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The Organizational Neurodynamics of Teams
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Abstract: Our objective was to apply ideas from complexity theory to derive
expanded neurodynamic models of Submarine Piloting and Navigation showing
how teams cognitively organize around task changes. The cognitive metric
highlighted was an electroencephalography-derived measure of engagement
(termed neurophysiologic synchronies of engagement) that was modeled into
collective team variables showing the engagement of each of six team members
as well as that of the team as a whole. We modeled the cognitive organization of
teams using the information content of the neurophysiologic data streams
derived from calculations of their Shannon entropy. We show that the periods of
team cognitive reorganization (a) occurred as a natural product of teamwork
particularly around periods of stress, (b) appeared structured around episodes
of communication, (c) occurred following deliberate external perturbation to
team function, and (d) were less frequent in experienced navigation teams.
These periods of reorganization were lengthy, lasting up to 10 minutes. As the
overall entropy levels of the neurophysiologic data stream are significantly
higher for expert teams, this measure may be a useful candidate for modeling
teamwork and its development over prolonged periods of training.
Key Words: teamwork, entropy, neurodynamics, EEG
INTRODUCTION
Teams have been described as complex dynamic systems that exist in a
context, develop as members interact over time, and evolve and adapt as situational demands unfold (Kozlowski & Ilgen, 2006). From the perspective of complexity science, teams can be thought of as self-organized flows of information
that span biological processes and broader societal activities. As team members
interact, these often turbulent flows of information organize periodically around
a common goal only to change form again as the task and environment evolve.
In the context of the teams of which they are a part, members
continually modify their actions in response to the changing actions of others
resulting in dynamic synchronizations of information that can be observed
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across different systems and subsystems, including verbal (Drew, 2005),
gestural (Ashenfelter, 2007), postural (Shockley, Santana & Fowler, 2003),
functional (Gorman, Amazeen, & Cooke, 2010), physiologic (Guastello, Pincus
& Gunderson, 2006) and, more recently, neurophysiologic (Dumas, Nadal,
Soussignan, Martinerie, & Garnero, 2011; Stevens, Galloway, & Berka, 2009;
Stephens, Silbert, & Hasson, 2010). Most of these studies have consisted of twoto-three person teams performing coordination tasks or tasks in controlled settings. Our goal is to expand these ideas to larger real-world teams where the information flows are longer and expertise develops at multiple scales.
Teams, like many complex systems, are thought to operate at a level of
self-organized criticality between random and highly organized states (Bak,
Tang, & Wiesenfeld, 1987). That tenuous but significant state has also been
called the edge of chaos, a feature that allows teams to adapt to both momentary
disruptions, such as environmental perturbations, and more permanent alterations, such as changes in task requirements. In this way, effective teamwork is
characterized as the continuous effort involved in stabilization of an inherently
unstable system (Gorman et al., 2010; Treffner, & Kelso, 1999). At the ‘sweet
spot’ of organization, a team demonstrates both stability and flexibility through
supportive co-regulation and adaptive team member interaction.
In keeping with the dynamics of self-organized criticality, patterns of
interaction (speech, motion, neurophysiologic changes, etc.) and activity can
change spontaneously and qualitatively with the flow of the task, and perturbations to teamwork patterns are characterized by fluctuations away from and back
toward stable states across multiple levels of analysis. In a typical training sequence, neural events that span seconds unfold in the context of communication
events of tens of seconds that over time comprise longer, minutes-long, team
coordination events, the outcome of which influences subsequent neural events.
In that structure, we see the circular causality that is characteristic of a complex
system. When aggregated across training sessions, the tasks in which teams engage provide the framework for structured formal training. The training sequence depicted in Fig. 1 spans nearly seven orders of magnitude of seconds over a
10-week course; a weakness in the literature is the lack of integrated models of
team organization that capture the linkages across these subsystems and time
scales. Such integrated models could better inform why some teams function
better than others. Are certain teams more cognitively flexible and able to more
rapidly enter and exit organized neurophysiologic states? Can these abilities be
taught, and if so, how? Longitudinal extensions of these models could be
capable of both predicting teamwork breakdowns and suggesting routes for
teams to regain their rhythm once it is lost.
Nonlinear dynamical systems (NDS) is a theoretical and methodological approach for understanding complex systems and the linkages within and
across subsystems in a manner that deemphasizes material substrate in favor of
observed behavior patterns. NDS is a set of mathematical formalisms that can be
used to understand the time evolution of physical, behavioral, and cognitive
systems, including sudden, developmental transitions in those systems as they
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evolve.. One feature that differenttiates dynamiccal models froom conventionnal
modelss is their appllicability for describing
d
the behavior of highly compleex,
multileevel systems th
hat could not readily be chharacterized ussing a linear aapproach. A second feature is the emp
phasis on charaacterizing variaability as an inntegral part of the system
m rather than as error.

Fig. 1. Time scales off team training..

For severall years Steven
ns and colleag
agues have beeen studying tthe
neurod
dynamics of teaams in order to
t detect patterrns of neural organization aand
have been
b
developin
ng models usin
ng symbolic reepresentations of EEG-derivved
levels of Engagemeent that are teermed Neuropphysiologic Syynchronies (N
NS)
(Steven
ns et al., 2011
1; Stevens, Gaalloway, Wangg, & Berka, 22011; Stevens &
Gormaan, 2011). Tho
ose prior studiies have show
wn that the syymbolic NS daata
streamss contain inforrmation regard
ding the currennt and past coognitive states of
the team
m, and this is shown by thee unequal exprression and orgganization of N
NS
symbolls during differrent periods off the task. A chhallenge confrronting us now
w is
to determine how tho
ose NS pattern
n dynamics cann be modeled in the context of
changin
ng task deman
nds and across different timeescales and levvels of teamwoork
analysiis. Based on prior
p
results, we
w hypothesizzed that as teaams experiencced
changees in the dynam
mics of the task
k or encounterred perturbatioons to the norm
mal
flow of teamwork, the
t organizatio
on of NS dataa streams wouuld fluctuate inn a
ponding way an
nd the degree of
o organizationn could be quanntified by the eencorresp
tropy levels in the daata stream, witth low entropyy indicating a ggreater degree of
organizzation of team neurophysiolo
ogic state and hhigh entropy lless organizatioon.
In this study, we desscribe team org
ganization in tterms of these entropy fluctuuations in
n the NS data stream and beegin to link theem with team eexperience, teaam
commu
unication, and natural
n
and extternal perturbaations in the tassk environmentt.
METHOD
M
Participants
The data sets for these stud
dies were colleected with IRB
B approved prottocols fro
om Junior Offiicer Navigation
n teams who w
were enrolled iin the Submariine
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Officer Advanced Candidacy (SOAC) class at the US Navy Submarine School.
The reported data were derived from 12 Submarine Piloting and Navigation
(SPAN) simulation sessions that were selected from a total of 21 as: a) persons
in the same six crew positions were being monitored by EEG, b) the same
individuals repeated in the same positions across 2-5 training sessions over multiple days. The six members of the teams that were fitted with the EEG headsets
were the Quartermaster on Watch (QMOW), Navigator (NAV), Officer on Deck
(OOD), Assistant Navigator (ANAV), Contact Coordinator (CC), and Radar
(RAD). Additional persons participating in the SPAN who were not fitted with
the headsets were the Captain (CAPT), Fathometer reader (FATH), the Helm
(HELM), and multiple Instructors or Observers (INST).
Procedures
Submarine Piloting and Navigation sessions are required high fidelity
navigation training tasks, and each session contains three segments, beginning
with a Briefing in which the overall goals of the mission are presented. The Scenario is a dynamically evolving task containing both easily-identified and less
well-defined teamwork processes. The Debriefing following the Scenario is the
most structured part of the training; it is a topical discussion of what worked and
what other options may have been available along with long- and short-term
lessons.
One regularly-occurring process during the Scenario is the periodic updating of the ship’s position, termed ‘Rounds’. In taking Rounds, three navigation points are chosen, and the bearing of each from the boat is measured and
plotted on a chart. This process occurs every three minutes with a countdown
from the one-minute mark, where the Recorder logs the data (Fig. 2A). A
sample navigation task is diagrammed in Fig. 2B: The submarine (whose route
is indicated by the black circles with time offsets) was being steered northward
(up) and its position is identified by number at different times (epochs or
seconds). The submarine encountered an outbound ship (~ epoch 850), an inbound merchant (~ epoch 2100), and an outbound merchant (~ epoch 2100),
each requiring changes in course or speed to avoid collision. In Fig. 2A, the top
team showed a regular progression of the five-step sequence, being irregular at
only two points (gray). The second team showed a more disrupted Rounds
process.
Quantitative internal and external outcome measures are generally not
available from SPAN as formative and summative feedback is a group process
in the style of Total Quality Management (Ahire, 1997). We have attempted to
develop an internally-derived outcome measure from the frequency or
completeness of the Rounds sequences.
The regularity of the Rounds countdown, along with possible
deviations, was obtained from the speech of the Recorder. When only three (or
fewer) steps of the Rounds sequence were completed, or when an entire Rounds
sequence was missed, it often indicates a team that is experiencing difficulty.
The outcome measure is simply the percentage of completed Rounds sequences.
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S1 in Fig. 2A 12 of 15 (80%
%)
For insstance, during the SPAN perrformance E2S
possiblle rounds sequ
uences were completed,
c
whhereas the SPA
AN performannce
T4S2 only
o
contained eight completeed of 17 possibble Rounds seqquences.

Fig. 2. Components of
o SPAN tasks. A: The sequen
nce of Roundss is shown for tw
wo
SPAN teams. B: Th
he numbers on
o the tracks indicate the position of tthe
submarrine and other traffic during th
he simulation; the submarine
e’s track is show
wn
by the black circles be
eginning at 590
0 seconds.

Measures
M
The Advan
nced Brain Monitoring,
M
Incc. (ABM), B
B-Alert® systeem
contain
ns an easily-aapplied wireleess EEG systtem that inclludes intelligeent
softwarre designed to
o identify and eliminate multtiple sources oof biological aand
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environmental contamination and allow real-time classification of cognitive
state changes even in challenging environments. The nine-channel wireless
headset includes sensor site locations F3, F4, C3, C4, P3, P4, Fz, Cz, and POz in
a monopolar configuration referenced to linked mastoids. ABM B-Alert® software acquires the data and quantifies alertness, engagement, and mental workload in real-time using proprietary software (Berka, Levendowski, Cvetinovic,
Petrovic, & Davis, 2004). Data processing begins with the eye-blink decontaminated EEG files that contain second-by-second calculations of the probabilities
of High EEG-Engagement (EEG-E) and High EEG-Workload (EEG-WL).
Simple baseline tasks are used to fit the EEG classification algorithms to the
individual so that the cognitive state models can then be applied to increasingly
complex task environments. The EEG-E metric is an approximation of the
multiple ways in which the term Cognitive Engagement has been reported in the
literature. For instance, it has been used to describe the amount of cognitive
processing that a learner applies to a subject (Howard, 1996) or as something
that has to be broken during a task so that a learner can reflect on his or her
actions (Roberts &Young, 2008). It shares similarities with alertness or attention
and can be visual or auditory. It is analogous to the EEG-rhythm-based attention
measures that are often associated with alpha power dynamics (Jung, Makeig,
Stensmo, & Sejnowski 1997; Kelly, Docktree, Reily, & Robertson, 2003;
Huang, Jung, & Maekig, 2007). Operationally, precise cognitive terms will be
difficult to associate with EEG-derived measures of cognition in the context of
teamwork, and functional associations will need to be derived empirically.
Analytic Procedures
Neurophysiologic methods can extend the use of speech for modeling
team dynamics by providing “in the head” measures of team dynamics (Warner,
Letsky, & Cowan 2005). As team members interact and perform their duties,
each would be expected to exhibit varying degrees of cognitive states such as
attention, workload, or engagement. We assume that the levels and patterns of
variability of these components across team members reflect aspects of team
cognition. Rather than focus on neurophysiologic markers, such as P300 or
N400 that rapidly appear and disappear in response to many stimuli, we have
used EEG-Eor EEG-WL which tend to persist longer across teams.
Neurophysiologic synchrony models were developed by first aggregating the second-by-second EEG-E levels from each team member into a six-unit
vector. We used an unsupervised artificial neural network (ANN) with a linear,
competitive architecture to extract from these vectors collective team variables
termed neurophysiologic synchronies of engagement (NS_E) that showed the
engagement of each of six team members as well as of the team as a whole
(Stevens, Galloway, Wang, & Berka, 2011). ANN classification of these
second-by-second vectors created a symbolic state space that showed the
possible combinations of EEG-E across members of the team. Figure 3 shows
three symbols that illustrate the diversity of EEG-E levels across team members.
They are samples from the 25 symbols in Fig. 4A.
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Established dynamical mo
odels of agentss interacting w
with the enviroono state variablles and the possition the systeem
ment can be describeed using a set of
ur system, the different NS symbols can be
occupiees in the statee space. In ou
though
ht of as the statte variables, an
nd the positionn of the system
m at any point of
time is indicated by the
t pattern of NS
N state transiitions. We consider that patteern
nsitions, over both shorter and longer tim
of tran
me steps, to be a dynamiccal
attracto
or.

Fig. 3. Three NS sym
mbols resulting
g from artificia
al neural netwo
ork classificatio
on.
Each bar
b in the diffe
erent symbols represents the
e EEG-E activvity levels of o
one
team member.
m

Fig. 4. Developing the dynamics of neurophysiolo
ogic synchrony attractors by tthe
set of state
s
variables and their trans
sitions from t to
o t+1. A: The acctivity level of tthe
twenty--five NS statte variables can be trackked over tim
me using a ((B)
neurophysiologic syn
nchronies state
e transition m atrix. C: The transition mattrix
resultin
ng from the randomization of the
t NS data strream in B.

For ANN traaining, we useed a linear archhitecture of noddes on the inittial
assump
ption that mostt second-by-seccond state trannsitions would be local changges
among individual teaam members an
nd that larger tteam shifts woould be indicatiive
m re-organizatiion. The lineaar architecture of the ANN ensured that tthe
of team
most siimilar states were
w
proximal and that diffeerences were m
more distal. Thhis
configu
uration should result in a diaagonal line in a second-by-ssecond transitiion
matrix if most transittions were local and in a disspersed map iff they were moore
distribu
uted. Transition matrices plo
ot the NS symbbol number beeing expressedd at
time t against
a
the NS symbol numb
ber expressed th
the next secondd (i.e. t + 1). T
The
numberrs at each transition are summ
med over the pperformance, aand the totals aare
shown by the heat maaps. The transiition matrix off the NS_E datta stream show
wed
a prom
minent diagonall indicating thaat many of thee second-by-seecond changes in
the NS state were sm
mall (Fig. 4B). When
W
the NS_E
E data stream was randomizeed,
the stru
ucture, or inforrmation, in the NS data stream
m was lost (Figg. 4C).
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R

The data in Fig. 4 indicatted there was structure in thhe NS_E symbbol
o
model of naviigation teams by
stream.. The goal wass to build an organizational
extractiing the inform
mation contained in the NS daata stream and relating it to tthe
task, teeam performance and expertisse, team comm
munication, andd internal and eexternal task
t
perturbatio
ons.

Fig. 5. Sub-task distributions of NS symbols and ttransitions. The
e top level shows
the tran
nsition matrix and
a expression
n of the twenty--five NS symb ols for the SPA
AN
perform
mance by a SO
OAC team. The
e matrices and histograms be
elow show simiilar
data for the three major segments of
o the task.

Capturiing Task-Indu
uced Shifts in NS Distributiions
We used thee three-part strructure of the S
SPAN task in the first study to
determ
mine how team organization at
a a neurodynaamics level was influenced by
the task
k. Figure 5 sho
ows the NS sym
mbol frequenciies and transitiion matrices foor a
SPAN performance that had been
n decomposed into periods representing tthe
ng, Scenario, and Debriefing segments. Thhe greatest heteerogeneity in N
NS
Briefin
expresssion was seen with the entirre SPAN sessiion. Each SPA
AN segment w
was
more restricted
r
in NS
N symbol exp
pression, withh the Scenarioo and Debriefiing
segmen
nts showing more comp
plementary raather than ooverlapping N
NS
distribu
utions. The mo
ost frequent NS
N symbols weere also highliighted in the N
NS
transitions suggesting
g the persistencce of symbol eexpression. Froom the NS disttri-
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butionss, there were feew periods in any of the Sceenario segmentts where all teaam
membeers simultaneou
usly and persisstently had higgh levels of enngagement; refferring to
o the NS symb
bol map; that condition woould have beenn represented by
NS_E symbols 14, 15,
1 21, and 24
4. Instead, the dominant sym
mbols were thoose
where the majority of
o the team meembers had low
w E (i.e., NS__E symbols 10 &
11). Ov
verall, the pattterns of NS exp
pression suggeest that qualitaative re-organizzations off the team occu
ur with changees in task demaands.

Fig. 6. NS_E transition matrix sam
mpled at differrent points ove
er a 584 seco
ond
period of a SPAN Debriefing.
D
Sec
cond-by-secon
nd dynamics o
of this and oth
her
SPAN performances can
c be found at
a www.teamne
eurodynamics.ccom.

Dynamiccs of NS Attra
actor Formatioon and Disperrsion
The fact thaat the most freq
quent NS in eaach task segmeent lie on the diagonal suggests NS state persisten
nce but offers little about hoow the activities
changee from one perssistent state to another. From
m a dynamics peerspective, natuural quesstions include how
h rapidly theese states deveelop and disperrse and how loong
they peersist. Figure 6 tracks the NS_E
N
(state vaariable) transitiions of the teaam
from tiime t (X axiss) to time t + 1 (Y axis) during one SP
PAN Debriefiing
segmen
nt.
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The transition matrices in Fig. 6 are sequential snapshots of the system
at times following the first frame when an attractor region around NS symbols
1-4 began to form. As this activity increased, the smaller transition regions
around NS symbols 20 and 11 began to disperse, and by 96 seconds the activity
in the region of NS symbols 1-4 dominated. This area remained stable for the
next two minutes (until 320 seconds) and then began to disperse with the
appearance of new transitions around from NS 1 to NS 20. This area was stable
for the next two minutes, and there were reciprocal from -> to transitions across
NS symbols 1 and 20. Two possible interpretations are: (a) that this is a periodic
attractor or (b) that the pattern represents a sequence of attractors that that form
or dissolve with changes in task demands. After approximately two more
minutes (at 584 seconds), the activity around NS 20 dominated. This sequence
of attractor formation is informative because whereas most NS transitions are
local, as indicated by the diagonals in Figs. 4 and 5, phase transitions often
begin by temporary transitions far from the diagonal of the transition matrix.
Though a symbolic representation of the state of the team is useful for
characterizing team neurodynamics, it is not the best tool for quantifying team
neurodynamics. Although there are methods for the quantitative representation
of symbols (Daw, Finney & Tracey, 2003), we chose to perform a moving
average window approach to derive numeric estimates of Shannon entropy of
the NS symbol stream. Shannon entropy is the informational content of the symbol stream measured by the number of binary decisions (calculated in bits) required to represent the symbol stream at a given point in time (Shannon &
Weaver, 1949). The NS entropy measure captures the distribution of activity
across the state space. In terms of team cognition, low entropy may be interpreted as a highly-ordered team neurophysiologic state, whereas high entropy
would correspond to a more random mix of team neurophysiologic states. The
maximum entropy for 25 randomly-distributed NS symbols is log2 (25) = 4.64.
In comparison, an entropy value of 3.60 would result if roughly half (12) of the
NS symbols were randomly expressed. To develop an entropy profile over a
SPAN session, the NS Shannon entropy was calculated at each epoch using a
sliding window of the values from the prior 100 seconds. Windowing over
longer periods decreased the resolution of entropy changes, whereas smaller
windows (e.g. 30 seconds) increased the potential for false positives. An interesting feature of the attractor sequence in Fig. 6 was the changing levels of entropy in the NS data stream, which are shown by the bar to the right of each
frame. Periods of low entropy were associated with changes in the shape of the
attractor. Our work represents a preliminary step in the use of entropy and its
dynamics to understand the real-time organization of team cognition. More
information is needed on what drives teams to these areas of high organization,
and whether this organization is beneficial to the team.
NS_E Dynamics Are Not Uniform
The previous neurodynamic models are expanded in Fig. 7 for another
SPAN team session. This sequence of figures illustrates the transformation of
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nces of NS sym
mbols into a qu
uantitative meaasure of the datta stream organnisequen
zation. Figure 7A sho
ows the second
d-by-second exxpression of thhe 25 NS_E sym
mF
7B and
d 7C show the attractor statees associated w
with different eenbols. Figures
tropy fluctuations
f
of the NS data strream. As with most SPAN pperformances, tthe
expresssions of the NS
S symbols weree not uniform bbut changed ovver time, particcularly att the task juncttions (indicated
d by the arrow
ws. For instancee, NS_E symbools
13-18 were poorly expressed du
uring the Sceenario but doominated in tthe
Debriefing.

Fig. 7.. Multiple reprresentations off NS_E neuro
odynamics. A: The second-b
bysecond
d expression of
o individual NS
S_E symbols. B: The transition matrices for
NS_E show
s
the NS_
_E symbols beiing expressed at the regionss indicated in tthe
entropy
y profile (C). During periods of
o low entropy (~epochs 190 0 & 2400) few
w of
the 625
5 potential (i.e
e. from 25 sym
mbols to 25 syymbols) NS syymbol transitio
ons
were us
sed by the team
m during a 100
0 second windo
ow.

The variatio
ons in the NS_
_E entropy lev els were compplex, with longger
fluctuaations covering
g minutes. Neested within tthese larger fl
fluctuations weere
smallerr and shorter fluctuations
f
(i.e. the NS entrropy streams aappeared fractaal).
We aree currently exploring the fractal nature oof these entroppy streams usiing
other dynamical
d
anaalysis techniqu
ues (Likens, A
Amazeen, Gorm
man, Stevens, &
Gallow
way, in preparattion).
En
ntropy Fluctua
ations can be Associated
A
witth Conversatiion Episodes
Patterns of NS_E entropy
y fluctuation ccan last for coonsiderable moore
time th
han it takes to utter
u
a question
n or sentence, ssuggesting thatt if an associatiion
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b
NS expression
e
and
d speech, thenn it may be oorganized arouund
exists between
higher--level discoursse units. Thesee higher-level ddiscourse unitss may be simiilar
to the “episodes” deescribed by Salem (2011). Episodes connsist of mutuaally
constru
ucted sequencees of behavio
or. When connversation is described as an
episodee, it is based on
o the premise that individuaals initially connstruct messagges
to be consistent
c
with their perceptions and then eevolve these m
messages in waays
that aree linked to tho
ose of others. The episode m
may evolve unntil it is mutuaally
satisfacctory to all, or it might contin
nue into anotheer episode. It ccan be thought of
as a disscussion around a central them
me or topic.
Figure 8 sho
ows detailed NS
N entropy mappping of episodde shifting in tthe
Debriefing segment of one SPA
AN performannce. There w
were two majjor
discusssion topics: on
ne from epoch
hs 4171 to 48000 and a secoond from epocchs
4800 to
o 5285. In the first segment, the team engaaged in a discuussion about w
why
the sub
bmarine deviaated around a merchant, andd, in the secoond segment, tthe
OOD asked
a
the team
m if they underrstood his overrall plan. Durinng the first toppic
the NS
S_E entropy steadily
s
droppeed until closuure was reached. The entroopy
rapidly
y increased and
d again slowly declined
d
as cloosure on the second major toppic
was reeached. Imporrtantly, these fluctuations iin entropy annd the attractoors
observeed in the abo
ove studies weere natural prooducts of team
mwork and laack
causality in that we caan only infer what
w induced thhem.

Fig. 8. NS entropy orrganizes around conversation
nal episodes orr topics. The E
Episodes bar
b shows the major discussion episodes o
of the Debriefin
ng. The Speake
ers
bar is color coded to
o periods whe
en there were different spea
akers. The NS_
_E
entropy
y variability sho
ows the entropy
y profile.

NS_
_E Entropy Fluctuations
F
Occur
O
Around Perturbationss to the Task
There were two instancess when the SP
PAN Scenarioo was externaally
paused
d while the Cap
ptain or Navigaator addressedd the navigationn team with cooncerns and
a recommend
dations. The NS_E
N
profile foor one of thesee events is show
wn
in Fig. 9. Coinciden
nt with the pau
use was a graddual decline iin NS_E entroopy
while the
t team re-orrganized itself,
f, and at the c onclusion of tthe discussion is
observeed a rapid shiftt up to the prior, less-organizzed team state.
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Fig. 9. Perturbation of
o the SPAN task induces te
eam reorganiza
ation. During tthe
period highlighted, th
he simulation was
w
in pause and the attractors were mo
ore
organiz
zed than after the
t pause.

Linking NS_
_E Entropy Fluctuations witth Team Perfo
formance
Many of th
he findings described
d
in pprevious sectioons are brougght
togetheer in Fig. 10, which
w
providess a framework for linking NS
S_E entropy w
with
team performance.
p
Figure
F
10 show
ws the NS_E transition maatrix, the overrall
NS_E entropy, a prrofile of the entropy
e
fluctuaations, and thhe output of tthe
Roundss performance metric for a more
m
experiencced (SUB) andd a SOAC teaam.
The ex
xpert team sesssion in Fig. 10A
A showed mosstly regular annd complete fivvestep Ro
ounds countdo
owns and also had
h the highesst overall NS_E
E entropy. Theere
was a more patterneed background
d in the transsition matrix and a relativeely
h NS_E entro
opy profile. The
T
Rounds ssequence patteerns were moore
smooth
irregulaar for team SO
OAC 2 where individual steeps, and occasiionally compleete
Roundss sequences, were
w
missed as indicated byy the gray boxxes. Irregularities
often indicate
i
stresssful conditions like makingg a turn, avooiding traffic or
equipm
ment failures (S
Stevens, Galloway, Wang & Berka, 2011)). This team allso
had low
wer overall NS_E entropy levels
l
with moore fluctuationns and showedd a
more restricted transiition matrix. There
T
was a poositive correlattion between tthe
regularrity of Roundss taking, which
h is an internaal performancee metric, and tthe
levels of
o NS_E entrop
py (Fig. 10B).
These findiings were exp
plored using NS_E compaarisons betweeen
Experieenced (SUB, n=6)
n
and SOA
AC (n=6) navvigation teams.. Three differeent
comparrisons were made
m
(Table 1): The first w
was across thee average NS__E
entropy
y levels wherre Experienced
d teams had significantly hhigher levels of
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entropy
y. The second comparison in
ndirectly measuured the degreee of organizatiion
represeented in the traansition matricees. This was peerformed by coomparing the ffile
sizes of
o the transition
n matrices of the
t different S
SUB and SOA
AC performances.
The id
dea was that since
s
PNG filles provide loossless compreession, the moost
organizzed performan
nces will havee the smallest file size. Thiis approach allso
showed
d a more highlly organized sttate by the SO
OAC teams. Thhe third approaach
entailed
d recurrence quantification
n analysis, a tool for extrracting tempooral
structurre in noisy, co
oupled dynamiic systems by quantifying thhe points in tim
me
that a system
s
revisits similar states (Webber & Zbbilut, 2005). Ass shown in Tabble
1, the SUB
S
and SOA
AC teams were significantly ddifferent by thhis measure, w
with
the SUB teams showiing fewer recurrrences than thhe SOAC teams.

Fig. 10
0. Entropy flucttuations and se
equencing of tthe Rounds. T he sequences of
Rounds
s for a repres
sentative experrienced (SUB)) and SOAC tteam are plottted
above the NS_E entrropy profiles. To
T the right are
e the overall tra
ansition matricces
for the Scenario segm
ment. Figure 10B plots the o
output of a perf
rformance metrric,
the tak
king of Rounds
s, against the overall
o
NS_E e
entropy levels for the Scena
ario
segments of three SU
UB and three SOAC SPAN tea
ams.
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Table 1. Comparisons between Experienced (SUB, n=6) and SOAC (n=6)
navigation teams.

Expert
SOAC teams
Significance

NS_E Entropy
4.22 ± 0.01
4.08 ± 0.12
p < 0.001
Kruskal-Wallis
test

Transition Map
Size (bytes)
15,072 ± 2,232
12,068 ± 2,807
p < 0.04
Wilcoxen

Percent
Recurrences
1.05 ± 0.62
3.2 ± 1.60
p <0.007
t-Test
(independent)

These results indicate that, on the average, experienced teams have
fewer periods of decreased NS entropy, or the decreases have a shorter period or
amplitude, suggesting a less organized state than the SOAC teams.
DISCUSSION
The results presented in this paper show that the NS symbol streams
contain multiple levels of structure that relate to the functioning of SPAN teams.
At the simplest level, the NS_E entropy values, and presumably the sequence of
NS_E symbols, are not random but have a structure. Part of the structure is
imposed by the modeling system, where the linear architecture of the
unsupervised ANN is designed so that similar symbols are located nearby and
more different symbols are located further away. We took advantage of this
architecture to show that many of the second-to-second changes in the EEG-E
levels of the team occur in local neighborhoods. This does not mean that the
NS_E transitions off the diagonal are noise. Instead, they may signal the onset of
a significant shift across the state space. The dynamics of these shifts were
interesting because they often exhibited reciprocal transitions across two NS
symbols resulting in a four-point transition matrix pattern as illustrated in the
320 second and 432 second panels of Fig. 6. Few of these off-axis transitions
persisted longer than several minutes, and the system eventually stabilized on or
near diagonal transition, which would seem to be the attractors of the system.
This is further suggested by the association of different attractors with different
segments of the task.
A second level of structure was the fluctuations in the NS_E entropy
stream. The periods of team cognitive re-organization identified by entropy
fluctuations: (a) occurred as a natural product of SPAN teamwork (Figs. 7 and
10), (b) appeared linked with episodes of communication (Fig. 8), and (c) were
associated with external perturbations to teamwork (Fig. 9). Evidence is
beginning to accumulate suggesting that periods of intensity or stress contribute
to the natural decreases in NS_E entropy. These decreases indicate not only a
change in organization but increased organization. There is a substantial
psychology literature on the importance of conflict on the synchronization of
group communication and interactions (Pincus, 2009). Most relevant for this
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study are the physiological synchronizations in personal relationships
characterized by conflict. Such conflict causes structural changes in
interpersonal dynamics by shifting the individuals and groups into a more
organized (i.e. rigid) state of thinking and acting. This parallels our findings of
periods of increased team organization being associated with increased team
stress due to visibility, the number of contacts in the vicinity, restricted
maneuverability, etc., (Stevens et al., 2011). Though the SUB navigation teams
encountered simulation events similar to those of SOAC teams, their increased
training or experience did not cause interruptions or restrictions to the flow of
cognitive information among the team members.
The patterns of neurophysiolgic organization could be lengthy, lasting
up to 10 minutes, and were often more associated with communication episodes
than shorter ‘thought units’ including sentences, utterances, or who was speaking. In the Debriefing segments, where speech is synchronous and most highly
structured, there are intriguing associations between NS_E entropy and episodes
of conversation that need to be further explored. These studies, and others being
performed with a simpler map tracing task, suggest that the NS organizations are
not only speaker or listener responses (Stephens et al., 2010) but also reflect
longer periods of deliberation by the team.
In a broad sense, we view teams as real-time dynamical systems that
must continuously adapt to changes in task requirements and unpredictable perturbations to remain effective. Of course, some teams are better at this than
others, and metrics based on communication analysis and other aspects of team
performance have been developed to detect subtle differences in team effectiveness. Importantly, the team neurosynchrony studies presented in this paper revealed expert or novice differences, which typically manifest themselves over
relatively long time scales of team development.
We have integrated these data with performances from other teams that
we have studied into a model linking NS_E entropy and state transitions with
experience and perhaps the development of expertise (Fig. 11). The cognitive
organization axis reflects the overall entropy levels and the diversity of
transitions in the transition maps. A highly organized team (lower right), as
typified by a SPAN team under stress, is shown by tightly-organized transitions
and low entropy levels, equivalent to the random usage of only nine of the 25
NS_E symbols. NS transitions pooled from the Scenario segments of six SOAC
teams still show restricted transitions, but the mean entropy has increased. As
teams progress after their initial training and develop more experience (SUB
Teams), the entropy levels and the diversity of the transitions further increase;
from the performance metric, this stage would approximate the ‘sweet spot’ of
team function. The data from zero-history student teams who had not worked
together (lower left), and were unfamiliar with both the task and domain,
showed the highest entropy. Their entropy levels were nearly equivalent to
randomized NS_E data streams. As discussed in the Introduction, this
hypothesized structure is consistent with the idea that teams, like many complex
systems, are thought to operate at an organization level between random and
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highly--organized, at the so-called edge of chaoos or self-orgaanized criticaliity.
From a complexity perspective,
p
Fig
g. 11 can be thhought of in teerms of statisticcal
compleexity (Crutchfiield & Young,, 1989), whichh is the inform
mation about tthe
past th
hat is needed to
t predict the future. In parrticular, both zero-history aand
SPAN teams under stress
s
would have
h
low statisstical complexxity, one beingg a
nearly random proceess and the otther highly orrganized, wherreas experiencced
SUB teeams would hav
ve the highest complexity.

Fig. 11. A model of ex
xpertise and th
he cognitive org
ganization of SPAN teams.

This diversiity of organizzational statess suggests thaat SPAN team
ms
exhibitt a modest rang
ge of complex
x states, not unnlike stock marrket volatility. A
normallly functioning market is chao
otic, and the loocal variabilityy of the processs is
heterog
geneous in its sources and flows
f
of inform
mation. But a market in criisis
shows increased coorrdinated behav
vior of a large nnumber of agennts in the markket
and a decrease
d
in fin
nancial diversitty (Sornette, 1 998). This addditional structuure
and orrder in the sy
ystem process leads to a “ccrash.” Similaarly, experiencced
navigattion teams may
y function closser to the “sweeet spot” of orgganization wheere
the team
m demonstratees both stability
y and flexibilitty in the form oof supportive ccoregulattion. As team neurosynchroni
n
ies also fluctuaate on much sm
maller timescales,
organizzed around episodes or pertturbations withhin a single taask performancce,
fractal scaling analyssis may provid
de an approachh for better deffining such sweeet
spots (M
Muzy, Bacry, & Arneodo, 19
993).
We proposee that the stud
dies that we haave presented here suggest an
avenuee for the devellopment of adaptive trainingg systems. A ccommon goal of
training
g activities in complex enviironments is thhe ability to raapidly determiine
the fun
nctional statuss of a team in
i order to asssess the quallity of a team
ms’
perform
mance or deccisions and to
o adaptively rearrange thee team or taask
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components to better optimize the team. One of the challenges in accomplishing
this goal is the development of rapid, relevant, and reliable models for providing
this information to the trainers and trainees. With the creation of standardized
models of NS_E expression (Stevens, Galloway, Wang, Berka, & Behneman,
2011) it may now be possible to direct real-time EEG streams into our modeling
system and rapidly report back the entropy and attractor basin status of the team.
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