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Alternative M arkers of Performancein Simulation:
WhereWe Areand WhereWeNeed To Go

Abstract

Thisarticle on alternative markers of performance in simulation is the product of a
sessiorheld.duringthe 201 7Academic Emergency Medicine Consensus Conference “Catalyzing
System Change Through Health Care Simulation: Systems, Competency, and Outdorass.”
is a dearth of research on the use of performance markers other than checklists, holistic rating
and behavierally-anchored rating scales in the simulation environment. THiteuature
review, group discussion, and consultation with experts prior to the conference, the working
group definedive topics fordiscussion 1. establishng a working definition for alternative
markers ofperformanc@. defininggoals for using altmative performance markei3.
implications forimeasuremewnthen using alternative marke#s identifying pactical concerns
related to the"use of alternatiperformance markerand 5 identifying potential for alternative
markers of performance to validate simulation scendfigs.research propositions also

emerged,and are summarized in the paper.

| ntr oduction-and Backgr ound

Conventional performance markers include observed behaviors captured by simple
checklists andubehavioratgnchored rating scales, individual and team agtiessment, data

collected automatically by the simulation system, narrative field natds;@amprehensive
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portfolios of leaner performance curated over tinigach of these assessment types has
associated performance markers that are-gedlhed; however, they often lack granularity,
which limits their ability to offer tangible recommendations for performaritiee growth in
sensor technology and information processing tools offer the potential for aternat
performance.markers to address these issues and:

e providea detailed scientific description of how people learn (and forget) and hoW socia
coordination erarges from the interactions of diverse individuals with and within a
compléx‘changing environmeht.

e may povide new insights about ways in which cognition supports decision-making

amengrelinicians with all levels of experience.

Consensus.Ar.eas Discussed

The breakout group discussed five areas concerning alternative markers of pedoithagc

are summarized below.

1. Working Definition and Examples of Alternative Markers of Performance

Conventional performance markers, including expert observayioically generate
highdevel data that views an individual or a team as a system interacting with the environment.
Such markers‘eontribute to the understanding of large-scale (i.e. kenggpatterns and
trends>* ‘Salasintermediate markers such as communication analysis generate data that may
bridge and validate both micro (milliseconds to seconds) and macro (tens of nonmlags)
level performance dafaMarkers that generate mictevel data contribute to the understanding
of sub-systems-(such as those in the brain that underpin performance) tend to be dngitdy.gr
An example.efssuch data is modeled electroencephalography (EEG) data. Sampled at
millisecondrintervals, EE@enerated data provides a window into the microevents, e.g. neuronal
firing, in the*brain that underpin learners’ responses and understanding orlexkthSuch
data may provide a more targeted approach to training each level of performances@ntheff
potential to objectively quantify parameters of performance among individualsaams! te
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Conventional performance markers include observed behaviors captured by simple
checklists and behavioralgnchored rating scales, individual and team agtiessment, data
collected automatically by tr@mulation system, narrative field notes, and comprehensive
portfolios of learner performance curated over tiie Each of these assessment types has
associated. performance markers that are-geflhed; however, thegftenlack granularity
which limits. their ability to offer tangibleecommendations for performarité&he growth in
sensor technology and information processing tools may thégpotential for alternative
performance 'markets address these issues and

e providea detailedscientificdescription of how people learn (and forget) and how social

coordination emerges from the interactions of diverse individuighsandwithin a

complex changing environment.

e may povide new insights about ways in which cognition supports decision-making

among.clinicians with all levels of experience.

2. Working Definition of Alternative Performance Markers

A'bread working definition of alternative markers proposed at the Consensus Conference
was, “aperfomance marker that can potentially or is likely to contribute benefit, but whose
infrastructure, eithemimaterialor personnel, is not yet present to make it practical.” Working
Group and,Breakout Session members refined this definition with the following characteristics
It is importantte notéhat they will not be common to all alternative markers.

TABLE 1HERE

Alternative performance markers are generated from various types oBdetaisedata
sourceshat.generate alternative performance mar&egither in immediateontact with the
body (on-body)®*? or are not in immediate contact with the body (off-bady)*
thesources/arpresented for clarity in Table 2 as on-body or off-b@dgescription othis data
is alsoincluded,in Table Two.

TABLE 2HERE

3. ldentification of Goalsfor Using Alternative Performance Markers
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Breakout session members identified as important the goals of using altenmaitiexs of
performance to develop reseaftufised, quantitative answers to
e elucidate learning processes and the development of long andeshoriemory
during clinical tasks
osmmuinderstand the cognitive processes that support team cohesion and coordination
e...provide objective metrics to evaluate the efficacy of simulatiased curricula
e Support reatime training adjustments and feedback to maximize learning
o further describe the cognitive processes supporting decision-making and provide

insight into these processes for the learner

4. Implicationsfor Measurement

Thesintreduction of alternative performance markers raised several questons!
measuremenithe first was whether or not traditional theories of validity such as those
introduced by Messik and Kan& would remain relevarwhen analyzing data from alternative
performance marker3here was broad consensus that these constructs would remain central to
measurement, Participaratso agreed that muthodal approaches to validation of alternative
markersswould be important, and that such studies should include intermediate wiarkers
performance such as speech analyss can bridge micrevents such as neuronal firing and
macrcelevelbehavioral observations done by trained and calibrated exgpers Preliminary
results suggestithat this muttiodal approach may have utility situations as diverse as
submarine favigation tasks by bridge crews and teamwork in healtfidsigti -modal
approaches may also make it possiblmtweroutinely provide the simulation and education
communities withquantitative descriptions of the relationship between team members with each

other, withreemplex changing environments and across time and task sets.

5. Practical Concerns Related to the Use of Alternative Performance Markers

The conference attendees discussed several practical concerns related to alternative
markers including cost, infrastructure, data handling, andisedacceptanc&egarding cost

and infrastructuranany alternative markers will require an investment in new sensors as well as

This article is protected by copyright. All rights reserved



121 computing and other processing equipment to collect and prepare data, then analyze and
122 integrate the results into meaningful output. One could imagine a fully eqsppelation

123 based performance laboratory to gather and analyze off-body and on-body perfarmaegters
124  such those listed in Table Two. The price tag on such a facility would be substentitiely
125  out of reach.fer many simulation programs in the beginning. It was recognized thaggmaki
126  rational decisions about which technologies to invest in would require deliberatr-aadding
127  conversations'among multiple stakeholders, including department adnhimgstesducational
128 leaders andresearchers, and others

129  Sensors, Processing, Integration, and Use of Data

130 Alternative markers arexpected to generak@rge quantities of dataspeciallyas

131  improvementssare made sensor technology, and computer algorithms. The large quantities of
132  data generated by alternative markers creates the need to be able to record,pegeds,and
133  visualize data In meaningful wayResearchers need to develop methods and analytic

134  approaches to this “big data” problem keeping in mind critical issues related to level(s) of

135  analysis.

136 Acceptance of*Alter native Markers of Performance

137 Research and educatifocused conference attendees noted that acceptance of alternative
138 performance markers by the EM simulation community could represent a sigriicaast.

139 Training programs have traditionally tried to move learners along dgtegnined path toward

140 competency. However, with alternative marker data, the potential fatimeakssessment and

141 feedback.offers the opportunity for rapid adjustments in training design and impleamentat

142 Such an approach would require a paradigm shift in clinical education. Educators wouldl need t
143 master the use of alternative marker data to guide rapid adaption of learning goals, objectives,

144 and delivery of the simulation to learners. Likewise, learners would need to laecorépr a

145 more dynamic, indidualized curricula.

146 -

147

148 5. Potentialfer Alternative Markers of Performance to Validate Simulation Scenarios

149 Alternative marker data can help educatorslaathersalike focus on scenario elements
150 that are most important for reaching training objectives. For example, educatorssimay w
151  design a scenario that requires specific cognitive functions. Alternatrkeera&an provide data
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152 corroborating the activatiorf cognitive processes when expected in the scenario. Research will
153  be needed to evaluate the benefit of using alternative performance markers tanddecse

154  deeply the efficacy of various simulation modalities for different learning needs

155

156

157 Areasfor Future Research

158  The followingresearch propositions emerged from the consensus conference bresskonit se
159 1. Research'should focus on providing validity evidence to support the use of alternative
160 markers in both individual and tedoased performance assessments.

161 2. Researechers should consider collecting alternative marker data in actual clinical

162 environments to facilitate the evaluation of system and process changes on pedormanc
163 3. Research isineeded to determine appropriate methodological and stafgtioaches to

164 alternative marker data aggregation and presentation.

165 4. Educators need further instruction to support effective incorporation afatiier marker

166 data integsimulatiofibased training design and implementation.

167 5. Researchevaluating the effeethess of simulation-based training should incorporate

168 alternative marker data when appropriate.

169

170

171  Summary

172 Alternative performance markers hold significant promise for quantitatirigrpgnce at

173  a level of biebehavioral detail never before realized. As these markers movédgaoing-edge

174  research to common use, it is incumbent on the simulation and assessment communities to

175  actively participate in discussions and reseamtessary testablish best practices for

176  collection,analysis, and use of data from alternative markers. These best practices must rest on a
177  firm foundation/of science drawn from biologic, computational, computer, measurengnt, a

178  behavioralrealmanith such a foundation to support their development, deployment, and use,

179  today’s alternative performance markers may become tomorrow’s conventional measures.
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Tablel

Common Alternative Marker Attributes

Generates'Granular Data

Granular data is broken down into the smallest possibl
pieces to generate detail. Granular data can be model
any way the scientist requires. It is possible to aggrega
and disaggregate such data to meet needs of different

situations.

od in

ite

Continuous:Nature of Data

Data is captured in uninterrupted fashion during an

assessment session

Automated Data Collection

Preestablished protocols drivemputerized data

collection from on and ofbody sensors

Generates Large Quantities of Data

Evergrowing array of sensors with high sampling rates
will generate multiple measurements from each sampl

from a data source.

D

Raw Signals;Requiring Processing

and Modeling

EEG, fNIRS, examples of raw signals that must be

processed into data and then mathematically modeled

Available as. Individual and/or Team Da

Some alternative markers hold potential to untangle
[a
individual’s contribution to team performance.

Near Reakime

Will likely approach the ability to process signals and

model alternative marker data in neaal time
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Table?2

On-body and Off-body Data Sourcesfor Alternative Performance Markers

Off-body Data Source

Description

ComputerizedBemmunication Analysts

Communication characteristics linked to specific

processes and team performance.

Galvanie-Skin-Response & Vocal Stress Clie

Synchronized autonomic arousal as measured b
schanges in skin conductance and elements of sp

including pitch, rateand loudness

eech

Oculometric$®t’

Evaluates pupil size to measure autonomic aroug

Eye Tracking’

Measures either the point of gaze or motion of ar

eye relative to the head.

Audiovisual Data Analysis Driven by Machine

Learning®

Example applications include large scale analysi
discourse, actions, gestures, tongaite, and other,
body language captured via AV recording; driven

by machine learning.

On-body Data Source

Description

ElectroencehpalogranE EG)*

Measures the electrbpsiology of action potentials
within the brain; does so across multiple

frequencies

Functional MRI(fMRI)®

Measures activity in different parts of the brain by
evaluating oxygen levels in the blood circulating

there.
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Functional Near Infrare8pectroscopy
(fNIRS)™

Use of neaiinfrared spectroscopy to measure
hemodynamic changes in the brain that are

associated with neuronal behavior.

Electrocardiogranfor Heart Rate Variability
(HRV)Y'

HRYV refers to normal variation in time between

heartbeatsused as a marker of autonomic arousal.

Cortisol, Interleukin, Neuropeptide Y,

Interferongamma, Tumor necrosis factor

Biochemical markers of autonomic arousal and

stress.
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Tablel

Common Alternative Marker Attributes

GeneratestGranular Data

Granular data is broken down into the smallest possibl
pieces to generate detail. Granular data can be model¢
any way the scientist requires. It is possible to aggrege
and disaggregate such data to meet needs of different

situations.

Continuous Nature of Data

Data is captured in uninterrupted fashion during an

assessment session

Automated,Pata’Collection

Pre-established protocols drive computerized data

collection from on and off-body sensors

Generates LargerQuantities of Data

Ever-growing array of sensors with high sampling rates
will generate multiple measurements from each sampl

from a data source.

Raw Signals*Requiring Processing

and Modeling

EEG, fNIRS, examples of raw signals that must be

processed into data and then mathematically modeled

Available as Individual and/or Team Da

Some alternative markers hold potential to untangle

individual’s contribution to team performance.

Near Real-time

Will likely approachthe ability to process signals and

model alternative marker data in near-real time
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Table2
On-body and Off-body Data Sourcesfor Alternative Performance Markers

Off=body Data Source

Description

Computerized Communication Analysis

Communication characteristics linked to specific

processes and team performance.

Galvanic Skin Response & Vocal Stress Clie

Synchronized autonomic arousal as measured by
changes in skin conductance and elements of sp,

including pitch, rate, and loudness

Oculometrigg®!

Evaluaespupil size to measure autonomic arousg

Eye Tracking’

Measures either the point of gaze or motion of ar|

eye relative to the head.

Audiovisual Data Analysis Driven by Machine

Learning®

Example applications include large scale analysis
discourse, actions, gestures, tone of voice, and ¢
body language captured via AV recording; driven

by machine learning.

On-body Data Source

Description

Electroencehpalogram (EEG)

Measures the electrophysiology of action potenti;
within the brain; does so across multiple

frequencies.

FunctionakMRIs(fMRIY

Measures activity in different parts of the brain by
evaluating oxygen levels in the blood circulating

there.

Functional Near Infrare8pectroscopy
(fFNIRS)™

Use of near-infrared spectroscopy to measure
hemodynamic changes in the brain that are

associated with neuronal behavior.

Electrocardiogram for Heart Rate Variability
(HRV)"'

HRYV refers to normal variation in time between

heartbeats; used as a marker of autonomic arou

Cortisol, Interleukin, Neuropeptide Y,

Interferon-gamma, Tumor necrosis faétor

Biochemical markers of autonomic arousal and

stress.
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