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Abstract

We consideran activeinformationsystemyhich aimsto
notify a travelertimelyabouta likely delay Besidegrovid-
ing theright contentjt shouldalsowait for thebesttimefor
notification. Thisis especiallytrue for mobileinformation
serviceswhere everynotificationmayirritate therecipient.

We formulateand solve sudh a probleminvolving best
choicesbothfor contentand time of notificationby model-
ing it as an influencediagram. The chosenexamplestems
fromthe domainof personaltravel assistance

Notethattheactionof thetraveleris nothingelsethana
reactionto the notificationfromtheinformationsystem.

1 Intr oduction

We aim to give a formal representatiorior a common
but apparentlynot yet formalizeddecisionproblem.An in-
formation system(IS) providing timely notificationsto a
recipientfacesthe following task. Not only is it necces-
sary to decideon the bestnotification contentat a given
moment,but the IS mustalso decidewhetherto sendthe
notificationright away or to wait until laterin orderto de-
cide on the notification contentwith improved precision.
This is especiallytrue for mobile or active decisionsup-
port. Relatedwork includes Mix ed-Initiative-Assistance
(cf. Fergusonetal. [5] andHorvitz [7]) andJust-In-Time-
Information-Retri@al (JITIR) agents(cf. Rhodeg[9]). A
researctprojecton informationlogisticsat the FhG-ISST
specificallyaddressethe aspecbf timely notification.

We considerthe domain of personaltravel assistance.

1FraunhoferGesellschaft Institut fiir Software- und Systemtechnik
(Germay).

Currently the traveler consultsan information systemfor

the bestroute beforehe startshis journey andfollows this

routeuntil hereachedis destination However, delaysmay
changethe optimalrouteduringthetrip. Thisis especially
true whenpartsof the routesare sened by differenttrans-
port providers,andconnectingvehiclesmay not wait for a
delayedpassengerTherefore travelersmust be informed
aboutdelaysand alternatve routesduring their trip. The
problemhereis that delaysare not certainin advanceand
earlywarningscouldbe misleading.

Thefollowing examplewill bestudiedin this article.

A traveler may reachhis final destinationon two dis-
tinct routes. The first route (by train) is consideredo be
fasterthanthe secondroute (by taxi), but the latteris usu-
ally available without waiting, while the train may arrive
late,causingthetravelerto wait inefficiently.

Thetravelerhasnotyet decidedwhich routeto take, but
will chooseeitherof themwith equalprobabilityunlessoth-
erwisenotifiedin time by thelS.

We will model the decisionof the IS abouttime and
contentof the notificationto be sentto the traveler More
specifically we will decidewhetherto provide the best
routenow or to wait to provide a betterroutelater.

The assumptiorhereis thatthereis just onenotification
of thetraveler In otherreal-world problemsthis constraint
mustbe relaxed. In ary case extra notificationsshouldbe
avoided.

2 Problem Formulation

Reasoningboutthebesttime andcontentis anon-trivial
task. The a-posteriorianalysismay prove the a-priori deci-
sionto be ultimately wrong. In our example,the time of
train departuranfluenceshe benefitof taking thetrain. A



notification supportingthe traveler’s decisionfor the right
modeof transportshouldbe sentbeforethetrain leavesthe
station.

Uncertaintywill be modeledby probability theory thus
we employ randomvariables.The following pointsof time
mustbe considered.

*
b tclock'

thecurrenttime or clock reading

o %, therealdeparturdime of thetrain

o t%, thescheduledime for thetrain departure
o t¥ . thetime of travelernotification

Weintendto usetime-dependentrobabilitiesthatdonot
referto absolutetimes. Instead theseprobabilitiesdepend
on the temporaldistancefrom the scheduledime for the
train departure Thereforeall time variableswill be defined
asfollows.

o ClOthclock = t*

mock — b, the (relative) currenttime
or clockreading

o Delayty =t — t}, the(relative) departurdime of the

train

» Notificationtime ¢, = t;, — ¢, the(relative) time of
travelernotification

Besidecontinuougtime variablesthe following discrete
variablesare needed(possiblevaluesare given in curly
braclets):

K(t) {delayunknowr}, the knowledgeof the IS attime ¢
on the delayof the train. For K(t)=delay, the train is
known to be delayed,otherwisethe IS hasno knowl-
edgeaboutwhetherthetrainis delayedor not;

Weather{sunnyrainy}, anexternalinfluenceonthedepar
turetime. Weathersenesasa representatie example
for otherexternalinfluencesaswell;

Timely {yesno}, denotingthetimely or late arrival of the
notificationwith thetraveler. (only timely notifications
areeffective)

Content{take train,take taxi,none}, the contentof the no-
tificationto be sentto thetraveler;

Action {takes train,takes taxi}, the action taken by the
traveler.

The problemconsideredn this article canbe statednow
asfollows. For eachpointin timet € dom (teock ), thestate
spaceS$ is the crossproductdom(K(t)) x dom(Weathe)
andthe decisionspaceD is the crossproductdom(t,,) x
dom(Contenj. For agivenstates € S, the bestdecision
d € D is theonewith optimal expectedreward. Theinflu-
encedetweervariablesandrewardaredescribedelow.

2.1 Reward basedon Action and Delay

Bothtraindelayandtheactionto betakenby thetraveler
influencethe reward of the notification. The reward could,
for instancerepresenthelik elihoodof thetraveler'sarrival
in time. In orderto excludetrivial caseswe requirethe
existenceof two distinct train delayst}; and 3, suchthat
differentactionshave to betakenby thetravelerin orderto
maximizethereward,i.e.:

Reward(takestrain,t}) < Reward(takestaxi,tl) A
Reward(takestrain,t3) > Reward(takestaxi,t)

This meansthatthereis no traveler actionthat dominates
the otheronefor all possibledelayst,.

2.2 DelayinfluencesKnowledge

The delay t; is relatedto the currentknowledge K(¢)
aboutthis delay The IS changests knowledgedueto ex-
ternalinformationprocessesvhich arenot underconsider
ationhere.Thefollowing assumptionsremade:

1. K(2) is unknownuntil somepointin time ¢, (flipping
time), whereit flips to delay. It neverflips back.

2. If K(¢) flips to valuedelay, thenthe train mustbe de-
layed,i.e. K(t)=delayis freeof error.

3. If thetrain is delayed(ty > 0), thenflipping time ¢
anddelayty areindependenti.e. the delaydoesnot
influencethetime thelS maylearnaboutthis delay

F(t) = P(t; <t]|tq > 0)isthedistributionfunctionof
theflipping time t; (arandomvariable)giventhat¢; > 0.
F(t) is the probability of K(t)=delaygiventhatthetrainis
delayedty > 0).

2.3 Action basedon Timelinessand Content

As arguedin the introduction,timelinessof notification
may be influencedby mary factors.Herewe areprimarily
interestedn the aspecbf effectivenessi.e. whetheror not
the actioncanbe choserafter notification. Thereis a criti-
caltime afterwhich notificationbecomesneffective. In our
settingthiswould bethetimewhenthetravelerchoosebe-
tweentwo alternatve actionswhich exclusively leadeither
to takestrain or takestaxi.



3 The Model

We modelthe decisionproblemwith an influencedia-
gram. Influencediagramsare directedgraphswith three
typesof nodes(cf. Shachtef{11] and Pearl[8]). Chance
nodes(shovn asovals) representincertainquantities,de-
cision nodes(shovn asrectanglesyepresenpossiblede-
cisions and value nodes(shavn as diamonds)represent
rewards and costsfor decisionsand outcomesof uncer
tain quantities. Directed links leading to chancenodes
denoteconditional dependeny; directedlinks leading to
value nodesdenote functional dependeng and directed
links leadingto decisionnodesareinformational,i.e. the
respectie quantityis known beforethe decisionhasto be
made. For demonstratiompurposesdiscretepointsin time
wereusedinsteadof continuougime.

Penalty Timely
telock tm Content Action
Kelock Km Delay Reward
Weather

Figure 1. The influence diagram

The influencediagramfor the exampleis shawn in fig-
ure 1. First, a shortdescriptionof the nodesis given, in-
cludingthevariablesvhichhave beenintroducedefore(cf.
Section2 for details).

ChanceNodes:
Action {takestrain/takestaxi}, theactionof thetraveler

Weather {sunnyrainy}, the external influence of the
weather

Timely {yesno}, timelinessof notificationis modeledby
this chancenode. Only timely information may in-
fluencethe Action of the passenger Timelinessis
guaranteedor early information and impossiblefor
late information. For timely information, timeliness
is reachedwith high probability.

Keoer {delayunknowr}, the IS knowledge at current
(clock) time.

K {delayunknowr}, the (expected) S knowledgeat no-
tificationtime.

teiocr {-20/-10/0}, thecurrentclocktime. Thevaluesmay
beinterpretecasminutes.

Delay{intimedelayed, thetraindelay Delayt; hasbeen
replacedoy this discretetwo-valuedvariablé.

DecisionNodes:
tm {-20/-10/0}, thetime of notification.

Content{take train/take taxi/noné, the notification con-
tent.

Value Nodes:
Reward, therewardgivenontimely arrival.

Penalty, a valuenodeto ensuretemporalconsisteng (see
below).

The existenceof mostlinks follows directly from the
discussiorin Section2.1-2.3andwill be continuedin Sec-
tion 3.1-3.4for a concreteprobleminstance Thefollowing
commentonsidetheremainingissues.

Sincewe considertwo differentpointsin time, we also
needto representhe IS knowledgefor both pointsin time.
teock andt,, canbe viewed as parameteron the condi-
tional distributionsof K., andK,, (cf. Section3.2). K,,
separate& ;.. from Delay, sinceK(t) is free of errorand
independenof thedelay

Temporalconsisteng, i.e. tgocr < tn IS ensuredby
the Penaltynode. The penaltyfor t. o > t,, IS cho-
sento be greaterthanthe absolutevalue of the maximum
reward, i.e. for the maximumreward R,,,,., penaltyis
P = —(Ryqe + €). Forary choiceof t 0, andt,,, the
expectedvalueof Penaltyis either— (R, +€) or0. There-
fore, the expectedvalue of Revard+Penaltyis lessthanor
equalto —e for choosingt,, inconsistentlyand greateror
equalto 0 for choosing,,, consistently Thereforethe con-
sistentchoiceof ¢,, will alwaysbe preferredversusthein-
consistenthoiceof ¢,,.

Theinformationallink betweerk,,, andContentis cru-
cial asthecontentdoesnotneedto bedeterminedeforet,,
is reachedandthusK,, is known (andequalto K ock)-

The decisionson notificationtime (t,,) andnotification
content(Contenj aremodeledasdecisionnodeswhile the
traveler’s action (Action) is modeledaschancenode. This
is justified by thefact, thatchangesn the traveler'sactions
areonly reactiongo notificationsstemmingfrom theS.

The joint distribution of all variablesis given by the
mauginal distributionsfor clockt.;,.r andWeathertogether
with conditional probability tablesfor all other variables
with respectto their predecessorsinstancesof the prob-
lem are calculatedby enteringevidencefor teock, Keiock

2[10] givesa quantitatve modelfor the train delayt,; andprovidesa
graphicalmodelfor stochasticeasoninghere-about.



andWeatherand propagatinghis informationthroughthe
network until the new joint distribution is computed.

3.1 Reward basedon Actionand Delay

Therewardis givenin Table1 below. For Action=takes
taxi therewardis independentf thedelay 50is thereward
for takingthetaxi. We canthink of therewardasgiving the
likelihoodof timely arrival at somedestination(in percent).
Thenthevaluescanbeinterpretedn thefollowing manner:

e By taxi, thetravelerwill reachherdestinationn time
with alikelihoodof 50%.

e By train,thetravelerwill reachherdestinatiorin time
with a likelihoodof 100%,if thetrainis in time, and
with 0%, if thetrainis delayed.

Action takestrain takestaxi
Delay intime | delayed| intime | delayed
Revard | 100 0 50 50

Table 1. Reward

3.2 Delay influencesknowledgeK(t)

Therelationshipbetweerthe delay (Delay) andtheim-
perfectknowledgeK(t) is shonvn in Table2 for K,,, andin
Table 3 for K, j,cx- In Table 2, the distribution of K,,, de-
pendingon the randomvariablesDelay and t,, is shavn,
while in Table3 thedistribution of K, is shavn depend-
ing onrandomvariablesK,,,, t,, andt.;cs-

If Delay=in time andt,, =-20, thenK,,=delaywith a
probability of 0% (cf. Table 2). If the train will be de-
layed(Delay=delayed, thenK,,, =delaywith probabilities
of 20%,50%and90%att,, equalto -20, -10andO0 respec-
tively.

For K,,,=unknown K ;,.r. is unknowndueto K(t) being
free of error. The last column of Table 3 representghis
factin a shorthandrepresentationFor t.ocr, = i, @lSO
Ketock =K. Sinceteock > tn, is formally not forbidden,
we assumeequivalenceof K, andK .., in theseunspeci-
fiedcasesFort .., < tm,theconditionalprobabilitiescan
be inferredfrom the distribution of the flipping time. The
distribution functionfor theflipping timeis implicitly given
in Table2 by F(t) = P(K,,=delay|Delay=delayedt =
tm). Thefollowing valuesareknown:

F(-20) = 0.2
F(-10) = 0.5
F(-0)=0.9

Hencetheconditionalprobabilitiescanbecalculatedor Ta-
ble 3 aswell. As anexample,we considerthe probability

of Kclock:delay for Km:delay. tm =-10 andtclock =-20.
Theprobabilityis givenby:

P(Keioer, =delayK,, =delayAt,, =-10Ateocr =-20) =
P(K(-20)=delayK(-10)=delay) =
P(K(-20)=delayrnK(-10)=delay) +~ P(K(-10)=delay =
F(-20) + F(-10) =02+ 0.5=04

Thevalueis underlinedn the Table3. The qualificationon

Delay=delayedcanbe omittedhere,asK(t)=delay is suffi-
cientfor Delay=delayed

Delay in time delayed

tm 20| -10| 0| -20 | -10| O
K | delay 0 0 0| 020| 05| 0.9

unknown | 1 1 1(/080| 05| 0.10

Table 2. Knowledg e K,

Km delay
tm -20 -10
telock -20|-10| 0| =20 | -10 | O
Keiock | delay 1 1 10401 1
unknown| 0 0 0] 0600 0
Km delay unknown
tm 0 *
telock 20| <10 | O *
Keiock | delay 0.22| 056 1 0
unknown| 0.78 | 0.44 | O 1

Table 3. Knowledg e Kgock

Temporalconsisteng (t.ocr < tm) is enforcedfor the
decisionon t,,, by the Penaltynode(Table4). The penalty
for teoer > tm IS chosento be —101 thusbeingabsolutely
greaterthanthe maximumrewardwhichis 100.

tm -20 -10 0
teiock | -20 | -10 0 -20 | -10
Cost | O -101| -101| O 0 -101| O

o
*

Table 4. Penalty

3.3 Actionbasedon Timelyand Content

Late notificationresultsin failure to inform the traveler
in time. This is representedby Timely (Table5). Earliest
notification(t,, =-20) resultsin Timely=yes while lateno-
tification (¢,, =0) resultsin Timely=na. An intermediate
notificationtime (¢, =-10) will be timely with a proba-
bility of 90%. The Action (Table 6) doesnot dependon
the Contentfor Timely=noor Content=noneln thesecases
Actiontakesbothvalueswith equalprobability.



tm | 20| -10 | O

Timely | yes| 1 09 |0

no |0 0.10| 1

Table 5. Timely
Timely yes no
Content taketrain | taketaxi | none| *

Action | takestrain | 1 0 0.5 0.5
takestaxi 0 1 0.5 0.5

Table 6. Action

3.4 External factor Weather

Theinfluenceof theexternalfactor\eatherontheDelay
is shavnin Table7.

Weather | sunny | rainy

Delay | intime | 0.7 0.30
delayed | 0.30 | 0.7
Table 7. Delay

3.5 Mar ginal Distrib utions

For completenesshe marginal distribution of Weather
is givenin Table8 (left). t..cx IS givenwith anevidence
(-10) in Table8 (right). Sincethis is no distribution, tock
mayalsobearotherevidences.

Weather | sunny| 0.5 telock ig (1)
rainy | 0.5 5 0

Table 8. Weatherand clocK t.ock

4 What-if Scenarios

Somescenariowill be presentedn thefollowing. The
expectedvalue of Ravard+Penalty (alsoreferredto asutil-
ity) will bedenotedby E.

4.1 Scenariol(a): Weather=sunny t.,.x=-20

Evidencefor Weather (sunny is entered,clock time
terock 1S -20 andK .. IS unknown The resultingutilities
for differentdecisionson notificationtime ¢,,, andContent
areshowvn in Table9 below.

tm E Content E

-20 | 74.47 taketrain | 74.47
-10 | 77.55 take taxi 62.23
0 62.23 none 62.23

Table 9. Results for Scenario I(a)

The optimal notificationtime ¢,,, is -10. Therefore,no-
tification can be deferred. The optimal content(Conten}
cannotbe determineduntil notificationtime ¢,,, is fixed.

4.2 Scenariol(b): Weather=sunny t.;oc=-10

Now, clocktimet,joer iS-10andK ek is still unknown
Again,-10is the optimalnotificationtime (Table10 (left)).
Notification hasto be madeimmediately For immediate
notification,the resultingutilities for differentdecisionson
Contentcanbe seenin Table10 (right).

tm | E Content E

-20 | -26.53 taketrain | 80.74
-10 | 80.74 take taxi 51.62
0 66.18 none 66.18

Table 10. Results for Scenario I(b)

Obviously, the notification contenttake train shouldbe
delivered.

4.3 Scenarioll: Weather=rainy/ t.j,c;x=-20

Evidencdor Weather(rainy) is enteredclocktimet o qx,
is -20andK ;. is unknown Theresultingutilities for dif-
ferentdecisionson the notificationtime ¢,, are shavn in
Table11 (left). In this case-20 is the optimal notification
time, althoughthe utility for ¢,,, =-10is alsonearoptimal.
Theuutilities for notificationtime ¢,,, andContentareshown
in Table11 (right).

tm E Content E

-20 | 50 taketrain | 42.44
-10 | 49.24 take taxi 50

0 42.44 none 42.44

Table 11. Results for Scenario |l

Obviously, the notification contenttake taxi shouldbe
delivered.



5 RelatedWork

Reasoningvith imperfectinformationhasledto thethe-
ory of POMDP(Partially ObsenableMarkov DecisionPro-
cessescf. Hauskrech{6]). Our modeldiffersfrom previ-
ouswork in thisarea:

e Thetemporaldistancebetweersuccessie statess not
fixed, but given by the time variablest,,, (notification
time) andt;,.1 (clock reading).

e Thetransitionprobabilitiesdo not only dependon the
temporaldistancebetweensuccessie statesbut also
ontherelative distancerom thescheduledime ¢,.

Therepresentationf time in Bayesiametworkshasled
to variousdistinct approaches.Berzuini [3] introduceda
network of datesin orderto reasonaboutthe probabilistic
natureof event occurrencdimesfor medicalapplications.
Temporalrandomvariablesandcontinuougtime is usedin
thiswork.

Deanand Kanazava [4] proposerandomvariablesfor
durationasa meango represensemi-Marlov processef
probabilisticnetworks. Tawfik and Neufeld [12] employ
TemporalBayesianNetworks (TBN) for the representation
of probabilitiesasfunctionsof time. Arroyo-Figueroaand
Sucar[2] modelevent occurrencdimesasnodeswith re-
spectto time intenals asdevelopedby Allen [1]. This last
approachs actuallyverysimilarto Berzuini'sapproachbut
it is restrictedto a finite numberof intervalsfor the occur
rencetime of events.

We employ temporalvariablesin a mannersimilar to
theonefoundin Berzuini,andArroyo-FigueroandSucar
However, we employ relative pointsin time in orderto rep-
resentheinfluenceof temporaldistance®ntheconditional
probabilities.

6 Conclusion

Thepresentednodelenableglecisionnimmediatevs.
deferrednotification. The expectedimprovementof infor-
mation precisionis tradedoff againstthe expectedloss of
effectiveness.

Furtherinvestigationsareaimedat incorporatingtwo or
moretraveler (re-)actionsandallowing for additionalnoti-
fications.
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