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Task-Adaptive Information Distribution for
Dynamic Collaborative Emergency Response
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Abstract— For emergency responders in crisis situations it is amount of information rapidly and complicates task-refgva
essential that they timely acquire all information critical to their  jnformation sharing between those involved.
task performance. Lack of adequate information hampers the  The proliferation of information causes a problem for the

decision-making process, the workflow as well as situatiomha ialized t h | i
awareness, which consequently strongly influences a sucskg SPECIAIIZEA EMErGENCy réesponse actor who only requirés par

solution of the crisis. Studies have shown that in practicereors ~ Of this information for his/her task. Especially, when larg
occur in accessing and sharing relevant information betwaecol- teams or organizations are put together on the fly it becomes
laborating individuals or organizations, leading to unneessary, complex for the actors involved to adequately decide for
preventable errors and delays, that can cause more damage to\yhom information is relevant, or to whom information should
the situation. . . L

This paper presents the Task-Adaptive Information Distri- be sent.. Hence, information distribution errors may occur.
bution (TAID) method. It consists of a system for adaptive INformation overloacbccurs when messages are continuously
information distribution that distributes relevant infor mation sent to actors that do not need these messages [15]. On the
to collaborating emergency responders and of an adaptive other sideinformation starvation(i.e. ‘information scarcity)
(simulated) workflow system (AWS) used to obtain knowledge gecurs when messages are not sent to actors who do need

of tasks and work processes. The system is trained on data . I .
from previous crisis management processes, using tools fro these messages. Informatlon overload causes a’? over. Imi
Machine Leaming. Results of experiments with data from a @amountof information to be processed. Information staovat

real incident indicate that this approach is promising. Ushg o0n the other side may cause incomplete information regultin

task knowledge significantly increases the quality of disibuting  in wrong decisions made and have a negative influence on the
relevant information so making collaborative response wok 55k performance.

much more effective. . . . . .
In emergency response situations the sharing of informatio

Index Terms—Collaborative emergency response, adaptive is for a large part done through a centralist who, as the term
information distribution, workflow simulation, machine le amning.  “centralist” already reveals, is the 'central point within a
particular emergency service that channels the informato
the emergency responders. In larger crises involving meme ¢
tralists or more levels in the organization, relevant infation
often does not reach the actors that could have used it, see fo

MERGENCY responders involved in a relatively conexample [6], [14].

fined emergency response operation can almost immeRecent large training exercises on crisis response and ma-
diately share relevant information with each other and mtheagement situations in the Netherlands showed that communi
emergency services. Given the frequency of such minor syemmation and information sharing was worse than expected [1],
the emergency response actors know what to do, based[8h Many evaluation studies on response and management
extensive shared experience and training, and know whperations during disaster situations also indicated efvatrs
requires what kind of information. However, in case of & the distribution of crucial information between collabtng
large incident, the situation becomes completely differeractors is often neglected which has had a significant inflelenc
Besides the initial emergency services (fire departmeriggpo on a successful solution of those situations [3], [6], [16].
and medical services) other agencies become involved (fopnsidered to be the main problems with regard to informatio
example, the municipality and national government), whare: 1) not having complete information: availability and
all actively collect and share information. This increatfes accessibility of correct and full information for an effivet

execution of tasks and decision-making; 2) not sharing ef th
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was supported by SenterNovem under project nr: MMIO4OOGS pbper_ is The mitigation of a crisis situation is for a Iarge part
extended from two papers “Automated Support for Dynamiormiation Dis- d ined by the inf . hat i ilable i |
tribution in Incident Management” and “Exploring Protogalsing Adaptive etermine y the information that Is avallable in an early

Workflow Simulations” both published ard International Conference on stage of the unfolding of a large crisis. The correctness of

niormation Systems for Crisis Response and Management Jasey, USA, - this information is therefore very important. There areesal/
May, . L . . K
N. Netten and M. van Someren are with Dept. of Human-Comstieies, €Xa@mMples where errors in the distribution of information be

University of Amsterdam, Kruislaan 419, Matrix |, 1098 VAn#sterdam, The tween emergency response actors caused more damage. For

Netherlands (e-mail: netten@science.uva.nl and maaseig@ce.uva.nl); G. example, in the Mont Blanc vehicle tunnel disaster on the
Bruinsma and R. de Hoog are with Dept. of Instructional Tedbgy, Twente

University, P.O. Box 217, 7500 AE, Enschede, The Nethedaetmail: porder qf Italy ‘?‘nd France, there was a SC"f‘rCi.W of Up't@'_dat
G.W.J.Bruinsma@gw.utwente.nl and R.deHoog@gw.utwedte. information which played a large role in finding a solution

1. INTRODUCTION



INTERNATIONAL JOURNAL OF INTELLIGENT CONTROL AND SYSTEMSVOL. 11, NO. 4, DECEMBER 2006 239

to the disaster situation [7]. The emergency services wete lissue. Therefore, such a workflow system must continually
able to get a picture of the number of cars in the tunnel anevise its model based on the current state of the world in
what type these vehicles were, making the severity diffittult order to model what is happening. Acquisition and distftout
asses. Based on this information the authorities on oneo$ideof information must be based on this adaptive model.
the tunnel decided not to scale up the emergency support. lin this paper a prototype system, called Task-Adaptive
this had been done, then the fire most likely would have bebrformation Distributor (TAID), as proposed previouslyl]2
under control much faster. is used to conduct experiments on data from a real incident
The Hercules plane crash in Eindhoven, the Netherlandsenario. This available data from detailed evaluatiomntsp
showed that a small mistake in the information can have seven the Koningkerk (“King’s church”) fire disaster in the cihy
consequences [14]. In this case, assumptions were made byHharlem, the Netherlands, was selected. In particular,nwve i
fire brigade of the municipality about the capacity of the aivestigate if machine learning techniques can learn to satet
port fire brigade and the amount of people on the plane. Thebisseminate task-relevant information from speech uttma
assumptions, unfortunately, were incorrect, but deteeghithe transcriptions of collaborating emergency responderghEw
nature of the support provided by the municipality. Incoet@l more, to assess if the addition of task information providgd
information is normally filled in by the emergency resporsdean adaptive (simulated) workflow model adds to the quality
by means of estimates and conjectures under conditionsobfthe information distribution. Results of the experiment
uncertainty. In case of the Hercules disaster the on-scarenducted on data, indicate that including task knowledge t
commander stated afterwards that he heard that the numither learner increases performance significantly and thagus
of people in the plane was unknown. However, the numbetachine learning methods for this purpose is promising. In
of people onboard the plane had been discussed earliergogictice, this could mean a more accurate delivery of releva
the airport centralist and the head traffic controller. Tdosld information, making collaborative response work much more
have been distributed to the on-scene commander provideftective.
him with better information. The remainder of the paper is organized as follows. Section
In the dynamic situation, new information is continuousl presents the system design approach. Section 3 desdrébes t
created, therefore a standard query-return model of irdernsimulation of adaptive workflows. In Section 4 the adaptive
tion retrieval will not suffice: team members cannot corntinunformation distributor is described. Following this inc&ien
ously query a database for information they need, espgcidll, results of experiments on a test corpus from a real disaste
if they do not know that the information exists. Also, systemscenario are described. The paper ends with a discussion in
that filter and distribute information based on user-siggpli Section 6 and conclusions in Section 7.
(static) profiles or long-standing queries are also inadexju
To deal with these issues, a system managing the information 2. SysTEM DESIGN

distribution must be able to adapt information to the astor’ h d for Task-Adaptive Inf ion Distri
task, moreover must be able to adapt when actors charg%g e proposed system for Task-Adaptive Information Distri-

roles, take on new tasks, and abandon old tasks, similar tion (TAID) is presented here. Figure 1 presents an ogervi

human adaptation to and perception of information relegan@ the_ ovgrall arch|tectl_1re._ Within the dashed box residies t

in dynamic environments [11]. adaptive |_nform_at|on distributor system. A separa_lte syste
Roles of emergency response actors play a key part in EHW adgptwe (simulated) Workflow sygtem .(A\.NS) is coupled

group communication and should be part of the key funlQ the first component of the information distributor.

tionality in the design of information systems for emergenc

management [23]. Additionally, we argue that such a system ,

Adaptive Workflow
must be aware of the work context of those actors. Knowledge Simulation
about the task is crucial for delivering the right infornoati
at the right time [4] to the right person. Having accurat&ktas ——— e

knowledge of other collaborators within the team improves o A, a i
the distribution of information and thereby the entire team L selection _ g L
performance [20]. information & - c : - g@@
Tasks can be modeled using a role-task framework. In this i| | Ppre-processing Al =
framework, roles of actors are identified and a set of tasks is : -

associated to each role. A rigid workflow that only represent
the tasks that should be done, only represents part of thie wely. 1. System Overview

that actually is done. Work practice often deviates frons thi

plan. This is difficult to model in advance. By restructuramgl The AWS provides additional context (i.e. information abou
combining parts from different workflows that are describetthe current state of the world) to the information distribu-
in action plans, a new workflow can be created on the fly. #or. The information distributor consist of three compatsen
flexible (i.e. adaptive) workflow system [9] would be able tohat process the incoming information. First, the incoming
predict the new task that needs to be executed for a spetific Biformation messages are pre-processed. In this stage the
uation. However, the dynamically changing environmenhwitrelevant features for learning are selected. Second, in the
interrupts, role changes and parallelism makes this a aampinitial off-line phase of the system we train it to select and
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distribute relevant parts of information by means of lalleleon the active protocol. Without special events, the actieekw
examples. An expert is able to label message examples wgtlotocol is fully carried out. However, in the case of sitaasl
semantic class labels (e.g. actor roles). Then, in the ren-lichanges the “likely next task” variable changes to the thak t
stage it determines (classification task) the relevancenef thas the highest probability to be carried out within the yewl
incoming message based on what it has learned. Third,adtive, actual situation based, protocol.
disseminates the information towards the actors for whomincorporating the level of adaptivity of work practice of
the information is classified as relevant. Thus, pushing tleenergency responders into traditional workflow and sinmuat
information automatically to them. systems goes beyond the abilities of most systems used for
Although, the information distribution system is able tadaptive workflow modeling [10]. Furthermore the level of
learn which information is important for which actor it alsadetail of aspects that influence the workflow, such as com-
has to adapt to the changing information needs and to tmainication, events, and the recent situation, are esédatia
representation of their information needs. Acquiring mfa- the way work actually gets done, and changes as work gets
tion about the actual fast-changing information needs ef tidone. Therefore, work practice simulation, which includes
actors enables TAID system to select and distribute retevavorkflow and situational influences on work using the Brahms
information more precise. For example, explicit inforatdf modeling and simulation tool was performed. Brahms has
someone’s location makes assessing the relevance ofyarticbeen developed to support the design of work by highlighting
information for this actor much easier. Descriptions of theot the formal elements of how work should be done, but
tasks/activities of actors, as can for example be foundangl! by focusing on how work actually is done [19]. Brahms
and training materials, also contain information aboutiwba can be described as: “...a multi agent simulation tool for
important for that actor at that moment. This dynamic tagkodeling the activities of groups in different locationsldhe
information can then be extracted from an adaptive workflophysical environment. A Brahms model reveals circumsnti
system. Such a workflow system tracks tasks of actors. Tivgeractional influences on how work actually gets done,
way the AWS provides task descriptions; the task that tlespecially how people involve each other in their work” [5].
actor is performing at that moment. This enables the infermBrahms models can help human-computer system designers to
tion distribution system to distribute relevant inforneettiin  understand how tasks and information actually flow between

accordance with the actor’s current information needs. people and machines.
= il DisasterBaseGroup
3. ADAPTIVE WORKFLOW SIMULATION -parents
= ---m:emher groups
For capturing the dynamics of the workflow of emergency - 22':;;;':9;;”
responders and predicting the task at hand by conducting B-parents
work simulation, exception handling and flexibility are key ""mebig?:rﬁfnander_gm

- B

- -

concepts. A rigid workflow representing the tasks that sthoul - ffl) CommanderDisasterarea_grp
be done only has power to represent part of the work that = W rverorters o
actually is done during mitigation. These textbook reatgjo 2-member groups
. . e ‘AttackSquad_grp
mostly documented in protocols (predefined plans of attack) £ oflh DriverPumpOperatar_arp
and emergency plans, possess a fine level of granularity of m;b?ag"‘;::fsﬂ“ad—gm
workflows but work practice often deviates. Emergency re- attributes
sponders react to the situation at hand, changing the warkflo B
due to new information provided to them in the form of e
situational cues or as a result of communication. By doiigy th -thoughtframes
they restructure and combine parts from different workflows o 22‘:;532‘;;;?:?;;"-“
that are described in action plans, creating a new workflow on member agerts
the fly. To achieve this level of flexibility in a workflow syste -relations
the unit level of work should not be the complete, prescribed el ks e beets
rigid workflow, but the duty and task level [17] extended with _j;;;?;uk;ﬁ;“;:; ,
information about the “likely next task” (depending on the #- ol Other_arp
active plan) and dependency on resources, locations, &ed ot ol =:ESE;‘SS-W
tasks.
“A duty is a large segment of the work done by on€ig. 2. Hierarchical template of fire-fighter organizationgents
individual, often a major subdivision of the work content of
his or her job. A duty is usually recognized as being one of theThe object-oriented approach Brahms uses, enables us to
employee’s principal job responsibilities. A task is a unit create a general template at a high abstraction level inithe h
work activity which forms a significant and a consistent padrarchy of emergency response work practice, which branche
of a duty. Tasks are not homogenous units of behavior; theyo increasing levels of specificity of the elements. This
are logically differentiated segments of work activity7[L ~ template consists of those elements in emergency response
The “likely next task” variable provides us with informatio that reoccur in emergency situations, such as duties akd, tas
about the task that normally succeeds the present taskd basgents, objects and conceptual objects.



INTERNATIONAL JOURNAL OF INTELLIGENT CONTROL AND SYSTEMSVOL. 11, NO. 4, DECEMBER 2006 241

Figure 2 illustrates this for the Dutch crisis organizatiot.1. Pre-processing

The disaster base group, which is the most general level . . .
. . ; ; The vast amount of information that we have to deal with
contains multiple groups of agents involved in the emergenc_ _, . S :
Im this domain is in natural language (i.e. unstructuredg- P

response whose activities and responsibilities diffenifiig rocessing text in natural languace is necessary to maket u
cantly. The aspects defined at the highest level includecbal 9 guag y

life activities such as breathing, and general charatiesis 3ble for the machine learning algorithm. In the pre-proiogss

- . . ase feature extraction and selection is an importanofact
such as the ability to get wounded. These are inherited by ﬂ b

. at also affects a classifiers’ performance. In other woads
members. All aspects (for example, the ability to do certain e U . i
. L ! successful classification application relies on the rigbtei
tasks or have certain characteristics), defined at the grou

level affect the groups and agents it branches into. In Big and the right features. The most common used feature set

s . . JUbr text classification are word tokens. This ‘Bag-of-Wdrds
2, within each group (dispatchers, fire department, policg . )

. t€xt representation model does not take into account the wor
paramedics, others), subgroups are formed based on rales an

task similarity, becoming more specific at lower levels. Tite context.

department for example, consists of several levels of comima To Increase effect_lveness of the predlctlons made by a
: ) lassifier the words (i.e. features) that are are irrelet@itie
(commander, officer on duty, head officer on duty, commandér

disaster area) and the firefighters. Within the firefightee ropredu(:jtlor: thl“d be reThove(il. A corgmosnt approa(;:h, Wh'fh
three more subdivision can be made; attack squad, watedsq‘t’;vg adopted 1s remove the stop words. Stop “wor” S or”a"so
é“netlmes called function words (for example “the” and “a”)

and the driver / pump operator. General disaster respor%) : : . :
ve an important role in grammar but carry little meaning,

tasks are therefore pre-specified high in the work hierarc d therefore d i tribut h to the classificatiok.t
and instantiated the lower levels, making the model easi 'd theretore do not contribute much 1o the classificatiox. ta

applicable to completely different disaster situations. The texts we use for Clqssmcatlon are different than the
. . . . . .standard texts. In the domain of emergency response and ma-
The Brahms simulation engine dynamically simulates dis- : A
. . nagement much of the information is distributed by means of
aster response based on the information state of emergenc - .
: : speech. Transcriptions of these speech utterances agectitf
responders. The absence or presence of information wi .
rom for example news articles. Context features of theracto

influence the workflow and initiates all agent activities. In T : .
. . . ; %nd the situation are necessary to obtain effective claadn
Figure 3 an example of a workflow diagram is shown (whic

is the visual representation of the workflow that resultexfr reTuIts.. is situati th . | £ attack (i il
the simulation). n crisis situations there is a plan of attack (i.e. workflow)

In Fiqure 3. the agents’ workflows are separated by a das Ta&ks are assigned to actors, for example through the adapti
. 9 ' ge . P 1 Dy a (& IXgmulated) workflow system (as described in Section 3)k Tas
line and they are divided into three parts. The first horizon-

. . descriptions contain information about what is relevantiie
tal bar (dark grey) represents the agent’s location (verkee :
. . actor at that moment. When the plan of attack is adapted, we

storen, PrinseslreneKazerne and OnderwegNaarEindbestem ; o .
c?n keep track of changes in the actor’s information needs

mmg)zl In_ Figure 3 this Iocat,|’on ctlanges for the bo.ttom ageBy tracking the actor’s tasks. In other words, when an actor
from “PrinseslreneKazerne” to “OnderwegNaarEindbestem:

ming” indicating that the bottom agent moved to a differen(ih"’.lm‘:]e.S from task then also his information needs c_ha_nge
which is represented by means the new task description.

location. In other words, moving from the barracks to being L . .
o . ; hese task descriptions are written in natural languageasad
enroute to the incident location. The second horizontal bar

: . represented in the same manner as the content of the ugeranc
(black) represents a time scale, which stands for the steulila L ) ) )
. . . ! . - transcriptions; the ‘Bag-of-Words’ model. Subsequenttys
date and time, which provides information about the durati - : )
L . : C ask knowledge is incorporated into the learning process by
of activities. The third bar (light grey) represents the\aties coupling the task (word) features to the utterance content
initiated by the agent. These activities can be single et/ pling

(pa: primitive activity or cw: communication activity) asely features of each incoming training example. The resulting

as composite activities (ca:) and change dynamically albegr words (and their frequencies) are subsequently given agt inp

to the information provided to the agent. The communicatiotﬂ the classifier.

from and to the agent is illustrated with the vertical lines.
The simulation output provides information about the &&tol 2. | earning Method

to the distributor component of the TAID system. . ) ) )
Assessing the relevance of new information requires some

degree of understanding of the meaning of the information.
4. INFORMATION DISTRIBUTION A growing body of research in the Artificial Intelligence (Al
community addresses the problem of learning to classify tex
Adaptive information distribution is the process of detarm documents and of detecting topics of documents [18]. A stan-
ing the relevance of information and adaptively distribitis dard machine learning approach to learn which informatson i
information to the emergency response actors for whom itrielevant for which actor in a particular situation is to uertt
relevant, using additional domain knowledge about theractoclassification. Text Classification is the task of autoneijc
activity to better determine the relevance. Here, we descriassigning semantic categories to natural language texiuin
our machine learning approach in order to select and dig&rib case we assign actor roles as labels to the training example
relevant information to the emergency response actors. messages.
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Fig. 3. Timeline view

The communication flows of messages communicated lmncatenate all the document examples in each class into one
tween collaborating emergency actors are often relevant &ingle example. In this sense, the size of each document does
multiple actors which have different roles. Therefore, theot affect the classifier.
learning task of our system is a multi-label classification Transcriptions of utterances can vary widely in length.
problem, i.e. a training example can have multiple labeds (fThe multinomial event model naturally handles documents of
example, roles) assigned to it. In this case the classifier harying length by incorporating the evidence of each agpgar
to learn multiple (for example, overlapping) target clasda word [12]. This approach is more traditional in statistical
Figure 1 we indicated the class labels(by; , A>...An), which  language modeling for speech recognition, where it would be
can be coupled to the same message. A naive approach taled a uni-gram language model. This multinomial model
multi-label classification problem is to transform it intoka best fits our task of classification and is is adopted as the
binary classification problem [18]. This means that for eadbarning algorithm variant of the probabilistic classifier
class a binary classifier is created that learns which inébion The actual training process of the system takes place in an
is relevant or non-relevant. off-line training setting, which will be discussed in thexhe

Naive Bayes is a commonly used and effective text clasection.
sification algorithm [13]. There are two variations. In the
multivariate Bernoulli model, given a training document se .

D with vocabulary V. = wy,ws,...,w,, a document is 4.3. Training the System

represented as a "binary” word feature vector with length The information distributor system requires an off-lineirr

m : d = (wi,ws,...,wy). Each word featurew; is '1’ ing phase in order to teach it the relevance or irrelevance of
if the word occurs in the document, and 'O’ if it doesertain information for some actor in a particular situati®o

not occur. This model does not take into account the wotrhin the system correctly, data form real-life crisis @spe
frequencies and document length, which are potentialljulise(training) operations are necessary. This data can be rachui
information when determining the class of a text documerity recording speech message traffic during an emergency
A test documents’ class posterior is calculated by muligly response situation. A partly reconstruction of the scenxri

the probabilities of all the feature values, including therev also necessary to know what happened. Another option is to
features that do not occur in the document. simulate different emergency response scenarios. Thenirah

In the multinomial model, given a training document sdbol (see section 3) is able to simulate different courses of
D with vocabularyV = wy,ws,...,w,,, @ document is also an emergency response scenarios. Data generated from these
represented as a word feature vector with length. d = simulations can also be used for training the distributstesy.
(w1, wa, ...,wy,). But the value of each feature, is its From these simulations we log the communicated information
frequency in the document. In this case a test documents clas well as the actor’'s task descriptions and location at that
posterior is calculated by multiplying the probabilitieall moment.
the words that occur. In this model the trained classifieutho  Figure 4 shows a part of the log file used in our current
remain the same if we scramble the words in a document avefsion of the system. This large table consists of theidtig
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attributes: sender, speech utterances (i.e message),tagkk emergency responders, ended catastrophically with théhdea
description addressee and addressee location at that momafthree firemen. This disaster led to a thorough investgati
The utterances vary in length and range between very sheofthe actions of the involved emergency responders tofglari
ones of two or three words to a sentence or two. Taskhat went wrong. The reconstruction of what happened,
descriptions are short mostly general descriptions ahbmait showed that mistakes were made in the communication of
actor’s task (one or two sentences). Location informatsoimi information between some emergency responders [16]. Sever
the form of a brief description. A large majority of these sowfiremen lacked crucial information causing them to perform
has to be labeled with one or possibly multiple appropriatennecessary dangerous actions.

actor roles for which this message is relevant in that specifi The detailed reports on this disaster provided a minute-to-
situation. minute reconstruction of all most all the actions and com-
munications of involved emergency response actors. Much
of the information disseminated between actors during such
Sender Utterance WiorkTask Addressee  |Location | Label s@uatlons is done by SpeeCh' Some voice repordmgs Ofgbalo
éKIoppersingeI, fire in the church, [when the alarm call co... [dizpate.. [BW1] Wlth the ContrOI room Operator were avallable as We” as
MEBA Klappersingel, fire in the church and... [Coordinate police activit... [control... [FM] ertten Conversatlons The malorlty Of the Selected mag
] Kloppersingel, fire in the church, [When the alarm call co... [dispate.. [AM] .. ’ . N -

M ©n the Kloppersingel there iz a fire ... [Coordinate police activit... [enroute] [Cw... are; nOt SurprISIHQIy; Communlcatlons between flremen- For
CyD1l  I'm in the neighbourhood and will £... [Coordinate police activit... [contral,.. [PM] our data we focused on Selectlng dlalogue utterances On‘deve
BYVi Center dispatch [Register the data of the... [contral... [MBA] - .
BVL Do you have some sdditional infor... [Register the dats of the... [control... [mes] ©IMEIJENCY response actors and transcribing them. In additi
MB&  Yes, it concerns the Koningskerk on... [Gain information about ... [dispate.. [Bv1] |nformat|0n about thelr tasks/actl\/'tles were manua”&s@d

] Sornebody apparently is still inside..  [Sain inforriation about .., [dispate.. [BV1] . . . .

BW1 Did vou send the ambulance to the ... [Register the data of the... [control... [MBA] from evaluatlon reports and a scenario SImU|at|on- |n m'

MB&  Yes, ambulance iz already on the w... [Gain information about ... [dispate.. [Bv1] Selected 110 utterance transcrlptlons Comb|ned Wlth mt

descriptions of the actors work context.

(=] i Log File 06!
File Feedback

Fig. 4. Log file

Representatives of emergency response teams or donfa® Emergency Responders

experts are able to teach/train the system by analyzing thent the Koningkerk a relative large number of emergency
flows of information from those (simulated) scenarios angsponders were involved. To perform our experiments we

label the information with the actor role. By labeling theelected those actors for which a reasonable amount of data
information with actor roles for whom the information isyas present in the reports.

relevant, they teach the system which information is refeva
for a particular actor role in a specific situation.

After the off-line training period the distributor system
is able to classify new unseen information, combined with
task descriptions acquired from the adaptive workflow syste
and location information, and assess the relevance of the
information for the involved actors.

5. EXPERIMENTS

This section presents experiments conducted on the data
selected from the Koningskerk disaster scenario. The ymarpdig. 5. Organization and communication at Koningkerk disas
of the experiments is to find out if machine learning techagu

are useful for assessing the relevance of information in anThe Jist below describes the meaning of our abbreviations

emergency response setting. o ~ of the different actor roles we used for our data collection.
The NaiveBayes multinomial classification experiments

were done using the WEKA software package [24] as an

) X " L= ] MBA: Firebrigade and ambulance centralist
integrated part of the Task-Adaptive Information Disttitnu

PM: Police centralist
P: Police officer
BvD: Team commander of firetruck

5.1. Setup - 1€
. . . F: Firefighter
The baseline experiment (Condition A) uses only the ut- , cyD: Chief of Police

terance transcriptions for classification. Subsequemtyadd « OvD: Officer on Duty
additional attributes to the classification task: the narfie o Figure 5 represents a concise version of the organization an

the sender (Condition B), task descriptions (Condition & a communication lines between actors that were present at the
location information (Condition D) and compared the re’SU“Koningskerk disaster. In practice, it is common for emeoyen
personnel to broadcast information to a group of actors.
5.2. Data Therefore, we choose to group several actors. For example,
In the evening of the 23rd of March 2003 a fire broke out ithe commander of a fire truck communicates the information
the Koningskerk near the city center of Haarlem in the Nethdo his team members and is the contact person with other
lands. What would have been a standard operation for teeergency response actors outside the team. In the disaster
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scenario multiple vehicles of the firebrigade were involve8l.7. Results

due to scaling-up the support of the emergency situatioe. Th |n our baseline experiment (condition A) we use only the
dashed box (TAS) describes one such unit of five firemen agghtent of the speech utterance for learning. This means the
one team commander. Multiple of these teams and vehiclggrned model classifies new information based only on know
were present at the scene. The same is the case for the pq}ig@e acquired during the training phase from the message
(CvDy andCvDy). Some units have similar kind of roles incontent. Table | presents the scores on precision, recll an
the emergency situation but can have different locatiorts ap, of our baseline experiment. The scores show that precision

tasks. Therefore, they are treated as separate roles. is high but recall is low. High precision in this case has
. to do with the small humber of messages being classified
5.4. Workflow Information as relevant, and the ones that are predicted as relevant, are

Descriptions of tasks of the actors involved in thelassified correctly. The results of the officer on duty (OvD)
Koningskerk have been manually selected from standaate zero since the model was not able to predict a test iresstanc
emergency personnel reports [16], information from the figs being relevant for the OvD role. Although the results are
department website of Haarlem and activity descriptiorgertainly not optimal, they are promising, considering tirely

selected from the Koningskerk fire disaster scenario. the content of the messages is used.
For example descriptions of tasks of a fire commander are: ,\CAISZ?‘/ Role Prgc'fz'on Rgcsa" Fosg‘;re
« contact the control room to obtain more information about PM: 0.167 | 0.067 | 0.095
the emergency situation gg;i 01-6 8é§§ 06226
. _evaluate the sﬂg_atlon and (jeter_mlne if sufficient material BV I 03 0333
is present to mitigate the situation ovD: 0 0 0
« evaluate the current safety situation for the public and TABLE |

determine best plan of attack
« explore the building and search for victims

CONDITION A: ONLY UTTERANCES

5.5. Location Information The second experiment (Condition B) focuses on using the
An emergency responder in the field can carry a digitdeme of the sender as an additional feature during classifica

communication device that would be able to provide théon process. The name of the sender is an interesting factor

precise location of that individual. A Global Positioningss ~this domain since a lot of communication follows fixed paths

tem (GPS) is then able to determine the location of a crig¥ communication. In some cases knowing the name of the

actor at the incident. Information about someone’s locati¢ender will improve predictions of information for whom &t i

is useful for assessing the relevance of certain informatig€levant. Table Il presents the results.

GPS information was not recorded for the available for the

. T Class/Role| Precision | Recall | F score
Komngkerk flrg |.nC|dent and therefore we qhopse to select VBA: 0.966 08 0.875
location descriptions of those actors at the incident iocat PM: 0.429 0.4 0.414
(for example, front side of the church) from the simulation. BVL: 0.133 | 0118 | 0.125

BVZ: 0.182 | 0.308 | 0.229
) BV3: 0.034 | 0.091 | 0.05
5.6. Evaluation Methodology OvD: 0 0 0
To evaluate the learning method in this setting we analyzed TABLE |I
precision, recall and used th&-measure. Precision and recall CONDITION B: UTTERANCE + SENDER NAME

are calculated from the contingency table of the classifinat
(prediction versus manual classification). Recall is defimere _ _ N )
as the number of correctly classified messages (utteramee tr 1he third experiment (Condition C) includes the name of the
scriptions) divided by the number of messages belonginggo S€nder as feature as well as the Bag-of-Words represemtatio
class. Precision is defined as the number of correctly dledsi ©f the task descriptions of the addressee.

messages divided by the number of messages classified to

Class/Role| Precision [ Recall | F score

belong to the cI{:\ss. o . MBA: 0.041 | 0.889 | 0.914
In our case, high precision is important since the number of PM: 0.813 | 0.867 | 0.839
irrelevant messages classified as relevant should be nziegmi BV1: 0611 | 0.688 | 0.647
On the other hand, high recall is also important becausesacto BVZ: 1 0983 | 0.787
_ » g P BV3: 1 03 | 0462

can not miss too many relevant messages. Thereforei'the OvD: 1 0.6 0.75

measure, a weighted combination of the recall and precision TABLE IlI

measures is the performance criterion for the messageedeliv. -, poimion C: UTTERANCE + SENDER NAME + TASK ADDRESSEE
success of our system. The validation method of 10-foldszros

validation was used for constructing training and test séts

our relatively small data set. Finally, the statisticalsiigance The overall results (see Table Ill) of the third experiment
of the results are tested with a T-test on themeasures. are much more promising as indicated by the much hidher
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scores (due to much higher precision and recall). The binantegrated in TAID enables the anticipation of information
classifier of the the control room operator (MBA) for whichneeds of actors.

we have the most (relevant) labeled messages, scoresloveral

high. We observe that adding task descriptions improves tg(i Scenario scene

ability of the classifier to better recognize (recall) andgict

(precision) the relevance of the messages. The commanderi§ V1) of the first dispatched vehicle arrives
at the front side of the church. Immediately, after arrival
Class/Role| Precision | Recall | F score the commander starts assessing the situation and observes
l\P/ll\liA: 8'3% 8'22? 8'258 a small fire inside the church. The commander decides to
BV 0628 T 0698 0660 scale-up the emergency. Subsequently, he gives two of his
BV2: 1 0.583 | 0.737 men the assignment to go into the church and investigate
BV3: 1 03 | 0475 it. Meanwhile, a police chief who just arrived at the scene
ovb. ! 06 0.75 (CvD,) and two policemen start exploring the built-in living
TABLE IV of the Verger, which is located at the rear end of the church.
CONDITION D: UTTERANCE + SENDER+ TASK DESCRIPTIONS* They explore the Verger living, but do not encounter anybody
LOCATION DESCRIPTION The police chief reports his findings to the police contraimo

He says: “The Verger residence is explored and nobody has

. .. . been encountered. We hear the fire and also smell it". The
Table IV presents the results for additional location infor

i Condition D). Including the add locai Spolice control room (PM) forwards this information to theefir
mation (Condition D). Including the addressees locatioma and ambulance control room operators (MBA).

feature increases the performance of the classier a bit.more The commandeBV; gives two of his men the assignment

to enter and explore the Verger residence at the rear end of

1 the church. Meanwhile, at the other side of the church the

s T second fire truck commandeB{) arrives with his team.

0.8 — — This commander assigns two of his men to arrange a water

g; | || [=Cond A supply and starts walking to the Verger residence to explore

05 | || |mCond. B it. At the same time the two firemen of the first team arrive at

0.4 4 - L |DCond C the rear side of the church. Both teams encounter the Verger

03 — L [oCend D at the entrance of the residence who says that nobody isleft i

0.2 1 N i the house. The second commandBi§) communicates this

D'; | B I to the first commanderKV;) saying: “There is nobody in the

B B2 Bva MBA PM O Verger residence or in the church”. Only at this poft;

knows about this but the information had been available much
earlier.

Fig. 6. Comparison of results Figure 7a illustrates a part of the information flow at the

, . moment the police chief({vD;) reports that the Verger
Figure 6 shows the bar diagram of all ttig-score results ogjgence has been checked and nobody was encountered.

for all actors in the different test conditions. The resulty; ihe same time the first commander®\) task is to
show that setting C (additional task description of adde}s yggess the incident environment and check if any people or

increases the performance of the classifier to predict tfeeb 4,5 are still inside the burning building. The inforioat

rqle class for an unseen piece of information is signifiganthbout the police having checked the house of the Verger is
higher. relevant for him. However, the commander does not receive

_ Each experiment has been run ten times for each rqig information and assigns two of his men to investigage th
in both conditions, selecting thé’;-scores and performing Verger residence

the T-test & = 0.05) on those samples. The mean of_the When re-playing this scene of the scenario using the TAID
I1-score samples of the MBA, for example, are 0.5863 With @ gte * the system recognizes that the information “The

standard dev?at?on of 0.0464 _in cond_it.ion A and 0.896 with Ferger residence is explored and nobody has been encoun-
standard deviation qf 9'0106 in condition C. For each role Wgo e hear the fire and also smell it” uttered by the police
calculat_ed_the_ t-statistic and the p-valug. In_all cases NDY hief (CvDy) is relevant for the first commandeBV,). The
< 0.05 indicating that thé? results are significantly different. TAID system takes immediate action and forwards (cc’s) this
message to the team commandBi{) as well as the control
room, which is represented in Figure 7b. In the new situation
6. TAID SCENARIO EXAMPLE BV; receives the information at the moment it matters thanks
The TAID system uses task descriptions, sender name dndhe distribution of the TAID system which recognized that
location information to predict the relevance of the infarm this message is relevant for that actor at that moment.
tion. In order to observe the effects of such a system forIntegration of the Adaptive Workflow Simulation (AWS)
collaborative emergency response we replay a part of the Kaystem with the information distributor provides the abili
ingskerk scenario. In addition, adaptive workflow simwati to anticipate the relevance of information for the possible
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subtask. Proactive information sharing is becoming an impo
A @q tant issue for decision support systems [25]. These systems
LWl D@ focus on using intelligent agents that anticipate the mization
- o n_eeds of team_mates p_roactlyely. Another thlqn. to imprbee t
] distribution of information might be to use implicit knovdge.
! / For example, actors that have as a task to distribute infooma
x B@ to others (for example, control room operator), the distidn
\%/ system can keep track of what kind of information people have
A » ) received and which task they performed.
v The centralist (i.e. control room operator) has a good task
awareness when dealing with his own organization, but when a
(a) Old situation large disaster involves a situation with multiple orgatitzas,
the centralists’ insight in the detailed information neexds

those othersis limited. The consequence is that the infiloma
% ﬁ distribution and search for new information will suffer. In
» )v\ / B@ this case support of an information distribution systemris a
9 . (m oot advantage and will help in getting the right information he t
o N > right people.
ﬁiﬁ Disseminating information to emergency response actors in
g the field for whom the message is believed to be relevant
%\ e can lead to additional problems regarding the presentation
Bg the information. How should the selected relevant infoiamat
MBA

from human dialogs be conveyed to the selected receiver(s)
so that it is directly understandable. Furthermore, what ar
the device constraints applicable to represent the infoom2
Actors in the field might be using different kind of devices
Fig. 7. Improving practice with TAID on which this information must be represented (for example,
head-mounted displays, handheld devices or audio devices)

) , However, these problems are currently outside the scope of
next task of an actor. The workflow simulation has to kno‘Uur research

wherg actors are located and what they are dqing (for exampleCurrently, we focus mainly on textual information but
acquired through actor feedback communication to the Obntfnformation in another format, like for example images, Idou

room operator). The AWS uses this information to infe so be used by the information distribution system [2].eBhs

yv?at thg aCEF)r:.WOU|d _p(f)SSlny_ do nlext us]!ng Elan/ proliocg features extracted from an image taken at the incidenesce
n orrgatl(cj)nl.. |sdway, information r(ra]_evant or; € nelids ? it could also be classified to collaborating team members for
can be delivered to an actor. In this case the task of g it js relevant. The decision process is then not only

simulation is to fore_see (gnt|c_|pate) what will happen nexéupported by language but also visually.
Unfortunately, the simulation is not able to foresee where
actors will go to for there next task.

In the Koningskerk disaster scenario there is the mom

(b) New situation

A next step will be to investigate if the TAID method will be
able to generalize over multiple emergency response intsde
' ) . N Ae we able to repeat these results when we have more
where the first commandeiB}) is evaluating the situation Eata from different emergency situations? With the Brahms

at the church. Concurrently, the police has just checked t fivironment we have the ability to simulate different cesrs

residence of the Verger and communicate this to th_e POli® yisaster scenarios. Data generated from these simusatio
control room. The AWS foresees that the next possible ta subsequently used for training of the distributor system

from the workflow of Fhe commander is tq mvesug_ate if ther ased on this the distributor is able to improve it distribot
are people trapped in the church or built-in residence. T

inf tion distribut ires thi ibl ¢ tabkie odel. Furthermore, event courses generated from disaster
information distributor acquires this possiole next ta simulations can also be tested using different protocols in

commander together with the police information about thc? : o
i . fder to debug possible conflicting protocols and plans. B
Verger residence and assesses that this is relevant for h gp gp P y

This information is then distributed to the commander. T H@rng this it can potentially identify possible pitfalls disaster

) . anagement.
commander sees in advance that it is not necessary to explore

the Verger residence and can assign his men to other tasks.
8. CONCLUSION

7. DIsCcussION This paper addressed the frequent problem of informa-
The Adaptive Workflow System determines the most prolien distribution between collaborating emergency resgon
able next task based on the current location and activity aftors in large and highly dynamic emergency situations.
the actors. Unfortunately, it is not possible for the Brahm&s a method to mitigate this problem, we presented our
simulation to foresee where the actors will go at their neftAlD method, consisting of a system for adaptive informatio
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distribution system that distributes relevant informatito [20]
collaborating emergency responders using task knowled[gﬁ
from an Adaptive (simulated) Workflow System (AWS).
Results of our experiments on data from a real incident
indicate that adopting Machine Learning methods for this
- . . [22]
purpose are promising. Furthermore, adding task infolnati
to the distribution process increases the precisenesseof th
distribution significantly. It is hypothesized that usinigist
task information to distribute information, provides thesb
solution in supporting the high degree of adaptivity neapss
to meet the fast-changing information needs of the collab-
orating emergency responders. Finally, replaying a so@na
from practice shows that the TAID system can make groygs]
communication more effective.

(23]
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