
Using Belief Fun
tions to Fore
ast Demand forMobile Satellite Servi
esPeter M
Burney and Simon ParsonsIntelligent Systems Appli
ations Group,Department of Ele
troni
 Engineering,Queen Mary & West�eld College,University of London,London E1 4NS, UKfp.j.m
burney,s.d.parsonsg�ele
.qmw.a
.ukAbstra
t. This paper outlines an appli
ation of belief fun
tions to fore
asting thedemand for a new servi
e in a new 
ategory, based on new te
hnology. Fore
astingdemand for a new produ
t or servi
e is always diÆ
ult. It is more so when theprodu
t 
ategory itself is new, and so unfamiliar to potential 
onsumers, and thequality of servi
e of the produ
t is dependent upon a new te
hnology whose a
tualperforman
e quality is not known in advan
e. In su
h a situation, market resear
his often unreliable, and so the beliefs of key stakeholders regarding the true valuesof underlying variables typi
ally vary 
onsiderably. Belief fun
tions provide a meansof representing and 
ombining these varied beliefs whi
h is more expressive thantraditional point probability estimates.1 Introdu
tionThis paper is 
on
erned with fore
asting demand for a new tele
ommuni
a-tions servi
e|global mobile satellite servi
es (GMSS). Companies intendingto provide these servi
es will be o�ering servi
es in a new market 
ategoryto new groups of 
ustomers [5,44,54℄. As will be seen, fore
asting demand fornew te
hnologies and servi
es in new 
ategories su
h as this presents bothmethodologi
al and pra
ti
al issues. Our 
ontention is that approa
hes whi
hmake use of belief fun
tions have the potential to assist in the resolution ofsome of these issues, be
ause of their allowan
e for impre
ision of knowledge,and their ability to 
oherently 
ombine disparate sour
es of information. Wesupport this 
ontention by giving a detailed example of the use of belief fun
-tions in the area of demand fore
asting for GMSS, from the perspe
tive ofthe se
ond GMSS operator to enter the market.Belief fun
tions were �rst introdu
ed by Shafer [80℄, who himself built onthe work of Dempster [16℄, and was subsequently developed by a number ofauthors. This development has led to a wide body of work on what has oftenbeen 
alled Dempster-Shafer theory. At the time of writing, there are threemain s
hools of thought within this body of work|these are the upper andlower probability model [30℄, the probability of provability model [73℄, andSmet's transferable belief model [89℄. This paper applies Smets' transferable



belief model (TBM), and we adopted this be
ause it seems to us to be themost appealing, as well as the most developed, version of the theory. Sin
eour aim in this arti
le is to 
on
entrate on the appli
ation of belief fun
tionsrather than the detail of the belief fu
ntions themselves, we have assumed thatthe reader is familiar with the transferable belief model. Those readers whodo not know the model are en
ouraged to 
onsult [83,87,89,90℄. Des
riptionsof other approa
hes to belief fun
tions and Dempster-Shafer Theory 
an befound in [42,28℄, while general introdu
tions 
an be found in many papersand textbooks, for example [67,79℄.The various belief fun
tion approa
hes have been widely applied. Indeed,they have been applied to auditing [19,82,91,92,94,104℄; to 
limatology andwater resour
es management [9,10,55℄; to nu
lear power plant 
ontrol [18℄; toinformation retrieval [48,74,88℄; to 
all hand-o� in a mobile tele
ommuni
a-tions network [103℄; to dis
riminant analysis and pattern re
ognition [17,88℄;to systems reliability and fault diagnosis [84,86,88,111℄; and to inspe
tion ofdefe
ts in manufa
turing pro
esses [108℄. To our knowledge, no work has beenpublished whi
h applies the theory to fore
asting demand for a new produ
tor servi
e. In addition, although the fore
asting model stru
ture outlined be-low in Se
tion 4 is typi
al of those adopted by start-up tele
ommuni
ations
ompanies, we have not seen it des
ribed in print before.This arti
le is stru
tured as follows: Se
tion 2 presents a brief introdu
tionto the Global Mobile Satellite Servi
es industry. Se
tion 3 dis
usses some ofthe methodologi
al and pra
ti
al issues involved in fore
asting demand for anew tele
ommuni
ations servi
e. Se
tion 4 outlines the stru
ture of a fore
ast-ing model developed for fore
asting GMSS demand, and this model is usedas the basis for the appli
ation of belief fun
tions presented in Se
tion 5. Fi-nally, Se
tion 6 looks at further work and 
on
ludes. The work des
ribed inthis arti
le has been motivated by 
onsultan
y undertaken by the authors fortwo intending satellite network operators. Fore
asting model stru
tures havebeen vastly simpli�ed here for presentational purposes, and both stru
turesand parameter values have been disguised in order to prote
t the identitiesand the 
ommer
ial information of our 
lients. We do not believe this ne
es-sary simpli�
ation and 
amou
age detra
ts from the value of the approa
hdemonstrated here.2 Global Mobile Satellite Servi
esGlobal Mobile Satellite Servi
es (GMSS) businesses are a new tele
ommuni
a-tions servi
e aiming to provide voi
e and data 
ommuni
ations to 
ustomerswith hand-held mobile devi
es anywhere on the planet. These servi
es areprovided by radio links between the devi
es and a network of satellites, typ-i
ally in low-earth (less than 1,500 kilometers above earth) or intermediateorbits (greater than 10,000 km). These orbits 
ontrast with the original 
om-



muni
ations satellites, introdu
ed in 1965, whi
h operate from geostationaryorbits (35,786 km) [57℄.12.1 The GMSS marketTo an observer standing on earth, a geostationary satellite appears not tomove, and so servi
e 
an be provided to 
ustomers within a footprint from onesatellite. Thus, a network of geostationary satellites 
ould be laun
hed in
re-mentally, with servi
e progressively swit
hed on in su

essive world regions.Non-geostationary satellites, however, require multiple, apparently-moving,satellites to provide servi
es to a �xed 
ustomer. This means that it is gener-ally not possible to laun
h 
ommer
ial servi
es with su
h satellites until all ormost of the satellites in the network have been deployed [6℄. Thus, unlike mosttele
ommuni
ations businesses, the vast majority of investment 
osts|for
onstru
tion and deployment of the satellites and the ground network|arein
urred before the �rst dollar of revenue 
an be earnt. This 
apital invest-ment is of the order of US$3{5 billion [32,33,77,110℄, whi
h means there arefew serious intending operators; for this and other reasons, ea
h 
omprises a
onsortium of 
ompanies and organizations.The three main 
ompanies providing or intending to provide GMSS voi
eservi
es are listed here in their expe
ted order of entry to the marketpla
e:� Iridium (http://www.iridium.
om), of Washington, DC, USA, a 
on-sortium led by US 
ommuni
ations equipment vendor, Motorola, whi
hlaun
hed 
ommer
ial servi
e in November 1998 [34,35℄.� Globalstar (http://www.globalstar.
om), of San Jose, CA, USA, a
onsortium 
omprising primarily of terrestrial mobile 
ommuni
ationsoperators, and in
luding British-Ameri
an 
ellular 
ompany Vodafone-AirTou
h and US equipment manufa
turer, Qual
omm. Globalstar is ex-pe
ted to laun
h 
ommer
ial servi
e in the �rst quarter of 2000.� ICO Global (http://www.i
o.
om), of London, UK, a 
onsortium of�xed and mobile tele
ommuni
ations operators from around the world,and in
luding Inmarsat, the International Maritime Satellite organiza-tion, and US equipment manufa
turer, Hughes Aerospa
e. ICO is due tolaun
h servi
e in the last quarter of 2000.The three 
ompanies have adopted di�erent te
hnologi
al solutions tothe design and implementation problems they ea
h fa
e, and have di�erentbusiness models and 
ommer
ial stru
tures. For example, ICO has ele
tedto deploy satellites in a medium-earth orbit, while both Iridium and Global-star have opted for low-earth orbit 
onstellations. The lower the orbit of the1 Satellites are not pla
ed between 1,500 and 10,000 km, in order to avoid themajor radiation belts. Des
riptions of various proposals for GMSS systems 
anbe found in [6,20,23,71,96℄, although some of this information is now dated.



satellites, the less the delay 
allers will experien
e in speaking on a satellite-enabled 
all (\propagation delays") [6℄. On the other hand, the lower theorbit, the faster the satellite will disappear over the horizon (or be obs
uredby trees or buildings), and so the greater the likelihood of inadvertent 
alltermination (\dropout") [71,75℄.As a se
ond example of design di�eren
es, Iridium, unlike either Glob-alstar or ICO, uses inter{satellite links (so that Iridium's satellites requiretele
ommuni
ations swit
hing 
apabilities) to transmit 
alls from the 
all-ing party to the earth station nearest the destination party. Globalstar willinstead bring 
alls to earth as qui
kly as possible and transmit them viathe world's publi
 tele
ommuni
ations networks. ICO will also bring 
alls toearth as qui
kly as possible but then transmit them via its own private globalnetwork 
onstru
ted of leased lines [107℄. As a 
onsequen
e of these di�erentapproa
hes to transmission, users of the di�erent networks may experien
every di�erent grades of servi
e.In another example of di�eren
es, Globalstar has sele
ted a te
hnologi-
al and 
ommer
ial stru
ture whi
h means that its network is more 
loselyintegrated with the various terrestrial 
ellular networks of its investors anddistribution partners than is the 
ase with either Iridium or ICO [23℄. Thisstru
ture provides Globalstar's partners with more 
ontrol over the natureand deployment of the GMSS servi
e in their territory, but at the expense ofthe overall 
onsortium being able to o�er globally-seamless servi
es, su
h asuniform prompts for voi
email.As suggested, these te
hni
al and 
ommer
ial di�eren
es impa
t the levelsand nature of servi
e quality experien
ed by end{users of ea
h servi
e. To a
ustomer of GMSS, the telephone handset|
alled a user terminal|looks andfeels very similar to a terrestrial mobile handset, although both the antennaand the phone itself are larger and heavier in early-generation MSS modelsthan for 
urrent terrestrial mobile servi
es. Servi
e will be available, lo
al
onditions permitting, almost anywhere on earth.2 Despite this wide avail-ability, levels of servi
e quality are likely to be very di�erent from terrestrial
ellular. Servi
e will not typi
ally be available indoors, or in the downtownsof major 
ities (due to satellite invisibility) [33℄. As with terrestrial wirelessservi
es [7℄, weather 
onditions su
h as rain and snow will impa
t servi
eavailability and quality. Network 
ongestion, 
all dropout and propagationdelay may be noti
eable on parti
ular networks or at parti
ular times [71℄.2.2 GMSS servi
esThe main voi
e appli
ation markets identi�ed by GMSS operators are asfollows [6,32,39℄:2 ICO's servi
e will not be available at the poles, and Globalstar's servi
e will notbe available in the middle of the o
eans.



Enhan
ements to terrestrial mobile servi
es. Be
ause GMSS providesservi
es to a handheld terminal, an obvious appli
ation is the provisionof mobile{like servi
es in areas outside mobile 
overage. Customers forthese servi
es may be both people living outside terrestrial 
overage areasand people inside terrestrial 
overage areas with a need to travel outside.Even travellers between areas under terrestrial mobile 
overage are apotential 
ustomer segment for GMSS be
ause of the proliferation ofin
ompatible 
ellular and personal 
ommuni
ations servi
es te
hnologystandards around the world.Fixed{network extension. Large numbers of the world's population liveoutside the areas 
overed by terrestrial �xed tele
ommuni
ations net-works, or fa
e long delays in obtaining 
onne
tion to a �xed network.GMSS provides the opportunity to provide servi
es qui
kly and relativelyeasily to su
h 
ustomers. While the vast majority of people living outsidethe footprint of �xed network servi
es would be unable to a�ord GMSSservi
es, GMSS operators believe that signi�
ant market potential existsin su
h regions. Examples in
lude the provision of servi
es in develop-ing 
ountries to remote minerals-extra
tion operations and 
ommunity-owned payphones to rural villages.Spe
ialized or ni
he appli
ations. These in
lude user terminals installedin air
raft, on-board ships or in road and rail transport vehi
les, alongwith remote data sensing devi
es installed, for example, to monitor pres-sures and 
ows on oil pipelines or in remote rivers. Su
h appli
ationsmay be aimed at the general publi
 (su
h as satellite{enabled payphoneson trains or in aeroplanes) or at parti
ular business 
ustomers (su
h asterminals installed in freight tru
ks).Many of the �xed{network extension and spe
ialized appli
ations may re-quire only limited or no mobility in the user terminal. A

ordingly, su
happli
ations are 
ommonly referred to as semi-�xed.GMSS operators will be able to o�er both voi
e and data 
ommuni
ationsservi
es, but their primary fo
us to date has been on providing voi
e ser-vi
es. Several other 
ompanies are also preparing to deploy satellite networksbut with the key appli
ation being data 
ommuni
ations. One su
h 
om-pany is Teledesi
 (http://www.teledesi
.
om), sponsored by Bill Gates,Craig M
Caw and the Boeing Corporation, who plan a 288-satellite networkfor an estimated total 
apital investment of US$9{15 billion [6,96℄. In ad-dition to these global MSS operators, a number of 
ompanies are providingor are preparing to provide servi
es only on a regional basis, for instan
ein South-East Asia or the Middle East. In North Ameri
a, one su
h 
om-pany already in servi
e is Ameri
an Mobile Satellite Corporation (AMSC)(http://www.ammobile.
om), whose investors in
lude AT&T. For simpli
ityof presentation, only the three major GMSS operators are 
onsidered fur-ther in this arti
le, although all deployed and intending operators need to be
onsidered as 
ompetitors in any 
omprehensive demand fore
asting model.



3 Fore
asting Demand for a New Tele
oms Servi
ePlanning a new tele
ommuni
ations business, as with planning any new high-te
hnology business, requires a large number of te
hni
al and 
ommer
ialde
isions to be made in advan
e of laun
h of servi
e. Many of these de
isionsdepend 
ru
ially upon knowing the numbers of 
ustomers (what we refer toas \demand") and the patterns of usage of those 
ustomers. In the absen
e oflive, operating data, these de
isions 
an only be made on the basis of fore
astsof demand and usage.In a new GMSS operator, market fore
asts are used to guide de
isions anda
tions a
ross all areas of the business, to the point where they be
ome, inthe words of a former 
olleague, \the veins of the organization". Three broadgroups of \stakeholders" require demand fore
asts: engineering design andimplementation teams; marketing and 
ommer
ial development teams; andexternal entities, su
h as potential investors, government and se
urity indus-try regulators, equipment and appli
ations suppliers, and servi
e distributionpartners. In another paper [59℄, we present and 
ontrast the fore
asting re-quirements of these users, and relate their di�ering needs to the businesslife-stages of a new tele
ommuni
ations 
ompany.3.1 The Challenges of Fore
asting DemandTraditional methods of fore
asting demand|su
h as time series analysis ande
onometri
 modeling, for example [45,51,98℄|require histori
al data on themarket 
on
erned or on a 
losely-related one. Su
h data is 
learly not availablefor innovative produ
ts su
h as GMSS whi
h, in the language of marketing,de�ne a new market 
ategory [5,44℄. In fa
t, even when histori
al data isavailable, it isn't ne
essarily a good thing to use it sin
e in turbulent markets,whi
h do not behave exa
tly as they have in the past, it 
an inhibit theidenti�
ation of new opportunities, 
hanges in trends, market dis
ontinuities,and so on [27℄, a
tually degrading the quality of the fore
ast.3The terrestrial mobile 
ommuni
ations industry provides a good exam-ple of the diÆ
ulty of fore
asting demand for a new 
ategory in a turbulentenvironment. Publi
 mobile 
ommuni
ations servi
es based on 
ellular te
h-nologies were introdu
ed from the early 1980s, starting in S
andinavia andJapan. Servi
es were then laun
hed in North Ameri
a and elsewhere in West-ern Europe from the middle of the 1980s and have sin
e been introdu
ed inmost 
ountries around the world. The servi
es were 
ompletely new to 
us-tomers, to operators and their distribution 
hannel partners, to equipmentvendors and suppliers, and to Government regulators. In addition, the last3 Traditional methods of fore
asting have been likened to \looking forward througha rear-view mirror" [43℄. Walsham [105℄, developing 30-year demand fore
asts fortele
ommuni
ations servi
es, regarded the model as \a forum for debate ratherthan a fore
asting tool".



�fteen years have been a period of great 
hange in the tele
ommuni
ationsindustry, due to te
hnologi
al innovations, privatization and 
orporatizationof state-owned enterprises, the entry of new 
ompetitors to the market and
hanging 
ustomer preferen
es. As a 
onsequen
e, fore
asting of demand hasbeen a diÆ
ult task. The head of fore
asting and analysis for the Inter-national Tele
ommuni
ations Union has stated \the mobile 
ommuni
ationsmarket has proved to be one of the most dynami
, but also one of the mostdiÆ
ult to fore
ast, of all the parts of the tele
ommuni
ations se
tor. Thefore
asts produ
ed by equipment suppliers, network operators and by spe
ialist
onsultan
ies have 
onsistently underestimated the a
tual market potential"[41℄. Even by 1995, when fore
asters had a de
ade's experien
e of the rapidgrowth of demand and the 
ategory was no longer new to 
ustomers or tooperators, fore
asts from 
redible fore
asters for world-wide terrestrial mobile
ustomers in the year 2000|just �ve years ahead|ranged from 200 millionto 350 million 
ustomers [41℄. Yet even the largest of these may have beenunder-estimates. In early 1999, a mobile industry te
hnology asso
iation fore-
ast that the world-wide demand would 426 million 
ustomers by the year2000 [99℄.Sin
e Lan
aster [49,50℄, marketers have viewed a produ
t or servi
e as abundle of features or attributes. It is these attributes whi
h together formthe basis of 
ustomer preferen
es for the produ
t. For tele
ommuni
ationsservi
es, the feature set may in
lude basi
 te
hni
al 
hara
teristi
s of theservi
e (su
h as propagation delays; likely 
ongestion levels; data 
ommu-ni
ations 
apa
ities; and so on); value-added or enhan
ed features (su
h asvoi
email; 
all diversion 
apabilities; 
onferen
e 
alling; and so on) and 
om-mer
ial elements (for example pur
hase and a
tivation arrangements; pri
ingstru
tures and levels; billing and payment arrangements; and after-sales 
us-tomer servi
e). Experien
e within the marketing 
ommunity has been thatdemand will often depend 
ru
ially on the parti
ular set of features o�ered,and di�erent 
ustomers may exhibit very di�erent preferen
es for di�erentbundles [38℄. In other words, the utility whi
h ea
h 
ustomer derives fromthe produ
t or servi
e is a fun
tion of its spe
i�
 attributes, and 
an 
hangedramati
ally as those attributes 
hange.As mentioned in Se
tion 2, the spe
i�
 features of MSS servi
es will de-pend upon design de
isions made by ea
h intending operator. Su
h di�erentfeature-bundles are likely to appeal to di�erent 
ustomer segments to dif-ferent degrees, and thus have an impa
t on the market demand for ea
h
ompany's o�ering. A key task of marketing strategy and implementationin the pre-laun
h period is to design produ
t features so as to a
hieve the
ompany's obje
tives in the marketpla
e [38,44,100℄. At the early stages ofbusiness planning for a new produ
t, 
onsiderable latitude exists for ea
h
ompany in the 
hoi
e of produ
t and servi
e attributes, and 
onsequentlythere is 
onsiderable variability in the likely levels of possible demand for theprodu
t. In the 
ase of GMSS, where lead times between proje
t in
eption



and 
ommer
ial laun
h are so long|a lead time of eight or more years seemsto be typi
al [110℄|
ustomer expe
tations and preferen
es may well 
hange
onsiderably through the planning period, adding to the un
ertainty in anyfore
asting a
tivity.However, as mentioned earlier, fore
asts of demand are needed by the
ompany and its various stakeholders in order to plan the business. In ad-dition, many of the issues involved are 
omplex and inter-related [32℄, and
an only be solved knowing the results of the others. Be
ause this is impossi-ble, interim solutions are typi
ally adopted, with periodi
 revisions through apro
ess of iteration, in a manner very analogous to a bla
kboard ar
hite
turefor 
omplex de
ision-making [64,68℄. Some de
isions, su
h as the 
hoi
e ofsatellite orbit (whi
h in
uen
es the nature of satellites to be manufa
tured)need to be made early in the design pro
ess and 
an only be revised withprohibitive �nan
ial 
osts and delays. Others, su
h as the type of retail out-lets to be used, may be postponed until mu
h 
loser to the laun
h date of
ommer
ial servi
e and even revised subsequent to laun
h, if found ne
essary.In this situation, any useful demand fore
asting a
tivity must be iterative,with su

essive fore
asts being adopted by the 
ompany as its 
urrent oÆ
ialfore
asts.3.2 Primary Market Resear
hThe large �nan
ial stakes at risk by GMSS 
ompanies mean that the 
asefor undertaking primary market resear
h|in other words interviews withprospe
tive 
ustomers [1,26℄|as a basis for market demand fore
asts is 
om-pelling. However, primary market resear
h in this situation is not ne
essarilyreliable, for a number of reasons [59℄.Firstly, as mentioned above, demand may depend 
ru
ially on spe
i�
servi
e and quality features, and these are not known at the outset of theplanning a
tivity, when fore
asts of demand are �rst needed. Indeed, onepurpose of primary market resear
h is to gather information relevant to theirspe
i�
ation [100℄. Likewise, a
tual demand will depend also on what alter-natives, 
omplementary and substitute servi
es are available to 
ustomers atthe time of their pur
hase de
ision.4Se
ondly, even if interview respondents were to know and appre
iate theexa
t features of a new servi
e and of 
ompeting servi
es, respondents arenot ne
essarily a

urate predi
tors of their own future behavior. Market re-sear
h surveys of pur
hase intentions typi
ally ask prospe
tive 
ustomers torate their likelihood of pur
hase using a qualitative linguisti
 s
ale su
h as:Very likely; Likely; Unsure; Unlikely; Very unlikely [44℄. Even though su
h4 A market resear
h te
hnique known as 
onjoint analysis is often used to sim-ulate and model su
h multi-attribute pur
hase de
isions [25,100,109℄. Even ad-vi
e to prospe
tive 
ustomers from others|what marketers refer to as \word-of-mouth"|
an be simulated and its impa
t 
alibrated, as in [101,102℄.



a s
ale permits some un
ertainty about future intentions to be represented,respondents may a
t di�erently when pla
ed in an a
tual pur
hase situation.This is espe
ially likely to be the 
ase with a new produ
t 
ategory, su
has GMSS, where early market resear
h surveys have been 
ondu
ted severalyears in advan
e of the servi
e laun
h.Finally, primary resear
h is unreliable be
ause estimating demand for aglobal servi
e requires market resear
h to be 
ondu
ted a
ross the globe.However, di�erent 
ultures a

ord di�erent status and meanings to a marketresear
h interview and to the questions within it [97℄, and statisti
al marketresear
h te
hniques do not always transfer readily a
ross 
ultures (see, forexample, [11,47,95,61℄).In addition to unreliability, another 
hallenge for primary market resear
hof GMSS demand is the fa
t of sparse target populations. Although the globalmarket for GMS servi
es may total thirty million or more 
ustomers by 2005[77℄, the numbers of terrestrial mobile 
ustomers at this time may ex
eed 500million. Indeed, one industry group re
ently predi
ted 1.7 billion terrestrialmobile 
ustomers globally by 2010 [99℄. Hen
e, GMSS demand will be asmall per
entage of the total terrestrial mobile demand. If potential GMSS
ustomers 
omprise, say, 2% of existing mobile users then we will need tointerview an average of 50 terrestrial mobile users to lo
ate just one potentialGMSS 
ustomer. In order to make statisti
ally-valid 
omparisons betweenpotential GMSS 
ustomers (for instan
e, a

ording to their 
ountry of originor their frequen
y of usage) we may require a realized sample size of severalhundred GMSS respondents [1,26℄. To a
hieve 300 potential GMSS userswould require interviews with 15,000 
ellular 
ustomers, a sample size thatwould be prohibitively expensive.As a result of the great un
ertainty regarding the true levels of demandin the pre-laun
h situation, a situation arises whi
h may be termed opinionproliferation. The 
ombination of an absen
e of 
omparable histori
al dataand the unreliability of primary market resear
h mean there is generally noone single prevailing viewpoint regarding demand levels within an intend-ing GMSS operator and among its stakeholders. Everyone has an opinionon the size of the market and its dynami
s, and there is often no agreed orobje
tive way to arbitrate between these opinions. Primary market resear
h�ndings might 
on
eivably provide a resolution, were they not subje
t to somany 
hallenges of reliability and validity. In su
h 
ir
umstan
es, intervalrather than point estimates of unknown parameters provide greater robust-ness, �rstly be
ause more people 
an typi
ally support any sele
ted intervalthan any sele
ted point, and be
ause they 
an provide an indi
ation of theun
ertainty asso
iated with the parameter being estimated.3.3 The Relevan
e of Belief Fun
tionsThere are several reasons for thinking that use of belief fun
tions may beappropriate to the fore
asting problems fa
ed by intending GMSS operators.



Firstly, be
ause of the unresolved te
hnologi
al, marketing and business is-sues asso
iated with planning a new high-te
hnology business in a new market
ategory, the situation fa
ing the management of an intending GMSS opera-tor as they undertake pre-laun
h planning is one of great un
ertainty. In onetypology of business un
ertainty, [15℄, this environment would be Level 3 (\ARange of Futures") or Level 4 (\True Ambiguity") on a 4-level s
ale. Caseltonand Luo [10,55℄ have termed a similar situation, in the �eld of water resour
esmanagement, de
ision-making under 
onditions of \near-ignoran
e".5Belief fun
tions, be
ause they permit the assignment of degrees of be-lief to sets of out
omes of unknown parameters without requiring furtherassignment to the spe
i�
 point-values 
ontained in those sets, provides ameans to represent what little is known in su
h a situation. In our experien
e,tele
ommuni
ations managers fa
ed with de
ision-making under un
ertainty,feel mu
h more 
omfortable with statements su
h as: \I believe demand islikely to be in the range x to y." than with statements su
h as: \I believedemand is likely to be exa
tly z." or even: \I believe demand is likely to be
lose to z". As Srivastava [93℄ has argued, belief fun
tions provide a betterframework for representation of un
ertainty than does probability in su
h
ir
umstan
es.A se
ond reason for believing belief fun
tions are appli
able in this sit-uation arises from the bla
kboard-like pro
ess mentioned above whi
h newtele
ommuni
ations 
ompanies go through in order to resolve the many inter-
onne
ted issues they fa
e. Su
h a pro
ess results in a need for the 
ompanyto adopt a series of fore
asts, ea
h the oÆ
ial 
ompany fore
ast until revised.These may need to be in point-form be
ause of the nature of downstreammodels whi
h use them (su
h as the �nan
ial fore
ast models, or the networksizing models) and for readiness of 
ommuni
ation to stakeholders, su
h asinvestors and regulators. However, with any point fore
ast there is a dangerof unjusti�ed pre
ision: be
ause the fore
ast is expressed as a point and notan interval, stakeholders (both internal and external) 
an 
ome to believe itto be more a

urate than it really is. When there are so many 
onsequen
esof the fore
ast, and so mu
h resting on it, problems 
an arise with su
h mis-per
eptions of a

ura
y, both at the time and later, for example when thefore
ast is revised.Be
ause belief fun
tions enable degrees of belief to be assigned to intervalsrather than to points, it provides the opportunity to present a point fore
astas a representative point-value from an interval 
hosen to fa
ilitate planningissue resolution in the 
urrent iteration. The 
ompany's beliefs about the fu-ture 
an be embodied in the interval, not the representative point, and thishas, we believe, tremendous value. In parti
ular, those stakeholders drawing
on
lusions from or making de
isions on the basis of the fore
asts are madeaware of the degree of impre
ision they embody. As is noted by Caseltonand Luo [9℄, making de
isions with weaker information is likely to lead to5 Here, just as in Caselton and Luo, this term is not used pejoratively.



more equivo
al views of the de
ision alternatives. This is parti
ularly impor-tant for business de
isions being made in a 
ontext of rapid 
hange, wherestakeholders need to keep as many options open as long as possible [15℄.Finally, belief fun
tions are relevant here be
ause they also provide a 
o-herent me
hanism for 
ombining disparate eviden
e about un
ertain events.Be
ause of the long times
ales asso
iated with implementing a GMSS busi-ness, the market environment of the intending GMSS operator has undergonesigni�
ant 
hanges in the time between proje
t 
on
eption and laun
h of ser-vi
e. To give just one example, before 1992 most fore
asts for terrestrial mo-bile demand for 2000 were typi
ally under 100 million 
ustomers worldwide[41℄. As mentioned earlier, a re
ent tele
ommuni
ations industry asso
iationfore
ast now proje
ts this �gure to be 426 million [99℄. In su
h a turbulentenvironment, eviden
e of future demand may be very di�erent from di�erentsour
es. Belief fun
tions provide a means to 
ombine these 
oherently.Now, to some extent these needs 
ould be met by a number of di�erentformalisms, in
luding interval [8℄ and fuzzy [114℄ probability models. Even ifthe de
ision is taken to adopt a belief fun
tion approa
h the question remainsas to whi
h of the three variations on the belief fun
tion theme, mentioned inSe
tion 1, should be adopted. When fa
ed with this 
hoi
e, we 
hose to usethe transferable belief model. We did this partly be
ause we �nd it the mostintuitively appealing variant, partly be
ause of the solid foundations providedby Smets' axiomisation of 
redal level beliefs [85℄, and partly be
ause of theseparation it maintains between the 
redal level, whi
h is what we are mainlydealing with here, and the pignisti
 level [89℄.In Se
tion 5, we build a model using the TBM, and demonstrate howit may be used to in
orporate eviden
e obtained from the entry of the �rstoperator into the market into fore
ast models developed for a later entrant.4 GMSS Fore
asting Model Stru
tureIn this se
tion, we outline the stru
ture of a fore
asting model for estimatingdemand for GMSS. The model approa
h adopted is a hierar
hi
al one, 
en-tered on end-user appli
ation segments, and is a typi
al market fore
astingmodel in new tele
ommuni
ations ventures. We begin by dividing the totalglobal market into distin
t geographi
 territories (su
h as 
ountries) and then,within ea
h territory, we divide demand into three 
omponents, a

ording tothe di�erent appli
ation segments for GMSS des
ribed in Se
tion 2 above:Mobile Enhan
ement; Fixed Extension; and Ni
he Appli
ations. Total globaldemand is obtained by summing demand in all distin
t geographi
 territo-ries. Total demand in a spe
i�
 territory is obtained by summing demanda
ross these three appli
ation segments in that territory, and so we assumehere that demand for ea
h 
an be 
al
ulated separately.66 Note that we are here assuming that demand in one segment is independent ofthat in another, whi
h will not be true in reality. For example, 
ustomers living



We now des
ribe the fore
asting model stru
ture for just the Mobile En-han
ement 
omponent. Demand in this segment will arise both from peoplewho are existing 
ustomers terrestrial mobile network and those who are not.We assume the latter all live outside terrestrial mobile 
overage areas, asthose inside who desire GMSS but are not at that time 
ustomers of terres-trial mobile networks 
an be dire
ted to be
ome terrestrial mobile 
ustomersin order to obtain GMSS servi
es.7Of all those people who are 
ustomers of terrestrial mobile networks, weassume some per
entage, say �, will be
ome 
ustomers of a GMSS networkby, say, the end of the year 2008. This date is sele
ted be
ause it is ten yearsafter the laun
h of the �rst GMSS operator, Iridium; for the purposes offore
ast modelling, the total number of 
ustomers by this time 
an representthe long-run potential of the GMSS market, 
alled the market saturationlevel. We refer to � as the longrun market penetration level for demand forMobile Enhan
ement GMS Servi
es.8Our next step is to fore
ast the market demand for ea
h year within thisten-year period.9 The yearly fore
asts, expressed as per
entages of the totalnumber of terrestrial mobile 
ustomers, begin at zero and rise to the mar-ket saturation level � over the 
ourse of the ten-year period. Uptake of newprodu
ts or servi
es in this way is typi
ally modeled by marketers with anS-shaped di�usion 
urve [2,4,22,54,56,62℄, this is a 
urve whi
h grows slowlyat the beginning, a

elerates qui
kly through some middle period, and then
attens o� to an asymptoti
 point toward the end of the period of fore
asting,as market saturation is rea
hed. As well as having been validated empiri
ally[78℄, su
h di�usion models are appropriate be
ause they potentially re
e
t,for instan
e, the following: the di�erential growth through time in sales anddistribution 
apabilities of 
ompanies serving a target market; the di�erentialgrowth through time in the awareness and edu
ation of prospe
tive 
ustomersoutside �xed and mobile network 
overage may opt for either or both of MobileEnhan
ement and Fixed Extension servi
es. This parti
ular example re
e
ts apotential distribution 
hannel 
on
i
t, whi
h would require a marketing strategyde
ision to resolve.7 Again, the appropriate treatment of this anomaly in the fore
asting model willultimately depend upon marketing strategy de
isions taken by the 
ompany usingthe model.8 In reality, demand will most likely depend heavily on pri
ing stru
tures and levels.However, pri
e will be one feature among many in the bundle of attributes uponwhi
h prospe
tive 
ustomers make their pur
hase de
isions. At the early stagesof new GMSS business planning, pri
e levels|like most everything else in thede
ision mix of the operator|are very un
ertain. We therefore ignore pri
e asan issue, in the same way we are ignoring attributes su
h as distribution rea
h,both of whi
h are typi
al approa
hes at the outset of market modeling.9 In pra
ti
e, 
ertain stakeholders, su
h as �nan
ial and se
urity industry regu-lators, often require more granular fore
asts, espe
ially for the early years of
ommer
ial operation.



about the produ
ts or servi
es in the market 
ategory; the entry of new sup-pliers to the market 
ategory; and the produ
t life 
y
les to whi
h marketersbelieve all produ
ts and servi
es are subje
t [53,63,100℄.Fore
asting the uptake of GMSS servi
es in our hierar
hi
al model is thusequivalent to distributing the per
entage � a
ross the ten year fore
asting pe-riod a

ording to some S-
urve model. One 
an use primary market resear
hto fore
ast demand a
ross years in this manner, although this is not 
om-monly done be
ause long-run pur
hase intentions are likely to be even lessreliable than are short-run intentions. Alternatively, assuming the same dy-nami
s exist in this market as in some other market (although possibly froma di�erent base level) allows us to use an histori
al di�usion 
urve, su
h asin this 
ase that for the growth in penetration of terrestrial 
ellular servi
es,as a ben
hmark. This results in a yearly-fore
ast of GMSS demand for theentire market|that is, a fore
ast for the demand that will be experien
ed byall operators 
ombined.Any one GMSS operator will also need to know its own fore
ast subs
ribernumbers, for example, for network sizing and �nan
ial modelling. Su
h mar-ket shares 
an be 
alibrated by means of primary market resear
h using a
onjoint model on
e information on the likely feature-attribute sets of thevarious 
ompetitors in the marketpla
e is known. Before su
h primary infor-mation is available, appropriate assumptions about the distribution of mar-ket share between the respe
tive operators 
an be made. In the des
riptionof the model presented here, we assume only the three global voi
e operatorsmentioned in Se
tion 2, although in reality the existen
e of regional MSS
ompetitors and data-only GMSS 
ompetitors should be in
orporated intothe model.We therefore have an hierar
hi
al fore
asting model for the Mobile En-han
ement segment in any territory whi
h begins with the total number ofterrestrial mobile 
ustomers in a spe
i�
 territory and results in fore
astGMSS demand for ea
h operator for ea
h year to 2008. In the way thismodel has been 
onstru
ted, the parameter � 
an vary by territory, whi
h islikely to be the 
ase on
e GMSS servi
es are laun
hed. Allowing the param-eter to vary by territory also provides the means to fore
ast overall demandwhen servi
e is not o�ered in parti
ular territories, either due to failure toa
hieve ne
essary regulatory permissions or for reasons of business strategy:in su
h 
ases the parameter 
an be set to zero in the model. However, inthe initial period of fore
asting, when ignoran
e is greatest, there is likelyto be insuÆ
ient information on whi
h to assign di�erential values to � indi�erent territories. At su
h times, a 
onstant value, a
ross all territories 
anbe assumed or estimated. For simpli
ity, this is the approa
h adopted here.Likewise, ben
hmark uptake data and market shares may also be varied byterritory.The other two appli
ation segments 
an be treated in a similar fash-ion, with, of 
ourse, appropriate modi�
ations, for example, to the histori
al



ben
hmark data used for estimating uptake. In the 
ase of the Fixed Exten-sion segment, for instan
e, the penetration of residential satellite televisionor mi
rowave ovens may be a more appropriate ben
hmark than mobile tele-phones. The ni
he appli
ation segment would need to be further sub-dividedinto the di�erent types of appli
ations, su
h as: marine appli
ations; aero-nauti
al appli
ations; land transport appli
ations; et
. Further subdivision isappropriate here, as ea
h of these sub-segments 
ontains a variety of di�erentuser types and segments.The authors are familiar with the fore
asting model stru
tures used by twointending satellite network operators, and they are very 
omplex. Complexityarises be
ause of the variety of servi
es being planned for o�er to 
ustomers,the diversity of target 
ustomer segments, their likely needs and patterns ofusage, and the 
omplex, global nature of the GMSS business.10 Althoughthe model presented here is a simpli�
ation of the a
tual model stru
turesadopted by these MSS operators, it is suÆ
iently realisti
 to represent themain features of the appli
ation domain, and to demonstrate the appli
abilityof the TBM.5 Applying the Transferable Belief ModelIn this se
tion, we present an example of the TBM applied to the fore
ast-ing model des
ribed above. In order to do this, we begin by assuming thatfore
asting is initially being undertaken before any of the three operators haslaun
hed 
ommer
ial servi
es, that is before November 1998, when Iridiumbegan o�ering publi
 servi
es. Moreover, in fore
asting GMSS demand, wedo so from the perspe
tive of a late entrant to the market (i.e. not Iridium).Publi
ly-available information about Iridium's laun
h will then be used torevise the fore
ast, using Dempster's rule of 
ombination.5.1 PreliminariesUntil Iridium's 
ommer
ial laun
h of servi
e, none of the three intendingoperators knew if either of the other two would enter the market. Now thatIridium has laun
hed, none of the three operators knows if one or both the10 For example, it is 
ommon in terrestrial mobile and �xed tele
ommuni
ationsnetworks to assume an average usage per 
ustomer, often measured as MinutesOf Use (MOU) per month [38℄. In these networks, the MOU measure is oftendisaggregated by 
ustomer segment or by hour of the week, so as to estimate peaknetwork utilizations [52,113℄. With GMSS, 
ustomers with mobile terminals maytravel anywhere a
ross the globe and make and re
eive 
alls wherever they are.In order, then, to a

urately estimate network utilization at any time requiresaggregating usage by 
ustomers from one 
ountry 
urrently in a se
ond 
ountry
alling or re
eiving 
alls from someone in a third 
ountry, a
ross all time periodsand all possible 
ombinations of 
ountries.



two late entrants will su

eed in a
hieving 
ommer
ial laun
h. In other words,none of the three GMSS operators knows if 1, 2 or 3 operators will enterthe market, and, of 
ourse, none knows if all those who enter the marketwill survive in the long term.11 Be
ause the prin
iples are identi
al for ea
happli
ation segment, our example is 
on�ned to the Mobile Enhan
ementsegment. In this se
tion, therefore, mention of demand, market, 
apa
ity,and so on refers only to the Mobile Enhan
ement segment.For any given level of demand, we assume the number of operators o�eringGMSS servi
es has an impa
t on the pro�tability of those in the market: itis better for the operators 
on
erned to divide a given market size by oneor two than by three [3℄. For simpli
ity of modelling, we also assume thatthe saturation level of demand is not a�e
ted by the number of operators,although e
onomi
 theory would suggest that more 
ompetitors would leadto lower pri
es whi
h would in turn lead to greater demand [3,46℄.12 In theearly days of business planning, when 
ommer
ial laun
h is still some yearsaway, no operator has any information on the likely market shares they willea
h a
hieve on
e all are in the market. In these 
ir
umstan
es, it is usual toassume equal shares, possibly modi�ed to give an advantage in the early yearsto the early market entrants. We will assume equal shares in this example,noting that when the servi
e features of ea
h intending operator are betterunderstood, it is possible, as was mentioned earlier, to undertake marketresear
h using 
onjoint analysis to better 
alibrate market shares. Thus ouranalysis here 
an be 
onsidered as a �rst attempt at predi
tion, an attemptwhi
h would later be re�ned.In addition to assuming that all operators have equal market share, weassume that ea
h operator has the same, �xed level of network 
apa
ity, asmeasured by numbers of 
ustomers. This is not true in reality be
ause ofthe di�erent system designs adopted by ea
h and the possibly very di�erentusage pro�les of the 
ustomers ea
h operator will attra
t. However, sin
e nooperator knows the 
apa
ity of its 
ompetitors, assuming a 
onstant 
apa
ityis a reasonable �rst approximation prior to laun
h of servi
e. For the purposesof this example, we assume that ea
h operator has total 
apa
ity of 2 million
ustomers.1311 As an example of the kind of event that 
an a�e
t market entry, Globalstar'splans re
eived a major setba
k in September 1998 with the explosion soon afterlaun
h of the ro
ket 
arrying its �rst 12 satellites, whi
h resulted in their failure toa
hieve their designated orbiting positions [21,77℄. The fa
t that the 
onstru
tionof a GMSS network is a long and risky pro
ess means that right up until thelaun
h date there is 
onsiderable un
ertainty about whether or not a 
ompanywill survive long enough to see any revenue.12 The impa
t of additional 
ompetitors is often approximated in fore
asting modelsin pra
ti
e by assuming a faster uptake rather than a higher saturation level.13 In fa
t, GMSS operators may have diÆ
ulty in arriving at a single �gure for theirown network 
apa
ities, be
ause of the non-uniform nature of the frequen
ies theyhave generally been assigned in di�erent 
ountries around the world, and the fa
t



Likewise, assume ea
h operator has a level of demand at whi
h the busi-ness breaks-even.14 Again this is likely to di�er|and markedly|for the three
ompanies in question, but no operator knows the true level for the other two,and, in the early stages of planning, is likely to have only a very un
ertainview of its own breakeven point and the asso
iated �nan
ial sensitivities.Hen
e, we again assume ea
h has the same break-even level, and, for the pur-poses of this example, that this 
ommon level is 1 million 
ustomers. Thus,if total market demand was under 3 million 
ustomers and all three opera-tors enter the market, none would break even.15 If only two operators enterthe market, the market need only be 2 million in total for break-even to bea
hieved.These 
onsiderations have de�ned two threshold values in the level ofdemand|the two break-even points of 2 million and 3 million total 
ustomers|whi
h have major 
onsequen
es for the investors in the GMSS operatorsundertaking the fore
asting. We will now use these and similar 
onsiderationsat the other end of the fore
ast spe
trum to 
onstru
t a set of intervals forthe level of demand. These intervals will be de�ned in terms of their de
ision
onsequen
es to the operator undertaking the fore
asting.Re
all that in Se
tion 3 we mentioned that GMSS satellite networks willlast between 5-10 years before needing to be repla
ed. Repla
ement of theinitial networks by so-
alled se
ond-generation satellite networks will enableea
h operator to take advantage of advan
es in satellite and laun
h te
hnol-ogy, and in tele
ommuni
ations generally, as well as providing new servi
esnot 
apable with the �rst generation of satellites. A

ordingly, operators willneed to expend time and e�ort on designing and implementing their se
ondgeneration networks, and may even need to 
ommit to pro
eeding with thembefore the initial 
ommer
ial laun
h of servi
e, due to the long-lead timesinvolved in satellite manufa
ture and laun
h [110℄.In this regard, the more positive is the market fore
ast, the greater isthe argument for advan
ing development of the se
ond generation. If marketdemand ex
eeds the total 
apa
ities of all operators, then it goes unmet.16The ex
ess is revenue, and hen
e pro�t, whi
h no one (under the assumptionsof equal shares and 
apa
ities) obtains.17 Therefore, if demand were believedthat be
ause low-earth and medium-earth orbit satellites are moving relative toa �xed point on the earth, the extent of network availability to a 
ustomer at anysu
h point will be di�erent at di�erent times, even without network 
ongestion.14 Break-even is the point at whi
h all 
osts|whi
h may in
lude both interest onborrowed funds and taxes due|are 
overed, but there is no pro�t. A

ording topress reports, Iridium requires 500,000 
ustomers to rea
h this point [24℄.15 Re
all that we are assuming equal market shares.16 Globalstar reportedly estimates the total potential MSS market demand at 30million 
ustomers and is aiming for 10% of this by 2002 [77℄ They believe thethree 
ompanies 
ombined would serve only 50% of the total demand.17 Be
ause tele
ommuni
ations servi
es are perishable resour
es|unsold networkminutes at any one time 
annot be o�ered for sale at a later time|it behooves



by an operator to be likely to ex
eed, say, 1.5 times 
apa
ity levels, then agood 
ase 
ould be made to advan
e the deployment of the se
ond genera-tion system. If demand were believed to ex
eed total 
apa
ity by, say, threetimes, then, one 
ould argue, su
h demand levels would be likely to attra
tadditional entrants, and a 
ase 
ould be made for a �rst-generation systemwith signi�
antly greater 
apa
ity than 
urrently envisaged. As the readerprobably understands, these de
isions have asso
iated with them signi�
ant�nan
ial 
onsequen
es and risks.Putting these 
onsiderations together, we 
an therefore envisage �ve in-tervals for the fore
ast for saturation demand. In as
ending order of numberof 
ustomers, these are:1. Market demand believed to be less than 2 million 
ustomers, at whi
hpoint two operators ea
h break even. In this 
ase, the operator undertak-ing the fore
asts would not pro
eed with entry to the market.2. Market demand believed to be between 2 and 3 million 
ustomers, atwhi
h point three operators ea
h break even. In this 
ase, the operatorundertaking the fore
asts would again not pro
eed with entry to themarket if it was believed that all three operators would enter the market.3. Market demand believed to be between 3 million and 9 million 
ustomers(1:5� 3� 2): 
ontinue with 
urrent plans for �rst-generation system anddo nothing about se
ond-generation system.4. Market demand believed to be between 9 million and 18 million 
ustomers(3� 2� 3): advan
e plans for se
ond-generation system.5. Market demand believed to be above 18 million 
ustomers (3 � 2 � 3):plan for enhan
ed �rst-generation system.It is important to realize that, from the perspe
tive of the 
orporate man-agement involved, these intervals are not arbitrary. As the des
ription givenfor the way in whi
h they were derived indi
ates, ea
h interval representsdi�erent sets of 
onsequen
es for the 
ompany and di�erent sets of feasiblestrategi
 options. Of 
ourse it is possible to derive di�erent intervals basedon di�erent sets of assumptions about the number of 
ustomers required foran operator to break even and so, but the point is that it is possible to 
omeup with meaningful intervals of whi
h these are a suitable example.It is also important to realize that the use of the transferable belief modelis not restri
ted to problems in whi
h the frame of dis
ernment is dividedinto a �nite set of non-overlapping intervals like those given here. See [84℄ fordetails on how to handle 
ases where the value of � ranges over any subsetof the [0; 1℄ interval. Here the point is that the transferable belief model is
apable to handling whatever set of intervals are de
ided upon.the operators to adopt so-
alled yield management te
hniques [106℄, whi
h seekto optimize pro�ts by judi
ious design and adoption of feature bundles targetedat di�erent 
ustomer segments.
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Fig. 1. The frame of possible subsets for parameter �. The labels along the top ofthe 
ells are the lower bounds on �, and those down the left hand side are the upperbounds. The range of values indi
ated by a given 
ell is the 
ombination of its lower
olumn bound and its upper row bound. Thus the top left hand 
ell 
orrespondsto 0 � � � 1, and the 
ell in the se
ond 
olumn of the third row 
orresponds to0:004 � � � 0:018.We are here assuming that GMSS demand 
onsists only of the one ap-pli
ation segment: Mobile Enhan
ement. If we assume that there will be 500million terrestrial 
ellular 
ustomers worldwide in 2008, then the 
ustomerranges listed here 
an be 
onverted to intervals for �, the saturation propor-tion of terrestrial mobile 
ustomers who are also GMSS 
ustomers:180 � � < 0:0040:004 � � < 0:0060:006 � � < 0:0180:018 � � < 0:0360:036 � � � 1We next examine basi
 belief assignments (BBAs) a
ross the possible unionsof these �ve sets. As with the appli
ations dis
ussed by Caselton and Luo[9,55℄, only unions of 
ontiguous sets have meaning in the market demand
ontext, and so we are able to represent the frame of possible subsets in atwo-dimensional diagram, as shown in Figure 1. For ease of labelling, the 
ellsin this �gure are represented as the interse
tions of the events denoted by therespe
tive 
olumn and row labels. Thus, the 
ell whi
h is third from the leftin the se
ond row is the event f0:006 � � < 0:036g, whi
h is formed from theinterse
tion of the event denoted by the 
olumn label f0:006 � �g and that18 Su
h a division of the universe of dis
ourse into meaningful intervals 
ould alsoform the basis for semi-qualitative order-of-magnitude reasoning using intervalalgebras [65℄, regarding possible 
ompetitor strategies and 
ounter-strategies.
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Fig. 2. BBA1: Initial Subje
tive Judgment. The labels along the top of the 
ells arethe lower bounds on �, and those down the left hand side are the upper bounds. Therange of values indi
ated by a given 
ell is the 
ombination of its lower 
olumn boundand its upper row bound. Thus the top left hand 
ell 
orresponds to 0 � � � 1, andthe 
ell in the se
ond 
olumn of the third row 
orresponds to 0:004 � � � 0:018.denoted by the row label f� < 0:036g. The respe
tive row and 
olumn labelstherefore give the end-points of the interval represented by that parti
ular
ell.5.2 Initial Subje
tive JudgmentWe begin by assigning basi
 belief masses to the 15 events represented by thediagram. One 
an imagine these being assigned as a result of dis
ussions withthe internal 
ompany managers involved.19 In our experien
e, most peoplereadily understand the idea of allo
ating a �xed total quantity of belief todi�erent propositions, and 
onsensus ageement among managers of the one
ompany is also quite feasible. It is important to note that this assignmentmay be subje
tive, arising from dis
ussions and 
ompromise between di�erentpeople with di�erent perspe
tives and interests. We let the fun
tion m1(�)denote this �rst Basi
 Belief Assignment (BBA).� Of the total belief, 5% is assigned to the proposition that the market istoo small for 3 players, i.e. m1(0 � � < 0:006) = 0:05.� Of the total belief, 5% is assigned to the proposition that the market istoo small even for 2 players, i.e. m1(0 � � < 0:004) = 0:05.� Of the total belief, 15% is assigned to the proposition that the market isbigger than we are 
urrently planning for, i.e. m1(0:018 � �) = 0:15.19 The assessment of basi
 mass assignments is dis
ussed by Smets and Kennes[86,89℄.



� Of the total belief, 10% is assigned to the proposition that we will need toadvan
e the development of the se
ond generation, i.e. m1(0:018 � � <0:036) = 0:10.� Of the total belief, 5% is assigned to the proposition that we will need toredesign the �rst generation system, i.e. m1(0:036 � �) = 0:05.� Of the total belief, 60% is assigned to the proposition that the market islarge enough for all three players, i.e. m1(0:006 � �) = 0:60.� The belief allo
ated to all other subsets of the frame is zero.Figure 2 shows this BBA, whi
h we 
all BBA1, diagrammati
ally. Notethat eli
itation of su
h beliefs does not require managers to make expli
it theirassumptions as to 
ausal in
uen
es on the out
omes, nor the relationshipsbetween su
h in
uen
es, whi
h would be required, for example, to undertakeStru
tured S
enario Analysis [27℄. Belief fun
tions are thus more appropriatein this un
ertain domain.5.3 Market Resear
h ResultsWe assume next that a se
ond BBA arises from the 
olle
tion of primary mar-ket resear
h data, subsequently to the initial subje
tive estimation of BBA1.This may take the form of a global market resear
h survey of 
urrent terres-trial 
ellular users who are prospe
tive 
ustomers of MSS servi
es. If an MSSservi
e with broadly-de�ned features, fun
tionality and pri
e is des
ribed torespondents and they are asked what is the likelihood that they would pur-
hase su
h a servi
e at any time in the future, the following responses 
ouldbe obtained (with the per
entage �gure being the proportion of respondentsagreeing with the verbal des
ription of their likelihood of pur
hase):Very Likely: 2%Likely: 5%Unsure: 20%Unlikely: 45%Very Unlikely: 28%To produ
e a single fore
ast of uptake, it is 
ommon in market resear
hto weight these per
entages and then sum them. In doing so, the weights
orrespond to the proportion of respondents who are believed to be goingto a
t a

ording to their stated intentions in the referen
e time period. It isassumed that between 50% and 100% of the respondents answering \VeryLikely" will pur
hase at some time in the future; that between 30% and70% of the respondents answering \Likely" will pur
hase; and that noneof the respondents answering \Unsure", \Unlikely" or \Very Unlikely" willpur
hase. Applying these weights results in the estimated penetration levelvarying between 0.025 and 0.055. Thus the primary market resear
h hasprovided eviden
e for a saturation penetration parameter value of � � 0:018,
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Fig. 3. BBA2: Market Resear
h Results. The labels along the top of the 
ells arethe lower bounds on �, and those down the left hand side are the upper bounds. Therange of values indi
ated by a given 
ell is the 
ombination of its lower 
olumn boundand its upper row bound. Thus the top left hand 
ell 
orresponds to 0 � � � 1, andthe 
ell in the se
ond 
olumn of the third row 
orresponds to 0:004 � � � 0:018.as this is the subset of the frame frame of dis
ernment whi
h in
ludes theinterval suggested by the market resear
h.However, for the reasons outlined in Se
tion 3 above, it is assumed thatwe are not fully 
on�dent in the reliability of the market resear
h results.A

ordingly, we 
an imagine that the market resear
h agen
y undertakingthe proje
t is asked to provide their belief, based on their long experien
eof primary data gathering, that the true parameter is within the intervalindi
ated by the resear
h. Suppose that their subje
tive belief (independentof the subje
tive estimates of the GMSS 
ompany managers used for BBA1)is allo
ated in the proportions of 80% to the proposition that the resear
his 
orre
t, and 20% to the proposition that the true value of � is anywherebetween zero and one. In other words, if we denote this se
ond BBA by thefun
tion m2, then we have the following values:� m2(0:018 � � � 1) = 0:80� m2(0 � � � 1) = 0:20The resulting BBA, 
alled BBA2, is shown in Figure 3. For very many pur-poses, a point estimate of demand is required, not a range. Commonly, spe-
i�
 weights are assumed for the proportions of intenders who eventuallypur
hase, for instan
e 80% of those responding \Very Likely" and 50% ofthose responding \Likely", whi
h would yield an estimate for � of 0.041. Thisvalue is in fa
t 
lose to the mid-point, 0.040, of the range identi�ed by themarket resear
h.



5.4 First CombinationWe have now two independent assignments of belief to the frame. These 
anbe 
ombined using the normalised version of Dempster's rule of 
ombination,with the resulting BBA denoted by the fun
tion m3, as follows:m3(C) = 11� k XA\B=Cm1(A):m2(B)where k = XA\B=;m1(A):m2(B):The resulting BBA (
alled BBA3) is shown in Figure 4. As an example, we
al
ulate m3(0 � � < 0:004). Considering only non-zero values, the numera-tor of the 
ombination formula is equal to:m3(0 � � < 0:004) = m1(0 � � < 0:004):m2(0 � � � 1)= 0:05� 0:20= 0:01Cal
ulation shows that the normalizing 
onstant k = 0:08, and so applyingthe 
ombination formula gives:m3(0 � � < 0:004) = 1:087� 0:01= 0:011to three de
imal pla
es. The use of the normalized version of Dempster'srule implies the adoption of the 
losed world assumption about the frameof dis
ernment. In our parti
ular 
ase, this is natural sin
e it is logi
allyimpossible for � to take a value outside the range 0 � � � 1.The 
al
ulation 
an be interpreted as follows. The market resear
h pro-vided strong eviden
e that � was above 0.018, and as a result the balan
eof the belief assignment moves from the interval [0:006; 1:0℄ to the interval[0:018; 1:0℄. However, there are still beliefs assigned to values of � outsidethis range|a total of 15.2% is so assigned. The use of a single estimate orthe most likely range as a result of the market resear
h may 
reate a falseimpression of pre
ision. The use of belief fun
tions here has ensured we havenot overlooked the un
ertainty inherent in the estimates. In addition, forsimpli
ity of presentation of this example, we only update the fore
ast on
ehere with market resear
h �ndings. However, with a proje
t of the times
alesof GMSS ventures, market resear
h is undertaken repeatedly and fore
astswill be updated a

ordingly. This 
an, of 
ourse, be 
aptured in the belieffun
tion model by repeated 
ombinations.It should also be noted that we are only operating at the 
redal levelat this point. Indeed, we are only dealing with mass assignments and their
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Fig. 4. BBA3: Combination of Subje
tive Judgment with Market Resear
h. Thelabels along the top of the 
ells are the lower bounds on �, and those down the lefthand side are the upper bounds. The range of values indi
ated by a given 
ell isthe 
ombination of its lower 
olumn bound and its upper row bound. Thus the topleft hand 
ell 
orresponds to 0 � � � 1, and the 
ell in the se
ond 
olumn of thethird row 
orresponds to 0:004 � � � 0:018.
ombinations. We 
an, of 
ourse, use these mass assignments to 
al
ulatebeliefs. In parti
ular, we 
an 
al
ulate the belief that � takes a value between0 and 0:006. The general formula for establishing belief in a subset of theframe of dis
ernment, A, is:Bel(A) = XB�Am3(B)whi
h gives us, for instan
e:Bel(0 � � � 0:006) = m3(0 � � � 0:004) +m3(0 � � � 0:006)= 0:011 + 0:011= 0:22If we want to use these beliefs to make a de
ision about what to do, and wewant to employ de
ision analysis [76℄ to do this, we need to 
onvert the massesinto probabilities. This 
an be done using Smets' pignisti
 transformation[89℄, whi
h gives: Pr(B) =XA m(A) jB \ AjjAjEssentially this takes the mass assigned to a set A and distributes this equallyover all the members of A. Note that be
ause our underlying sets A, B, et
 arereal intervals and not �nite sets, we interpret the weighting fra
tion whi
h is
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Fig. 5. BBA4O: Optimisti
 Analysis of Iridium Experien
e. The labels along thetop of the 
ells are the lower bounds on �, and those down the left hand side arethe upper bounds. The range of values indi
ated by a given 
ell is the 
ombinationof its lower 
olumn bound and its upper row bound. Thus the top left hand 
ell
orresponds to 0 � � � 1, and the 
ell in the se
ond 
olumn of the third row
orresponds to 0:004 � � � 0:018.multiplied by ea
hm(A) as the ratio of the lengths of the respe
tive intervals,B \ A and A. The result is the pignisti
 probability for B, the probabilitywhi
h should be used when making de
isions as opposed to the belief masswhi
h should be used when reasoning about beliefs. In our example, for in-stan
e, we 
an 
al
ulate the pignisti
 probability of (0:036 � � � 1) as:Pr(B) = 0:0541 + 0:6851� 0:0361� 0:018 + 0:131� 0:0361� 0:006= 0:853Similar 
al
ulations 
an be 
arried out for other possible values of �.5.5 Iridium Laun
hAs mentioned, Iridium laun
hed their 
ommer
ial servi
e, the world's �rstpubli
 Global Mobile Satellite Servi
e, in the last quarter of 1998. The laun
hwas originally s
heduled for 23 September 1998 [34℄ and then postponed to1 November due to te
hni
al problems [35℄. By 31 May 1999, the 
ompanyreportedly had signed up just 10,300 
ustomers 
ompared with the 27,000they were aiming for by this date [110℄, and the target of 500,000 to 600,000
ustomers by the end of 1999 [36℄. By August 1999, they had an estimated20,000 
ustomers [13℄.This failure is dramati
, and resulted in the departure in the �rst fewmonths of 1999 of the 
ompany's Chief Exe
utive OÆ
er, its Chief Finan-
ial OÆ
er and its head of Marketing [31,75℄. The 
ompany's key sponsor,



Motorola, warned in oÆ
ial �lings in May 1999 that Iridium may have to de-
lare bankrupt
y [24℄, and in August, the 
ompany �led for so-
alled Chapter11 prote
tion from its 
reditors as part of bankrupt
y pro
eedings [13℄.20 Anumber of reasons have been publi
ly proposed for this la
k of marketpla
esu

ess, in
luding: te
hni
al performan
e problems [75,110℄; the mis-timing ofpre-laun
h marketing 
ommuni
ations and advertising 
ampaigns [31℄; slowprodu
tion and distribution of user terminals [37℄; poor sales e�orts by the
ompany's distribution partners [14,31,37,110℄; diÆ
ulties with training salessta� [37℄; diÆ
ulties in responding to sales leads and rea
hing potential 
us-tomers [14,36℄; and the 
ompany's \
omplex and expensive 
all pri
ing plan"[14,110℄.These possible 
auses for failure to a
hieve sales targets are primarilyones of exe
ution, espe
ially marketing and 
ommer
ial exe
ution.21 In otherwords, Iridium's failure to a
hieve its sales targets is not, in itself, ne
essarilyeviden
e that market demand for MSS is smaller than anti
ipated. A

ord-ingly, opinions may vary as to whether Iridium's apparent market failureis due primarily to poor marketing and sales exe
ution or due to there be-ing insuÆ
ient demand for GMSS. Both views have been proposed in thepublished a

ounts of Iridium's progression toward bankrupt
y [14℄. Re
allthat we are undertaking this fore
asting exer
ise from the perspe
tive of apotential 
ompetitor to Iridium. In order to ensure distin
tness of belief as-signments and to ensure that internal biases (i.e. internal to the 
ompanydoing the fore
asting) do not 
olor the mass assignment, one 
ould imagineseeking the opinions of external GMSS experts as to the true market size inthe light of Iridium's post-laun
h experien
es. If undertaken in a systemati
way, su
h a sounding of outside experts (for example, trade journalists, in-vestment analysts, regulators, et
) is known as a Delphi study [40℄, and is a
ommon market resear
h te
hnique [58,60,99℄. For this work we suppose thata Delphi study is undertaken, and that the opinions of the experts polledregarding the size of the GMSS market 
oales
e around two views. Theseviews depend upon whi
h attribution for Iridium's apparent failure is moststrongly believed by the experts.Those experts believing the 
ause of Iridium's problems lie with the 
om-pany itself remain optimisti
 about the size of the GMSS market, althoughthey do assign a non-zero belief mass to the events that the market is toosmall for viability. This mass assignment is shown in Figure 5 (BBA4O). Onthe other hand, those experts who believe that Iridium's apparent failure isdue to the size of the GMSS market being mu
h smaller in reality than fore-20 Two weeks after Iridium's �ling, ICO also sought Chapter 11 prote
tion fromits 
reditors. ICO had failed to raise the additional 
ash needed to exe
ute itsoriginal plans, a failure 
aused in part by investor nervousness following Iridium'smarketpla
e failure [12℄.21 They are in fa
t not un
ommon with the laun
h of new mobile tele
ommuni
a-tions servi
es [29,38℄.



0.004 - 0.006 - 0.018 - 0.036 -

- 0.036

- 0.018

- 0.006

- 0.004

0 -

 - 1

0.70

0.25

0.05

Fig. 6. BBA4P: Pessimisti
 Analysis of Iridium Experien
e. The labels along thetop of the 
ells are the lower bounds on �, and those down the left hand side arethe upper bounds. The range of values indi
ated by a given 
ell is the 
ombinationof its lower 
olumn bound and its upper row bound. Thus the top left hand 
ell
orresponds to 0 � � � 1, and the 
ell in the se
ond 
olumn of the third row
orresponds to 0:004 � � � 0:018.
ast assign far greater belief mass to the events that the market is too smallfor viability, as shown in Figure 6 (BBA4P).5.6 Se
ond CombinationsSimilarly to the �rst 
ombination, we then 
ombine the previous 
ombinedbelief assignment, BBA3, with the both the optimisti
 and the pessimisti
expert opinions of the market size following Iridium's laun
h, BBA4O andBBA4P. The resulting se
ond 
ombinations, BBA5O and BBA5P, are shownin Figures 7 and 8, respe
tively.In the optimisti
 s
enario, the balan
e of belief mass following the Iridiumlaun
h is again on � being above 0.006, and so the weight of the 
ombinedBBA is to the right-hand end of the diagram. In this 
ase, just under 1% ofthe the mass is assigned to the proposition that the market size is insuÆ
ientfor viability for 2 or 3 operators. In the pessimisti
 s
enario, by 
ontrast,greater mass is assigned to the opposite end of the diagram, with almost 30%being assigned to the proposition of non-viability.Whi
h of these two s
enarios is believed will depend upon the opinions ofthe management of the 
ompany undertaking the fore
asting, and upon thespe
i�
 purposes for whi
h the fore
asting a
tivity is being undertaken. De-pending on su
h purposes, either an optimisti
 or a pessimisti
 fore
ast maybe appropriate. Indeed, both may be appropriate simultaneously, for examplewhen best-
ase vs. worst-
ase planning is being undertaken. If a single massassignment were to be required whi
h in
orporated both the optimisti
 and
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Fig. 7. BBA5O: Optimisti
 Se
ond Combination. The labels along the top of the
ells are the lower bounds on �, and those down the left hand side are the upperbounds. The range of values indi
ated by a given 
ell is the 
ombination of its lower
olumn bound and its upper row bound. Thus the top left hand 
ell 
orrespondsto 0 � � � 1, and the 
ell in the se
ond 
olumn of the third row 
orresponds to0:004 � � � 0:018.the pessimisti
 views of GMSS market demand, then Dempster's rule of 
om-bination 
ould be used again with BBA5O and BBA5P, possibly weighted bythe relative proportions of Delphi experts supporting the two s
enarios.5.7 Re�nements of the modelThe model developed in previous se
tions is, from the perspe
tive of theTBM itself, quite a simple model. That is not to say that su
h a model is notuseful for demand fore
asting, but it does mean that the theory 
an be usedto build mu
h ri
her models. Two su
h re�nements are parti
ularly worth
onsidering.The �rst re�nement, whi
h was hinted at above, is that of weighting thevarious pie
es of eviden
e. The model we presented took the expert opinionand market resear
h results at fa
e value|if market resear
h indi
ated thatthere was a 5% 
han
e that the market is too small for three players, thefa
t \market is too small for 3 players" was given a mass of 5%. It is easy todevelop models in whi
h these opinions are weighted, so that, for instan
e, itis possible to represent the fa
t that we, the model builders, only believe thatthe market resear
h results have a 75% 
han
e of being 
orre
t. Indeed, it ispossible to build models whi
h not only take su
h information into a

ount,but also update these weights based on the degree to whi
h past informationagreed with what a
tually happened. Su
h a model, in a rather di�erent
ontext, is dis
ussed in [69℄.



0.004 - 0.006 - 0.018 - 0.036 -

- 0.036

- 0.018

- 0.006

- 0.004

0 -

 - 1 0.49

0.08

0.04

0.26

0.040.09

Fig. 8. BBA5P: Pessimisti
 Se
ond Combination. The labels along the top of the
ells are the lower bounds on �, and those down the left hand side are the upperbounds. The range of values indi
ated by a given 
ell is the 
ombination of its lower
olumn bound and its upper row bound. Thus the top left hand 
ell 
orrespondsto 0 � � � 1, and the 
ell in the se
ond 
olumn of the third row 
orresponds to0:004 � � � 0:018.The se
ond re�nement is that of dealing with the dependen
ies betweenthe pie
es of eviden
e. One of the restri
tions of Dempster's rule of 
ombina-tion for updating beliefs is that it assumes the the sour
es of the mass dis-tributions being 
ombined are distin
t. Within the transferable belief model[87℄ this means, broadly speaking, that the mass distributions do not useany 
ommon information. This has led to many people being under the im-pression that belief fun
tions 
an only be deployed in situations in whi
hthe various mass distributions are distin
t, and therefore ruling out the pos-sibility of using belief fun
tions to model situations where there are knowndependen
ies between the various sour
es of eviden
e (the kind of situationswhi
h are neatly handled by Bayesian networks [72℄). However, this is nottrue. It is perfe
tly possible to build models using belief fun
tions whi
h dealwith non-distin
t mass distributions, provided one takes the non-distin
tnessinto a

ount in the appropriate way. One parti
ularly attra
tive way of doingthis is suggested by Xu and Smets [112℄, who introdu
e an approa
h whi
hhas mu
h in 
ommon with Bayesian networks. Methods based on the Shenoy-Shafer hypertree 
omputation approa
h [81℄ 
an also be used to deal with theproblem.6 Con
lusionsThis arti
le has des
ribed an appli
ation of belief fun
tions to fore
asting de-mand for a new tele
ommuni
ations servi
e, Global Mobile Satellite Servi
es.



Although the model presented here has been simpli�ed, and disguised ratherthan real numbers have been used, we believe the example has demonstratedthe power of the TBM for demand fore
asting in un
ertain environments.Demand estimation for a new high-te
hnology produ
t or servi
e 
ategoryis often a situation of \near ignoran
e", both for intending operators andfor their prospe
tive 
ustomers. In su
h 
ir
umstan
es, belief fun
tions en-able un
ertainty to be represented appropriately and prevent an unwarrantedpre
ision being inserted into or per
eived in market fore
asts.In addition, the theory provides a 
oherent me
hanism for 
ombiningnew eviden
e with existing fore
asts, on an on-going basis, essential in anenvironment with the long lead times between proje
t 
ommen
ement andthe laun
h of 
ommer
ial servi
e seen in the MSS industry. It has bene�tsover alternative approa
hes to demand fore
asting whi
h require informationon a past whi
h may be non-existent or irrelevant (as is the 
ase with timeseries analysis and e
onometri
 methods) or whi
h require expli
it and agreedknowledge of a very un
ertain future (as is the 
ase with Stru
tured S
enarioAnalysis).Moreover, the transferable belief model permits the assignment of a por-tion of the total belief mass to values of the fore
ast parameters whi
h are
onsidered highly unlikely but are still believed possible. In this way it en-sures that the un
ertainty inherent in any fore
aster's view of the future isrepresented, and is not supressed through quanti�
ation and summarization.Indeed, as this example has demonstrated, the TBM even permits the formalrepresentation of doubt in a view of the future whi
h is otherwise predom-inantly optmisti
 or predominantly pessimisti
. For the reasons presentedhere, then, we believe that belief fun
tions have 
onsiderable potential forappli
ation in highly-un
ertain business domains, su
h as in the fore
astingof demand for new produ
ts and servi
es.This appli
ation demonstrated the assignment of belief values to intervalsof an unknown parameter. At the earliest stages of planning of new produ
tsor servi
es, however, un
ertainty regarding market potential may be so greatas to pre
lude the assignment of numeri
 values to unknown parameters, evenwhen expressed as intervals. Stakeholders in su
h 
ir
umstan
es may only be
omfortable assigning linguisti
 or qualitative labels to su
h intervals. Onearea worthy of further investigation, then, is the appli
ation of qualitativeand linguisti
 belief fun
tion approa
hes to demand fore
asting. Some of thetheory for su
h an approa
h has already been developed [66,67,70℄, and is atopi
 of further exploration by the authors.A
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