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The Department of Defense is rapidly transitioning from historically large
and hierarchical organizations into smaller, more mobile, and more dis-
tributed network-centric organizations. In the traditional hierarchy that
characterizes the legacy foree, tasks are handled within each formal, func-
tional stalf subgroup and functional solutions are then devised at the top of
the hierarchy. If there are conflicts susceptible to {functional solutions, they
are resolved after each task has undergone independent analysis. A disad-
vantage of this traditional organizational model is that conflicts needing so-
lution are sometimes identified late in the problem-solving process (Ceb-
rowski & Garstka, 1998). In additional, hierarchical organizations are more
static, difficult to change and adapt to new changing conditions of a task.
Our understanding the communication and decision-making processes for
the network-centric organization has become critical (Alberts, Garstka, &
Stein, 2001; Cebrowski & Garstka, 1998).

In 2003, a large group of officers with 10 to 30 vears each of legacy-force
experience were told to role-play as members of a notional network-centric
organization. For 2 weeks, these experts were 1o ignore all of their experi-
ence and training with respect to hierarchical organizations and hierarchi-
cal decision-making processes and instead adopt a frec-flowing network or-
ganization design. The exercise was conducted at the Fort Leavenworth,
Battle Command, Battle Lab (BCBL). Army officers were required to learn
(a) the concepts behind the hyp()lhetical organization, (h) a new method
to make decisions in the hypothetical organization, (c¢) their role in the
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s.tructure of the hypothetical organization, and (d) how to use the simul;
.tlon S,oitwarc. The exercisc involved the execution of 4 simulated baide l 1
ing simulation software and battling against role-playing cnemy ofﬁgel%%
The A'rmy officers gathered information and input actions on the b'xtgil
field via the computer simulation. e
Researclllers from the Dynamic Decision Making Laboratory at Carnegie
Mellon University were invited to the BCBL exercise to provid/c sup or[?‘ (;
testing a network-centric organization. Support included {ive Obécn‘irs a1§nl
analysts as well as custom-developed data collection software. Our g‘o;ﬂ w«c
to use network analysis techniques to describe the behavior of a 1(16‘[\\'01‘(11(8
centric battle staff. We also intended to use our analysis to gain insigrﬁt a§ t(;
L.he empirical strengths and weaknesses of network lorganilatimls.hln a(.idi-
tion, because there would be follow-up exercises, thek Army wanted us to
provide feedback on the design of the exercise, and on the u/se oflcgacx: ex-
perts as futuristic role players. Our group applied social network an(;ilw/is fo
the data collected during the exercise. .
‘ This éhapt.cr reports the results from the dynamic network analysis per-
formed in this ?)rganization. This chapter describes a selected set </)f social
network analysis measures used in the Army exercisc and explains how
thc‘.se measures were implemented in the command-and-control context
This ?hapter also provides details of the network organization design, ;m(i
desc.rlbes the findings from this exercise. The chapter concludes with a dis-
cussion of the strengths and weaknesses of the network organization and
the managerial challenges it poses, along with the implications of using leg-
acy-force experts as exercise role players. o

DYNAMIC NETWORK THEORY AND MEASURES

In any organization, people exchange ideas and information (Borgatti,
Everett, & Freeman, 2002). Social network analysis is a technique that ;ceks
to qua'ntify the relationships among people in an organization. People and
organ'lza‘tions are represented as nodes in a network, and the relationships
(e.g., information flows) between people are represented as lines drawn be-
tween these nodes. Thus, a social network is a graph consisting of individu-
als and connections among them, where each connection is aslsociated with
some form of communication or relationship between the nodes (Borgatti,
1994; Scott, 1992). An example appears in Figure 18.1. Social nctworﬁ the-
ory allows for the quantification of dyadic ties that exist between team mem-
b'ers.'Aggregating these dyadic ties yields characteristics of the overall orga-
nization.

As with social network analysis, dynamic network analysis allows re-
searchers to concurrently perform individual-, group-, and o/rganiz'(ltional-
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FIG. 18.1. A simple network graph. From Borgatti (1994). Copyright 1994
by INSNA. Reprinted by permission.

level analysis. Dynamic network theory is a temporal form of traditional so-
cial network analysis (Carley, 2003): It examines the trends in a network
over a time span. Dynamic network analysis also seeks to account for an or-
ganization’s current state based on characteristics of the organization’s pre-
vious state.

Communication data among an organization’s members can be gath-
ered from shared e-mail headers, chat room traffic, instant messaging, and
phone calls, or by surveying the individuals (Wasserman & Faust, 1994).
Though each of these communication media has different qualities, mea-
sure relevance is determined by the organizational context and collabora-
tive tool characteristics. For instance, in one study, we found that early in an
organization’s life, people are more comfortable with communication con-
ducted face-to-face, but as they become comfortable, including comfort
with their collaborative tools, they migrate their important communica-
tions to those tools. As researchers, we would need to track both communi-
cation media until a full transition to one or the other occurs. In the studies
reported in this chapter, we describe both chat room and self-reported

data.

Selected Set of Social Network Analysis Measures

Table 18.1 presents selected social network analysis measures defined and
translated for a military command-and-control context for the purposes of
our data analyses. Subsequently, the measures are translated for an Army
brigade command-and-control context.

To use any of the social network analysis measures, communications data
must be collected to be able to construct a network graph. Network soft-
ware can help represent communications data into network graphs and ob-
tain values for the measures described in Table 18.1. There exists general
network analysis software, such as UCINET (Borgatti et al., 2002) or ORA
(Reminga & Carley, 2003), that were used in this rescarch.

Figure 18.21is a UCINET-produced network graph representing 90 min-
utes of communication relationships in a 10-person command-and-control
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TABLE 18.1
Network Measures and Concepts

Measire ;
Organizational concepl
Network Network density i )
' Network density is the number of actuad links observed among tl
density bers of an organizati B AIMONS L1 men-
\ R an organization divided by the number of all possible link
Freems 979 A fullv ) » )
(Freeman, 1979). A tully dense network or organization would have
ey per: *) dinke ( o
] 3 ]p( rson (node) linked o every other person. Organizations with
1Y *nsity share informati i ( ‘
gh densiry share information quickly, but the higher the number oof
N PR - » Y 1(> A N . \ ©
N N conncecuons, or the greater the density, the greater the workload
Network vetwork distance, often ref : ( .
‘ Network distance, often referred to as the geodesic, is the shortes
distance : - shortest rela-

lll()mshlp path between any two members of the organization (Boreay
904)—or ationalle . y ) R
990 —or, operationally, the shortest path distance separating two p
N - . ) ) . . ‘ ¢ co-
- ple within a communications network. pee
1wsical This is the actw ric di
(1‘ t( Ihis is the actual metric distance between two members of the network
distance Shorter sical distiee i » -
¢ Shorter physical distance mproves coordination. Coordination over
e e e ey M § 113
greater physical distance may be partally facilitated by collaborative
tools. ( o
Selt-forming This is ’
s 1S s a gr CCor y
[ s Isa group of three or more network members who work together
o

team and reciprocate inf i
eciprocate inforni sharing. Me s of -
] ormation sharing. Members of ad hoc. scl-formine
Eal

l(‘lms_ seek one another out in order to integrate expertise required o
solve impending tasks.

C.ell 01“ a netquwrk organization. The 10 are members of a Command Integra-
11(,)'11 Cell (CIC) designed 10 coordinate the activities of other fun("tioﬁ('lli\‘
orlent.cd %‘clls, and constitute a subset of the h6-member prototype ncl\v:)rL
organization that was the {ocus of this research. We used this Sil}}))%(‘t i() fur-
ther explain the measures in Table 18.1 into this cxercise ‘C(‘mt(“xt

@ C/CSUSTAINMENT OFFICER CICMANUEVER

. CICINFORMATION

CIC-SIGNAL

FIG 189 () ) s . Teon

(4 IH._: Command Integration Cell (CIC) of a protowype network organi-
7 c vt Y N v 3 =
zation. Links external 1o the CIC are not represented in this figure
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Network Density

Network density provides a gross level measure of the connectedness of or-
ganization members. In the CIC example, there are 10 members and 90
ossible links if each member has two possible links (a “to” and a “from”)
with each other member. As it is evident from counting the links in Figure
18.2, only 19 relationships were obscrved during the session depicted. The
resulting density of the organization is 21.1%.
Each organization could have a 100% network density, but density is not
4 static measure. Fluctuations from 100% are a result of numerous factors
tied to organizational and environmental dynamics. For example, changes
in density could be attributed to how comfortable organization members
are in their roles, to organizational procedures, and to changes in task
workload.

Network Distance

The network distance is the shortest path distance separating two people
within a network. A person’s network distance from other members is a
function of whom they choose to communicate with in the organization. In
the CIC example, the Fxecutive Officer has a path of length value of one.
This is, the shortest connection in the graph between the Executive Officer
and the other members of the network is one. He has a path length of two
to the Maneuver Officer, meaning that the Executive Officer does not com-
municate directly to the Maneuver Officer, but rather he communicates to
the Air Defense Officer who in turn communicates to the Maneuver Offi-
cer. He has a zero path length with the Sustainment Officer (from whom he
is disconnected).

Physical Distance

Research has found that team members in close proximity functon better
than team members that are not colocated (Herbsleb, Mockus, Finholt, &
Grinter, 2000). Physical distance is also an important indicator of the situa-
tional awareness any two members have in common and of how well they
function as a team (Graham, Schncider, Bauer, Bessiere, & Gonzalez,
2004). In the CIC example, all of the members were positioned at a round
table facing one another, and they were all categorized to have a physical
distance of zero. Members of groups outside the CIC were categorized to be
at a distance of one.
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Self-Forming Team

Ad hoc, se]vf‘-fol‘ming teams are unique to the network-centric organiza
They consist of threc or more members of the ord;mimli()h \\('%l( “;‘“[“““.
group tf) solve some problem, engage in l‘cciprocaijc()n;munic o
may C.XISI only until the problem is resolved. Traditional social ne
analysis characterizes tecams of this type as cligues (Scott 199‘27) \d\ *n'('t'work
Ihdl this strong form of a team normlally arises only in th,c ;rese.n - ( “;‘*“m(‘
(11“1(‘111.t problems that require extensive collaboration ;nd ‘ne:(i‘tf') o
In F{gurc 1‘8.2, the only subteam that met this definition C()11§i1(\i(1ltl(i?l]}.
Executive Officer, the Targeting Officer, and the Illtftllis;:eﬁ(:é O;)f'“(
}Trorr.l our notes, we know that this subteam focused on sclcjffillgr"ixi(i ]‘( .
hrn.lmg enemy targets for the commander. This task apparcntl: ;‘e ('(ffl—
r'eclprocal collaboration and communications in order to co()’rdiﬁ'u )q'“‘”.(fl
ncs'. All other potential subtcams failed to pass the l‘ecipl‘()("11—(‘;1: “(“‘?‘
c.atlons test, as no other member reported re(ﬁipr()catin’ the ) -
tions of another during this collection period. 4 e
In what follows, we explain the exercise conducted at the BCBL., F
Leavenworth. The data collection and analyses were done using t‘hcl’ ‘L
work measures explained previously. Furlhérmore the data "11’1':1\" : o
ducted looked into dynamic network analyses in ’which WZ‘ analye

a
ations, an

communici-

S Ccon-
clec : analvzed the
change > netw g : 1 ( ‘ (
a fgle of the network measures over time. A dynamic network analvsis
cons e organizationa 1vi : 4 Fine
‘ $1C eri the organizational form to be a living entity, capable of shifting
orm and s . i zes “of this ‘ .

‘a 1{ erU(:tule, and it analyzes the change of this organizational com-
munication (Carley, 2003) ) h

DYNAMIC NETWORK-BASED MILITARY EXERCISE

ivx(';;rkdorg;l.niz.alion command-and-control staff. The (txet‘ii.ii}tl(lllej:ilgl“it;it—
lavers oathored ; - - : ight role players. The role
players gathered information, coordinated with appropriate stall members
as they needed in order to execute a simulated battle succes%fullv 'ﬁld (*411‘—
tered l.)%n‘lcﬁcld actions into the battle simulation softwé;'é“ . 4
IITd]VIdllal.S were also provided with communication S()ﬂ;vare tools, -
cluding audio conferencing, instant messaging, a con)butcr—ba%(‘(l ‘(’"hur
1"()(\)m, shared .\\"hiteb(,)ard, file transter (‘apabhitiés, and zq)plicatim;—éhax'i ng
software. Pa'l"tltl()lls or walls separated the five cells, so that a partici );11{I
could talk directly to members of his own cell, but could (?OII]Ill}lllli(‘kitI(‘ di-

>C l Wl h mer b Of 1 € S¢€
rectly t npers 0 1 er Ce] bU ()111\ l 8

th < ls . ,]I()ll{%h the use C
) oo ) & ()i commuica

The Army gathered 56 officers to serve as role plavers for

18. DYNAMIC NETWORK ANALYSIS OF AN ORGANIZATION 391

Communication data were collected over 5 days following a I-week train-
ing period. We did not collect data during the training period. Communi-
cation data were collected on three sessions per day over b days. The train-
ing provided individuals with an explanation of network organizations and
attempted to reduce the reliance on the legacy-force procedures during the
exercise. A process in which the organization plzumed and then executed
the scenario in the computer simulation was uscd in this exercise. Experi-
enced military observers were placed within each cell to capture locally ob-
servable phenomena, such as face-to-face communications within cach cell
that wasn’t captured through the communication technology. Our group
was allowed to collect data from all role players every 60 to 90 minutes for
16 sessions, using an online questionnaire networked to each of the partici-
pant’s workstations.

Though we would have prc[érred to log all communications regardless
of medium, the computer system for this particular exercise would not sup-
port an automated logger; as a result, a self-report questionnaire was cm-
ployed as a simplified means of collecting data on all communications
between members regardless of the communication method used. A ques-
tionnaire asked participants to report the people with whom thev had com-
municated during the time elapsed since the previous questi()nnairc. They
could choose up to 10 responses by selecting participants from pull-down
menus; the responses were ordered by the frequency of communication
during the previous session.

The communications data set was used to construct network graphs. We
created the network graphs within minutes of data collection in a way that
the military observer and controllers could have immediate feedback on
the critical trends. As a consequence of observing the patterns of communi-
cation, the military controllers were able to alert the observers of “hidden”
communications on the part of the role players under observation.

Using the networks constructed from the communications data, we cal-
culated the network measures described in the previous section. The calcu-
lation of these network measures over the course of the military exercise
allowed us to draw conclusions about the dynamic behavior of the organiza-
tion. In addition to the traditional network measures, we created a new
measurce that we call the workload congruence. This new measure as ex-
plained next helped understand how shared understanding changed over
tume. The results from thesce measures arc prcsemcd nexL.

Network Density

In the “Measures” section we explained that network density is the sum of
active links in an organization divided by all potential links between mem-
bers (Frecman, 1979). Figure 18.3 shows the density for this exercise over
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. 18.3. D('Ilsll/\ from self-reported communications and logged chat
room communications. -

the last six consecutive sessions. We calculated the network density usine
the self-reported communications survey (density-self) and the loégéd (1?1:
room communications (density-chat). Based on these data, and f;TiLven t/h'(u
the‘ chat room was only one of the communications media availzible (f’lC(C-
to-face, chat room, instant messaging, or e-mail), the self-report 15 ml)f(*
r.epresentative of combined communication media quantity (Hi her den;
sity was found with the self-report). Although self-rcportslsufffr from’ a
number of biases and memory failures when they are collected s oradicwll;
we .attempted to reduce the memory effect by increasing the fre pﬁenc / ("tll’
which we collected the self-report data to [/hree time; ada e
By collecting network density data throughout the exerz.isc we could
construct a temporal graph of network density. Intuitively one’ would ex-
pect .the fluctuations to indicate activity in the organiz;{t,ion due to Llyilf‘
e.volvmg number and types of tasks created by the scenario and‘ )oten;
tlally_/, the normative communication characteliistics of the o;gani;'iltioﬁ
Flgl}re 18.4 shows the change in network density over the courqe( of tlie
16 sessions. After testing the linear trend of the network density we: verified
that }t significantly increased over the sessions (F(11) = 10.81’ j)‘: ’007)'
deI.lSl.th stflrts at approximately 10% and finishes at approinI;atcl\"‘)O%:
_Thls 1s a significant increase in magnitude, considering the lack of fzim_iliar—
ity of the role players on network organizations and the short period of
time th.ey have worked together in this new organizatioﬁal desi pn‘ 7
Multiple possible reasons exist for the increase, including indﬁih%al role
development, requirements of the scenario or task, and ifnproved under-
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FIG. 18.4. Network density change over the course of 16 sessions.

standing of communication technologies. Using this density data, it is not
possible to discern the real cause for the increase. However, during the in-
terviews, the role players spoke of establishing procedures and developing a
set of coordination rules. Chat rooms were identified for specific functions
and tasks. Essentially the organization was learning, as the legacy-force ex-
pertise that did not apply to this network organization was discarded and re-
placed through collaborative trial and error.

Observer reports indicate that the variations starting at time period 10
can be attributed to changes in the scenario task load. During that period
and supported by the feedback provided through the networks, the com-
mander asked the team to pay special attention to the team members they
should be communicating with, and asked them to concentrate on the exe-
cution of the simulated battle. Variations prior to time period 10 can more
likely be attributed to organizational learning as individuals learned their
own and others’ roles and responsibilities. In a newly formed organization,
norms have not yet been established (Moreland, 1999). For instance, peo-
ple do not know who has expertise on different topics and whom they can
or should contact when attempting to solve a specific problem and we
would expect this to be reflected in the communication patterns. The par-
ticipants in these studies were operating as a team for the first time. We ex-
pect a new organization to start out with a relatively sparse network, to grad-
ually increase linkages as the members explore and establish necessary
communication channels, and then to peak at some level of density. Once
organizational norms are established, we expect that variations in behavior
are attributable to factors such as organizational task load and changes in
the external environment.
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Self-Forming Teams

In a traditional, legacy-force hierarchy, problem-solving teams are fune.
tional in nature and do not cross functional boundaries: it is not undl fune.
tional solutions ascend up the hierarchy that multifunctional teams are for-
mally designated to coordinate their solutions, Any cross-functional leams
occurring at lower levels are approved by each of the functional leaderg af-
fected. This formal process exists 1o prevent subordinates from incurring
workload or shifting task prioritics without the knowledge of their Staff sy-
pervisors.

aniza-
tional design we (ested. Instead, members are able to assign themselves ((,
problems and o accept workload. Furthermore, they are able to f]‘(‘c]l\* CO-
ordinate across functional boundaries without the express approval of their
respective supervisors. In network organizations, these interactions result
in ad hoc teams—which are not part of the formal organizational structure,
but come into being nonetheless. We wanted o know whether the role
plavers would adjust to the network organizational concept and form ad
hoc teams. If the role players were not able to shed their legacy-force behay-
lors, we expected to see stabilization of a few teams reflecting the typical or-
ganizational ties in a traditional hierarchy.

We analyzed the communication data to look for the groups of three or
more network members who worked together and reciprocated informa-
tion sharing. These groups were counted as the ad hoc, se]f—ﬂ)rming teams.
Figure 18.5 shows the increase in ad hoc team formation over time. The
number of ad hoc teams signiﬁczmlly increased (f[12] = 6.68, #<.01) as the
organization members spentmore time working within the network organi-
zation model. However, if the ad hoc teams found at each time period were
persistent for a long period, it would be possible that the group members
established a hiemrchy so that the teams would no longer really be ad hoc.

In the data, not one team stabilized and persisted over the duration of the
exercise.

This deliberate, formal process is discarded in the network org:

Figure 18.6 shows that only one team lasted for more than half of the ses-
sions, whereas the majority of the ad hoc teams (204) were unique to a sin-
gle session and never recurred in the communications network. Therefore,
the organization members appear to have steadily adapted their collabora-
tive behavior to that expected in a network organization.

Whereas the role playing members were adopting network behaviors,
the role players assigned 1o stafl leadership roles were losing oversight of
their staff. The most prolitfic ad hoc team consisted of the CIC-Executive Of-
ficer, the MSC-Opcmtions Officer, and the BSC-Sustainment Officer. At
the end of the exercise, we queried all role plavers, and none were aware of
this team’s existence except for the members of the team itself, Krackhardt
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Workload Congruence

All the tradit
> tradition: : i
e aditional network measures provide information based
s formed by the communication patterns. But nc Vf radion
ormed mm crns. one > it
Eem ork measures provide information about the sh: (1 . ctlh( aonal
Sowtedue of it , > shared understandi -
e viduals that com i o
g s municate. To lerst: (
e 86 0 I ' . : . understand how eac )
p pants” understandings of other players changed : -
to the network organization, we created : ey ey adapied
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FIG. 18.7. Mean workload congruence by session and the comparison of
between organization members in direct communication and all members of

the organization.

whereas the overall workload congruence suffered a significant decrease
over the life of the organization (F134, 2128] = 24.94, p < 01).
Throughout all sessions, the participants were relatively consistent in
their workload estimations for people with whom they reported they com-
municated with directly during that session. The interaction may have pro-
vided information about one another’s workload. In fact, it is surprising
that the direct communicators did not have better workload awareness over
time. Nevertheless, the significant and continuous relative decrease in over-
all workload estimation is indicative of a loss of congruency of the workload

awareness.

It appears that when operating
als had a high workload congruence at the start of €
organization was still operating with some legacy-force behaviors,

and the role players’ organizational mental models could produce some-
what accurate workload congruence. As the members explored and
adapted to the network organization, however, their work procedures
changed. Therefore, as the organization became more networklike, the
role players’” existing schemata did not apply, and their workload congru-

ence deteriorated.

in the new organization, these individu-
he exercise. At that

point, the

Network Distance and Physical Distance

Network organizations are highly dependent on members that are distrib-
uted across the battlefield, working and coordinating effectively with one
another. At the outset of this exercise, a number of legacy-force experts ex-

pressed the opinion that “there is no substitate for face-to-face” interaction
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in battle staff coordinati :
S (} }( staff coordination. In fact, much of the laboratorv and field
search has s ‘e celas ; e e e
searct: as supported the claim that there is no substitute {or physical .
imitv in te LT A1 e (o ‘ 4 P Prox-
o 3 tcam performance (Clark & Brennan, 1991; Olson & Olson QE)()(}K
: e \\(!tjf concerned that the distributed nature of the mili : 5
tions being tested would hinder their ctlectiveness
Furthermor v arr indicate
» : 1-?6’ given that rescarch indicated that direct communicatic
‘ere mor ly C e an « e e
e el ikely to produce an accurate workload congruency, we wante
0 know wh: : ) 1 ’ ( wer's worklon,
w what defined the boundaries of a typical role player’s workload
congruency. That is, how far, i | 1 distance and rer
( y. S, v far, in terms of botl 1 1
: , TS ¢ 1 physical distance ;
work distance did a r : ’ ( i e
< > ole player’s workloa -

ork yer's d congruency extend i

" . g v extend in the oro:
nizatton—and, as either as i 1 ; o

, as erther measure of distance increas 1
n- - < > mcereased, to what exte i
that workload congruency deteriorate? ’ Heventdid
e )l} (dlhdlstdl](,e 15 a geographical measure whereas network distance re
>cts the shortest network patl 7 o )
< > 1 between two role players. W
] . > plavers. We were seeki
determine whether the ace ' - 0ad conamie e
r the accuracy of the role plavers’ )
3 > players’ workload ¢ uenc
extended only over tl sanizati o ( e
: ) T the organizational subteam ths ic |
. ¢ s am that they were phvsic:
paended o : { ¢ ¢ 2y were physically col-
, 1, or whether it was more l :
. s more dependent on their ¢ icati
: with, « I communics ;
with org: p : > istri o
Fi ganizational members who were distributed across the organization
1TsL, we ¢ are ' 1 i over . :
o e (.()mVp(u ed network distance to physical distance over the cours
1 the exercise. We found the 1 ’ e wea ’ .
se. 1at the two distance asur
, ; stance measures were weakly corr
e exercise . ‘ P re weakly corre-
- =.247. This supports the | hest /
S s the hypothesis that the
, : : 3 S 1 1¢c members at a shor
network distance fro ac ( 1 cistanee
s > from cach other and those at : 1
se at a short physic: istanc
pemor’ lisunce | . at ¢ physical distance
1¢r are not necessarily the s: ; oun
‘ cess 1e same. In fact, we f d 53% ot
o cach ¢ are not necessarily . act, we found that 533% ot
o “é 1}1}1111&1110115 were with physically collocated members whereas

b were w - ' N L

hd,t o with r;.lembus external to the role plaver’s immediate location

at 1s to say, direct communicatic : 4 ( .
I v, ¢t ¢ cations were nearly ev 1str1

. , . > evenly distributed be-
i - direct , arly y distributed be

Gn members within the same cell and those in different cells

Next, we w 3P i '
phWiCdl,l \lxlanledlt() understand whether direct communications with

ssically collocated members pr ’ ‘

3 ly > rs produced a better workload ¢ 18
physically co _memb ‘ orkload congruency
V\Y; ! e;l }(,ommumcatlons to those with physically distributed mcmb(‘l‘s"

> Tound that, overall, the worklo:; l / ’ l d

rall, t orkload congrucnc i i
; ce of physically collocated
members was 11% better , Gistibutoc memben
¢ s er than that ccographically distri
R " ‘ at of (gcf)gtdphlcally distributed members
s (icter : T ,.// <.01). However, direct communications are not the
\i”/ | rminant of workload congruency accuracy. Observation, direct or
Artual, ¢ ovide encoitoh mf : ; ’ o ’ '
" f( , can prl(mdc enough information to increase workload congruency
€ tirst tested the hypothesis 1 i 7 tor orke
1esis that physical distance is i i
) < stance 1s a predictor of work-
e fint tested th pe : ) B a predictor of wor
4 ) ((l)lr?glucncy. Overall, we found that it was (111, 24] = 211 p<.0001)
contro o tlect of i 7 . .
e lmg for the eflect of network distance, rater, and session
¢ then teste > hy I 1 '
o th tested the hypothesis that newtwork distance is a predictor of

‘kloa - - . . v ey o M 4 A V
\ H( }((mgl uency. Results are shown in Figure 18.8. We found that
overall, the effect of 'ork dis Toad g ’ i
mm((l,[l e‘g:ffe(t of network distance on workload congruency is signiti-
z 11, 341 = 809. | . : . i
e 1 =302, p<.0001), controlling for the effect of physical dis-
tance, rater, and survey period. P |

tary organiza-
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Workload congruence

Network Distance

O shared cell O non shared cell

FIG. 18.8. Workload congruence by network distance.

Both social network distance and physical distance, then, were predic-
tors of workload congruency. Figure 18.8 indicates that role players’ initial
workload congruency extended equally whether the person they were rat-
ing was collocated or not. Initially, organizational behavior reflected the

ayers’ training in traditional hierarchies. In this environment, the

role pl
nt

role players could apply their legacy-force expertise 1o achieve equivale
workload congruency in both local and gcographically distributed con-
texts. However, as the role players adopted network organizational behav-
iors, they were no longer capable of applying their expertise. As a result,
they lost workload congruency with respect 1o organizational elements not
collocated.

We found that geographical distribution had the least effect at a network
distance of one and a progressively greater effect at greater distances. The
role players were able to use their expertise o achieve workload congru-
ency in this new organization. They were dependent on direct communica-
tion to achieve their best workload congruency; and as the exercise contin-
ued, they required physical collocation to achicve their best workload

congruen cy.

CONCLUSION

and expertise out of context through the

This chapter has sought to underst.
tional

study of role players operating outside of their traditional organiza
w network-centric organization. We collected communica-
analy-
Tra-

design into a ne
tion data from a large military organization and used social network
sis to draw conclusions about the dynamic nature of the organization.
ditional social network analysis measures used included network density.
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network distance, physical distance, and self-forming teams. In addit
the traditional social network analysis measures, w(c also “ro (;s d1 'lon °
measure, the workload (‘(mgrucncé, which helps de%(‘ribep shP ii k(1 ot
edge in the organization. A Tred fnowl:
' qe;lr]y, the role players adapted to the new network organization bel;
tors in a relatively short period of time. The network del‘i%ity ‘x(ms hi f o
sc?lf—reported communication data. The analysis of the chaﬁgé ()f((‘lenlg' lvf.‘)l‘
dicates _'dn increase on fluctuations of nc[w(;rk density ove; time 1 :? o
qdap?atlon to the network organization. There wasf an increaécj il}gr]';)‘f
f()mAung teams over time and most of those self-forming teams wére un'Sﬁ f:
to single sessions over the course of the simulation c;crcisé. e
H()\‘ve\'er, in future research it is important to identify and categorize
[\hc efff‘cts of all possible causes for the increase in densitv and (th "é’orj[(
for self—f‘orming teams. Also, it is important to further im‘%‘sti ate :hl'm‘e(;
understanding and situational awareness in network Orgar;iiitions T)e(~
zl,tte;fnpt to create a shared measure, workload con oruency, vield m'
limited success. i P yieided on
) Nt}lough workload congruency initially seemed to increase, overall the
congruency seemed to decrease for the overall organization and remai
mostly stable for those individuals that communicz{tcd directly \Norkl(;'iz
congruency was predicted by the network and physical distaiﬁ.cc Hi ilter
congruency was found for those individuals physically collocated .th"ir(? f‘(;r
those belonging to different teams in the Organir/,ati()n/. Also highér C('()ll ru-
(?1](‘(\,' was found for those individuals that Cérnlntlllicztted mor(é often tiq'
for those that communicated less frequently. l o
Res.earch on network-centric organizati()n; 1s ascendant now. As network
(?rgamzat,ions become more prevalent (Miles & Snow, 1992.’ Nohria &
h(,clc:G, 1992), ?vorkload congruence will become more Critical’as a design
‘901 for organizational structure and collaborative tool selection. Vali(%a—
tion (')f the work}()ad congruency measure created in this research and the
creation and validation of new measures of shared understanding are nec-
es:sar:x?. Dynamic network analyses is at its beginnings and measur(i of or ’i-
mzatl.onal change, and in particular measuré&s of dy:namics of' skharc;d undi‘r-
z}tii’l(thngt';re “(‘,);?6(‘,[6(1 to play a key role in future fesearch. Finding ways to
shorten the "elfective network distance” through the use of she ed visu:
space, and to increase workload congruernce wi?hout(hils::E gt::i?llifl(l ‘le)::l
are worthwhile areas for future res ;arch. ) B
It should be noted that large-scale network organization exercises arc €x-
.[rcrln(‘.l)j‘expensive. Consequem]y, available replications would be rare; and
it is difficult to accord general validity to observations that result frl(’)m a
small number of replications. These early findings, however Vwill shape
both the organizational design and the methodoloéﬁeis off‘lltllre,cxtfrc}scs.
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Preparing for Operations
in Complex Environments:
The Leadership of
Multicultural Teams
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An Army patrol in Bosnia arrives in a village not particularly happy with the
American presence—suspicious glares tend to be the norm. Upon their ar-
rival, a crowd runs toward the vehicle yelling and screaming. The patrol
leader and his interpreter exit their vehicle and are immediately crowded
to the point that they cannot get back in or draw a weapon for self-defense.
The Lieutenant then sees his interpreter disappear into the crowd. The
Lieutenant becomes nervous as the two main options—driving away or us-
ing his weapon—are no longer available. Thinking he has led his patrol
into an ambush with the two most likely courses of action deterred, the
Lieutenant improvises and yells into the crowd asking if anyone speaks Eng-
lish. In response, a man emerges from the back of the screaming crowd.
Q,uickly the Lieutenant asks the man to tell the crowd to back off. Surpris-
ingly, the “hostile” crowd complies immediately. Upon asking why everyone
was so excited and crowding around the jeep, the Licutenant learns that a
young boy fell into a well and people, hoping that the patrol could help get

403



