

Deviations initiated by a single clinician are cified as individual deviations.
Examples of individual deviations include a restdmaking an error in a
procedure, or an attending suggested a novel melibgyfor a step in the
protocol or a trauma leader proactively performeegain steps in the protocol. In
each of these cases the deviations were initiateddecision made by a single

individual.
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Team Deviations

Whereas an individual may initiate many deviatig@ne deviations occur at the
team level. Such deviations involve more than dimécan participating in the
event. For example, a resident may decide on amalie course of treatment
based on a discussion with his attending or th@t&uch a deviation is classified
as a team deviation. Table 3, Table 4 and Tablemhsarize the terminology
involved in classifying deviations as describedhis section.

Table 3. Summary of classification schema 1
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Table 4. Summary of classification schema 2

Table 5. Summary of classification schema 3

It should be noted that the three types of clas#itbn schema are treated
as independent of one another. A team deviatiorbeaan error or an innovation,
for example. Such a classification allows reseascheexamine the context of
various types of deviations. This can further thdarstanding of various factors
that contribute to deviations.

In the research described in this chapter thevialig are explored; (i)
various types of deviations that occur in traume c@i) how they relate to
expertise, and, (iii) whether they were initiatgdam individual or by a team. The
following section describes the ethnographic stpeiformed in a Level-1 trauma
unit and presents the results of applying the desdrdeviation classification

schema on the various deviations identified.
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Methods
Field observations for this work were conductedbg researcher from
September 2010 to December 2010 at Banner GoodrBan'mLevel-1 trauma
unit. A total of 20 trauma cases were observeds,Tddded to the 10 trauma cases
previously observed, resulted in a total of 30 sagigh 15 cases being led by 4th
or 5th year (senior) residents and 15 cases lethtdyor 3rd year (junior)
residents. Out of the 30 cases, 6 cases were categ@s trauma A (patient in
critical condition) and 23 cases as trauma B (matdecriticality of patient). One
case was classified as trauma C as it involveeggrant woman. As patient
identifiers such as Glasgow coma scale (GCS) guadyiseverity score (ISS)
were not captured (the protocol involved shadowgilitgcians alone), the
classification of the trauma is used as a proxgsess severity of the incoming
patient.

The trauma cases were observed by one researdchgitius A(x4) model
[73]. This model requires contextual observati@mapshots) to be captured by
highlighting 4 key parameters, namely, actorsyvéets, atmosphere and artifacts.
Observations captured in this manner provide raftextual descriptions of the
situation, which is required for analysis of dewmas.

Each time-stamped observation was compared tootinesponding step in
the ATLS guideline [51] in order to determine (ijpideviation had occurred, (ii)
the type of the deviation and (iii) if the deviaticesulted from individual or team-

level processes. The data were analyzed iterativaiythe number and type of
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deviations stabilized. The analysis methodologginslar to the methods
described in the preliminary analysis of deviati{3].
This study was approved by the Institutional Reviivard and the

informed consents were obtained from the partidgpan each encounter.

Results

A total of 165 deviations were identified from tB@ trauma cases observed. Of
these deviations, 4 were found to be related tdiankactivities in trauma care.
The activities corresponding to these deviatiortutted (i) attendings teaching
residents specifics of trauma care, and (ii) ciane gathering evidence in trauma
cases that resulted from criminal activities. Theés@ations are unrelated to
trauma team expertise or guideline implementaf@nsequently they were
omitted from the analysis.

The 161 remaining deviations are described categlbriusing the
variables (i) training of the resident leading treucare (Variable - Leader), (i)
role played by clinician initiating the deviatiom the trauma team (Variable —
Role), (iii) phase of the trauma standard at whighdeviation took place
(Variable — Phase), (iv) deviation type based assification schema 1 (Variable
— Classl), (v) deviation type based on classificetichema 2 (Variable — Class?2),
and (vi) deviation type based on classificationesca 3 (Variable — Class3). The
severity of the trauma case was not consideredvasable as a disproportionate
number of trauma B cases were observed comparteaitma A during the
duration of the study.
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For each pair of variables, Chi-square analysispeaformed to tease out
relationships that may exist. Table 6 summarizegeisults of pair-wise
relationship tests conducted for the variablesrilesd. Significant relationships
(p-value <0.05) are indicated by bold font.

Table 6. Chi-square p-values of pair-wise relatips between variables

From Table 6 it is seen that (i) expertise of tla@itna leader, (ii) the phase
in which the deviation occurs, and (iii) the rolayed by the clinician have
significant relationships with types of deviatianade. There is also an indication
of a strong association between classification meh& and schema 2. It should be
noted that near-significant relationships are fobativeen classification schema
3 and schemas 1 and 2. This indicates a possibakeoreship that may need
additional data to verify its validity. In the folving sections, the individual

significant relationships are further characterized

71



Deviations and Expertise of Trauma Leader

Although no significant difference was found in frequency of deviations, the
types of deviations made were found to be reladdtie experience level of the
clinician leading the trauma. Chi-square analysisvieen team leader and
deviations classified using schema 1 showed sianfirelationship between
these variables (Chi-sq = 10.4608, df = 3, p = B0)1Figure 15 depicts the
relationship between the experience level of thertra leader and errors,

innovations, proactive and reactive deviations.

Figure 15. Deviations (classification schema 1) explertise of trauma leader

72



Trauma cases led by senior residents had moretpreaeviations and
innovations compared to cases led by a junior ezgicErrors and reactive
deviations were found to be greater in cases lgdogr residents. These finding
suggests that (i) trauma leaders with more expegiane able to adapt (making
innovations) to the dynamic environment while miraimg errors, and (ii)
experience enables leaders to guide a more preactivuma team. Thus, it can be
hypothesized that the proactive nature of expatrira leaders enables them to
anticipate future needs and possible errors, tlyarebimizing resource wastage
and unnecessary negative impact on patient outcomes

A significant relationship was also found betwelaa ¢xperience level of
the team leader and deviations classified usingreel2 (Chi-sq = 7.3179, df = 2,
p = 0.0258). Figure 16 depicts the relationshipvieen leader expertise and
process-, procedure-, and care delivery-relatechtiens. Cases led by junior
residents had fewer care delivery-related deviataomd more procedure-related
deviations compared to cases led by a senior mesidienior residents focused
more on specific procedures. This is indicativéheir level of training. Senior
residents have mastered procedures, and can foalsveloping other skills,
such as communication. The number of process-tetdeiations was found to

be similar for the two groups.
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Figure 16. Deviations (classification schema 2) explertise of trauma leader
Finally, Figure 17 depicts the significant relasbip (Chi-sq = 83.7175,

df =4, p = <0.0001) between role of the cliniciarthe trauma team (junior

resident, senior resident, attending, nurse arfthteian) and expertise of trauma

leader. Whereas the statistics indicate a strosgcestion between the variables,

this could largely be attributed to the importan€éhe trauma leader handing a

case. As seen in Figure 17, most deviations arerbgdhe leader. Consequently,

it is difficult to draw conclusions about flexili of leadership based on the data
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available. However, it can be seen that the attenpliays a larger role in cases

led by a junior resident. This is expected in Zi@ag setting.

Figure 17. Deviations (clinician role) and expexttd trauma leader

Deviations and Phases of Trauma Standard Protocol

Figure 18 shows total number of deviations ideadifat each key stage in the
trauma management standard (Phase 1: Trauma RrepaPximary Survey and
Resuscitation, Phase 2: X-ray and Diagnostic S¢idaase 3: Secondary Survey,

Phase 4: Tertiary Survey and Definitive Care). Aager number of deviations
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were found to occur in the phases following trayreparation and primary

survey and resuscitation (Percentage of deviatrofhase 1: 13.04%, Phases 2-

4: 86.96%).

Figure 18. Total number of deviations in phasesafma standard

Using chi-square analysis, a significant relatiopstas found between
the phase in the standard and deviations classiBedy schema 1 (Chi-sq =
44.255, df = 9, p < 0.0001). As seen in FigureekByrs occur throughout the
various stages of the trauma care, whereas infamgtinly occur once the

primary survey is completed. This is indicativettod level of adaptability the
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guideline allows for in the earlier stages of trautteatment. The primary survey
is protocol-driven, whereas the secondary survelydafinitive care are more

flexible, allowing the trauma team to deviate addg to the case at hand.

Figure 19. Deviations (classification schema 1) phadses of trauma standard
The key difference between an expert clinician amdvice is that expert
clinicians deviate within the flexible portionsthie guidelines, resulting in
innovations. Novices, on the other hand, do ngspss the necessary knowledge
to understand the broader implications of theiloast Deviations made in critical

steps, such as the primary survey, would resuétiior.
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In addition to errors and innovations, it can bensdhat more proactive
deviations occur in the earlier stages of the tmstandard, while reactive
deviations occur in the tertiary survey and defieitcare stages. This is expected.
As more information becomes available to the tedauisions about care of the
patient may be altered in a reactionary manner.

Figure 20 shows the relationship between phaseeofrauma standard to

deviations classified using schema 2 (Chi-sq =9m40df = 6, p < 0.0001).

Figure 20. Deviations (classification schema 2) phdses of trauma standard
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The total number of process-related deviatiosgbker when x-ray and
diagnostic tests are ordered (27.95% in Phaseh®y.iiidicates that certain steps
in trauma treatment may be more adaptable thamotluentifying such critical
steps and monitoring the deviations that occura&pubvide more information
that will help direct guideline updates. In additi the differences in process
related deviations, it is interesting to note ghia@tcedural deviations linearly
increase as trauma care proceeds through the sgrtmses. This is expected,
because the initial phases of the trauma care are facused on examination of
the patient. Once a diagnosis is made and resalts X-rays and diagnostic tests
are obtained, interventions to treat the patientrtra are performed. It should also
be noted that supportive care delivery deviatiwiolargely in Phase 4. In
Phases 1-3, the focus of the team is in examifiagatient. Supportive case is
usually provided after these phases are completed.

Figure 21 shows the relationship between phasaoita standard and
deviations classified role played by clinician i@ ttrauma team (Chi-sq =
51.3650, df =12, p < 0.0001). It can be seenftivaéach role deviations are
biased in a certain phase of the standard. Foosesidents, most deviations are
made in Phase 2 (X-ray and Diagnostic Studies)yedsenurses make most
deviations in care delivery. This indicates thdtshiactivity control between
clinicians involved in trauma care. Experiencediclans (senior residents and
nurses) also show restraint in the phases in wihiel deviate. This supports the
previous statement that expert clinician posses&iiowledge base to deviate
with the flexible portions of the guidelines alone.
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Figure 21. Deviations (classified by role) and @sasf trauma standard

Deviations and Clinician Role in Trauma Team

Figure 22 and Figure 23 show the total number gfadi®ns made by the
individual members of the trauma team for clasatfan schema 1 (Chi-sq =
65.7722, df = 12, p < 0.0001) and classificatiomesoa 2 (Chi-sq = 18.5554, df =
8, p = 0.0174). A statistically significant relatghip was found between types of
deviations and role played by the clinician in tfeama teamExpert clinicians

made more innovations (attendings: 44.44%, PGYd&gklents: 33.33%, trauma
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nurses: 14.81%) when compared to junior residéhts §6). Junior residents on
the other hand made a greater number of errorsahygiother group (63.64%).

These findings substantiate the preliminary studgwors and innovations [62].

Figure 22. Deviations (classification schema 1) eirdcian role
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Figure 23. Deviations (classification schema 2) éirdcian role

It can also be seen that most of the deviation®peed by residents are
process- and procedure-related. As mentioned earie corroborated by Figure
23, junior residents’ deviations are more biasedtds procedures. It is not
unusual that deviations made by nurses are preddetyncare delivery-related.
Trauma teams have well-defined role boundariess €hables teams to function
effectively in chaotic situations.

Expertise is critical to formation of adaptive tesam trauma critical care.

The results show that trauma leaders with morergxpee are able to adapt to the
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dynamic environment while minimizing errors. Now¢en the other hand, are
preoccupied by procedural aspects of trauma catéagirto achieve the
necessary levels of communication needed to fatgliteam innovations. Another
key difference between experts and novices liggeir ability to recover from
errors and unexpected events. Patel and colledgdpshowed that experts’
knowledge is adapted to recognize familiar pattefregimuli. However, their
heuristic reasoning from the pattern recognitisategy may not be effective in
some complex situations [75]. Experts may makergritout are adept at
correcting them before negative consequences odowices on the other hand

fail to perceive the consequences of their decssiontil it is too late [6, 66].

Relationship between Classification Schemas

A significant relationship was also found betwekassification schema 1 and
schema 2 (Chi-sq = 25.9012, df = 6, p = 0.0002)ufa 24 depicts this
relationship. A majority of the proactive deviatsowere process-related.
Proactive deviations often involved task advancamims could account for the
observed relationship. Since the number of proocglssed deviations is high, it is
difficult to assess the nuances of the relatiorsshgtween other variables.
However, one observation is that there are no dalieery-related errors. In order
to assess the validity of this finding, furtheralabllection to increase the sample

size of trauma cases will be needed.
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Figure 24. Deviations classified with schema 1 2nd

Study Limitations

This work attempts to provide definitions and stuwe to a subjective form of
analysis. Classifying deviations using the methoggldescribed (based purely
on observations) is difficult since there may netedmough contextual information
to make a concrete decision. Video recording afrtra cases or using data
gathered using the hybrid framework described is ianuscript will enable

capture of all the activities that take place autna care. This will especially be
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useful in cases where it is difficult to identifyet clinicians involved in initiating
the chain of events that resulted in a particuéasation.

In addition to data collection methods, the vajidihd generalizability of
the classification schema will need to be assef3edations will need to be
classified by independent raters or coders. Seffiicinter-rater reliability will
provide concrete support for the value of this wamnkaddition to validation, the
current data set does not contain enough examptesam, procedure and care-
delivery type deviations. In order to ascertaithi$ is because of low sample size
or the absence of such deviations in general, itnavena cases will need to be
observed. In the following chapter, research efftotassess validity and

completeness of the classification schema are itbescr
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EVALUATING GENERALIZABILITY OF CLASSIFICATION SCHEM  AS
This chapter describes two independent experineamducted to assess the
generalizability of the classification schemas preed. Based on the limitations
described in the previous chapter, experimentsl@segned to (i) assess the
replicability of the classification by independeaters, and (ii) concordance of
their rating/coding with the original classificatioT he results of the experiments

described will help guide future work in this domai

Replicability of Classification Schemas

In previous work 30 trauma cases were observec&iimBr Good Samaritan’s
Trauma Center. These observations were de-ideshtafnel utilized to develop the
current classification schema. These observatiare wsed in the experiment to

assess the replicability of classification by ottaders.

Methods

This study was approved by the Institutional Reviiwards of Arizona State
University and Banner Good Samaritan Medical Cefftifteen trauma cases
were randomly chosen from the existing pool oftyhirauma cases. Deviations
from five of these cases were used for training taters. The deviations in the
remaining ten cases served as the test set. Térs citosen for this experiment
had prior clinical environments experience (hawspgnt 30 to 60 hours observing
clinicians). Raters with experience were chosentdubke contextual nature of the
task.
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The training phases consisted of a PowerBailileshow that provided a
brief introduction to trauma critical care and tlaious classification schemas.
Raters were then asked to code each deviatioreitraining set (a total of 17
deviations). After every classification, the anssvieom the current classification
were present followed by a discussion about théatien. Upon completion of
the training phase, raters proceeded with the test.

In the test phase, raters were presented with tiewsafrom the
randomized test cases (a total of 38 deviatior®)ekch deviation, raters marked
the type of deviation for classification 1, 2 andl8ey were provided with a not
applicable (N/A) option, if they were unsure of htmclassify the deviation.

Among the 38 deviations, one rater marked N/A fog deviation. This
sample was omitted from the analysis as an anorRallowing the coding, the
data were analyzed to assess (i) inter-rater agreebetween the two raters, and
(i) concordance with existing classification thug similar agreement measure.
A simple Cohen’s Kappa statistic was used for tiadysis. As the classification
schema is not ordered, all categories were giversdime weight (one).

There are a number of guidelines available forprgting Kappa
statistics. For example, Fleiss’s [76] guidelineasider Kappa >0.75 as
excellent, 0.40 to 0.75 as fair to good, and < @g@oor agreement. Landis and
Koch [77], on the other hand present a more graedlscale for measuring
agreement. They consider Kappa values of 0.816-ds@lmost perfect
agreement, 0.61 — 0.81 as substantial, 0.41 —shnGoalerate, 0.21 — 0.40 as fair,
0.0 — 0.20 as slight agreement and <0 as poor agme Since the nature of the
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classification task is subjective, the scale preddsy Landis and Koch [77] is
used to interpret the results of the Kappa test®peed. In the following section

the results of this experiment are presented.

Results

Inter-rater Agreement for Classification Schemas

For each of the classification schemas (1: ErroroVation, Proactive, and
Reactive; 2: Process, Procedure, and Care Deliaed/3: Individual and Team),
the rating or classification provided by the twtera was analyzed using Cohen’s
Kappa. Table 7 summarizes the statistics for ttex-rater reliability test between
Rater A and Rater B.

Table 7. Kappa statistics for test between Ratané Rater B

There is substantial agreement for classificati@amd 2. However, there is
moderate agreement for classification schema 3.r€am»on for this result could
be the lack of sufficient examples of team devigim the current data set.
Another reason could be the difficulty in definiwat constitutes a team
deviation in trauma care. Take, for example, threea@here the log roll step in
trauma care is missed. One could argue that thenadeader is responsible for

how trauma care is conducted. Hence is it an iddiai error. On the other hand,
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there were a number of other team members who ¢@ud prevented the error.
In that sense it could be a team error. Such &diff could be resolved by
studying individual and team interactions furthetrauma care.

The results of the inter-rater reliability test agremising. For
classification schemas 1 and 2, the relatively kighpa score indicates that the

classification schema can be used by independtarsra

Concordance with Original Classification

Table 8 and Table 9 show the results of tests atiedetween (i) Rater A and
the original classification, and (ii) Rater B ame toriginal classification. Rater A
had very high (almost perfect) agreement with thgiral classification in all
three schemas. Such high levels of agreement aganted. Rater B, on the
other hand had substantial agreement for schemd tnaderate agreement for
schema 2 and 3.

Table 8. Kappa statistics for test between Ratand original classification

Table 9. Kappa statistics for test between Ratan®original classification
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These results indicate the natural differences éetwaters. The high
agreement with rater A and moderate to substaagi@ement with rater B
validates the categories developed to assess egaCombined with the results
of agreement between Rater A and Rater B, thic@tds that the classification

schema is replicable and can be effectively useothgr researchers.

Study Limitations

The key limitation of this study is that ratersaihttheir contextual information
from tertiary observations. The process of immeysineself in an environment
provides information about several nuances of biehalvat may be completely
missed in written observations. Reproducing thdystuith data from the hybrid
framework or video recording of trauma cases witiide the raters with all the
information they would need to make a classifiaatib is also possible that the
Kappa scores will improve even further if ratergevprovided with
comprehensive data.

Classifying deviations to understand cognitiveisiea making processes
is a very subjective process. One example frontasieset is an attending asking
a nurse if there is a tuberculosis protocol toolwll after it was discovered that the
patient may be infected. The classification schetated that it was a proactive
deviation. Rater A marked it as an innovation aateRB marked it as a reactive
deviation. All three cases can be argued. It isbagtive deviation, since the
attending went out of the bounds of his role inuesjing the information
(possibly in anticipation of steps to follow). it be considered to be reactive,
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since it is a common task addition in reaction patient being infected (a
random event). If thought of as a novel task addithat greatly improves patient
and team safety, then it is an innovation. Thegaraents are based on (i) what
the rater finds is accepted, or common behaviat,(@nwhat they perceive the
impact of the deviation might be. Prior to clagsifion and analysis, researcher

will need to develop a rubric for addressing these factors.
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DISCUSSION

The findings from the research described in thiski@ave a number of scientific
and practical implications to the field of biomealilmformatics. In this section,
the broad implications of this work are discussedar the themes of (i) protocols
and guidelines in complex systems, (ii) expertise i@anovation, and (iii) training

clinicians in complex systems.

Protocols and Standards in Complex Systems

Protocols and standards are important for ensymagess consistency and
patient safety in healthcare. It has been showatlithear systems and processes
are aided by protocol and checklist deployment.éxample, Pronovost and
colleagues showed that implementation of a cheidkliscentral line placement
decreased the rate of catheter related blood infectfrom 2.7% to zero in the
first three months of deployment [78]. Such protedimit errors by reducing the
workload on human memory and automating the carvegss [79]. Most critical
care environments, however, are characterized hylinear interactions and
dynamic emergent behavior [80]. In such environmetlinicians need to make
dynamic adjustments to protocols and guidelinesyd®er to adapt to the
operational conditions and to achieve high accueaxdefficiency. The analysis
of 30 trauma cases in this work showed that ana@eeof 5.37 deviations occur
during each case. Therefore, complex systems simikaauma critical care,
cannot be treated as a zero-tolerance environméfitsle protocols and
guidelines serve to control complexity and errbretigh standardization, the
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importance of adapting standards safely to adput¢ environments needs to be

recognized by clinicians and researchers alike.

Expertise and Innovation

Protocols and standards are based on observandnsvadence gathered from
practices. New information and novel findings frpmactice need to be
incorporated into the guidelines and protocolsh®e do such novel ideas get
generated from practice? When regular or standaiténns do not fit or match the
current problem, possible alternative ideas geegdrd. This is the process of
innovation, and innovation is not possible withdatiations. As practitioners
gain experience in the execution of a task, theffqggmance become increasingly
smooth and efficient. While developing proficiengigh attention-demanding
complex tasks, some component skills become autonsatthat conscious
processing can be devoted to reasoning and re#etttought with minimal
interference in the overall performance. A great dé experts' knowledge is
finely tuned and highly automated enabling theraxecute a set of procedures in
an efficient manner. Yet they can perform suchgasla highly adaptive manner
which is sensitive to shifting contexts.

The findings from this research showed that exglericians (senior
residents and attending surgeons), do make ekHiokgever, they are able to
correct errors made before they result in a ctifeidure. The analysis of
deviations also showed that the expertise of tuentia team leader impacted the
types of deviations made. Expert teams were marevetive, compared to teams
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led by a novice resident. Not only are these figdiansistent with emerging
knowledge about medical errors and expertise [T4]so indicates thagxpertise

is critical to the formation of adaptive clinicaams

Training clinicians in Complex Systems
There is a strong need for informatics tools thiltemable novices to adapt to the
trauma environment in following certain standaalkwing for fewer errors. The
classification of deviations could allow for a stiéic framework for
modification of protocols and enable protocol depeks to leverage a data-
driven approach to modifications. Currently avd#aiools such as checklists and
protocols need to allow for note takers to mark document deviations, errors
and innovation. In protocol-driven environmentsgahklists have been found to be
a valuable tool in minimizing error rates. Howew&nce experts’ deviations are
important for education and practice, these chstkiould have to be flexible
enough to be automatically updated. For a dynamiac@nment like trauma,
these checklists when implemented would need tadaptable as well. In order
to develop such a tool, one would need to knowgtreeral decision process in
trauma and the various types of deviations that atayr. Using the
classification of deviations presented in this warknay be possible to create
such a checklist; one that is customized to thesdige and the role of the
individuals in a trauma team.

In addition to supporting dynamic checklists, thessification schema can
also enable the development of simulators driverellrworld data that provide
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training to maximize innovation and minimize eromcurrence. Such an
educational tool will be critical in developing @gon making skills of residents
and care givers. It would allow for a comprehengvaluation of the skills of the
caregivers as well as a means to train teams toomyg adherence to a protocol
but enabling recognition of circumstances wher@wuation is needed.

The classification schema developed is genericcandoe utilized to study
deviations in other environments where similar claxipy is experienced. Such
environments include emergency departments andsive care units.

The recognition of deviations utilizing a schematttiassifies deviations
as errors, innovations and procedural deviationssggnificantly alter compliance
procedures and provide an overall adaptive framkewwomodification of existing
protocols. For example, if deviations are consityeseen on a particular step in a
protocol, then that step may have to be re-analy@exilarly if innovations are
continuously seen and replicated in multiple sitiesn it could be incorporated
into the next version of a protocol. Therefore, &inalysis of deviations as
described in this work can help guide efforts tdate existing protocols and

guidelines in meeting the requirements of complapéive systems.
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CONCLUSIONS

Clinicians deviate from protocols when managinggras. The studies discussed
in this manuscript show that clinical teams inicalt care environments make a
significant number of deviations per case, and niohiall deviations are errors.
The study of these deviations can provide new imsigo how teams operate in
complex environments and what distinguishes exents novices. The results
are in coherence with existing literature on explgpthe cognitive basis of
clinical expertise. It can be hypothesized thastexice of retrieval structures in
experts and top-down information processing allwgime-critical thinking that
supports innovation by experts. This is supplentehiethe information filtering
that the retrieval structures support. On the oftfaerd, novices are driven by
bottom-up reasoning mechanisms and, without redtistvuctures and filtering,
are overwhelmed by the data and often make ewdtrsough only further
experimentation can investigate this hypotheses otbservations clearly point to
the plausibility of such mechanisms.

An analysis of deviations can enable the buildihgnodels of expertise
and workflow that can be then used to design tixé generation of effective
interventions. Interventions could be standardz@tmunication tools, and uses
of information technology that supports innovatitwyseffective presentation of
information and cognitive decision support throglucational efforts such as
simulations. Simulations offer an exciting meanseaiching clinical care givers
to learn how to effectively innovate in complex gamments. The Accreditation
Council of Graduate Medical Education recognizesutation as an effective
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means of promoting critical thinking, professiosaliand clinical knowledge
[81]. It is generally seen only as an effective mgeaf promoting standardization
and adherence to a protocol [82]. This study, h@reshows that simulation
should be used for teaching clinical care giveesrthances of errors and
innovations. Simulation offers a safe environmerd¢hieve such goals.
Simulations that are not just a means of achiestagdardization but also help
develop certain knowledge structure fairly quicilyrough practice that would
make any deviations safer) can be developed.

The data presented in this paper suggests that iharstrong link
between innovations, errors and expertise. Exaee givers deviate from the
protocol almost as often as novices but make sagmfly more innovations. This
seems to suggest that expert have a strong meatilraf how and when to
innovate and can employ their knowledge and apidicaabilities to innovate on
the fly. Such innovations and recognizing them $&thtwe an important part of
clinical practice as it helps is redesigning prote@nd procedures.

The next steps for this research include studiexpdore in detail the
underlying mechanisms of expertise and innovatiotcauma. The
methodologies described by Arocha and Patel [8B]o&iemployed for these
studies. Focusing on semantic analysis as a méatgdying the innovations
process in experts and novices will greatly adthéoconclusions of this work.
Semantic analysis will yield important insightsarftow information is
assimilated and processed by clinical care givigns would be crucial in
understanding how to develop novel protocols aaddsrds. For example, given
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the seriality of information as it passes from wog<memory to long term
memory [84], one may include markers within theecdsscription that may
invoke the correct knowledge structures in longatenemory that support
creativity. Continuation of this research will ef@testing such interventions

(including simulations mentioned above) and evahgathe same.
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