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A b s t r a c t 

D e m a n d fo recas ts a re the mos t important p iece of information u s e d to m a k e revenue 

m a n a g e m e n t dec i s ions for lodging propert ies. H igh d e m a n d fo recas ts m a y lead to i nc reases in 

room rates and s tay restr ict ions whi le low d e m a n d fo recas ts m a y result in pr ice d e c r e a s e s and 

eas i ng of s tay restr ict ions. A number of d e m a n d forecast ing methods , both long-term (more than 

90 d a y s prior to a target date) and short- term (within 90 days of a target date) we re mode l led and 

c o m p a r e d for the lodging propert ies at a major North A m e r i c a n sk i resort. Long- te rm forecast ing 

me thods inc luded random walk , mult ipl icat ive Hol t -Winters , A R l M A (autoregress ive integrated 

mov ing average) , l inear reg ress ion , and nonl inear reg ress ion . Shor t - term mode l s inc luded the 

f ive long-term forecast ing methods as wel l as addi t ive p ickup and a r eg ress i on -based book ing 

curve mode l . In terms of long-term fo recas ts , the non l inear regress ion method w a s found to be 

super ior whi le capac i t y w a s trending upward but after a capac i t y s h o c k (unexpected loss in 

capac i ty ) the random walk method proved opt imal . In terms of short- term fo recas ts , the 

reg ress ion -based book ing curve mode l w a s opt imal in -samp le and da ta w a s not tested out of 

s a m p l e . Further, the long-term nonl inear regress ion mode l and short- term reg ress i on -based 

book ing cu rve mode l expl ici t ly def ined s e a s o n a l per iods . T h e s e stat ist ical ly def ined s e a s o n a l 

per iods shou ld help m a n a g e m e n t set s e a s o n a l rate targets as wel l a s better unders tand typical 

book ing patterns a m o n g per iods. 
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1 INTRODUCTION 

Forecas t ing d e m a n d is a crit ical componen t of revenue m a n a g e m e n t for lodging operators (hotel 

and rental propert ies) . Lodg ing units are per ishab le inventory s ince revenue f rom a lodging unit 

on a certain date is lost forever if the unit is not f i l led. G i v e n that the majority of lodging cos ts are 

f ixed, lodging operators must take appropr ia te ac t ions to max im i ze lodging revenue . T h e 

d e m a n d forecast is the p iece of information upon wh ich revenue m a n a g e m e n t dec i s i ons are 

m a d e . A d e m a n d forecast that is h igher than expecta t ion m a y lead to i nc reases in pr ice, s tay 

contro ls (i.e. m in imum two night stay) and other restr ict ions. O n the other hand , a d e m a n d 

forecast lower than expecta t ion m a y tr igger promot ions, pr ice d iscoun ts , and a lifting of 

restr ict ions. In this paper , d e m a n d is used s y n o n y m o u s l y with book ings and is def ined as 

occup ied room nights. For e x a m p l e , a reservat ion for 2 units at 7 nights is equiva lent to 2 room 

nights per day for a total of 14 room nights. 

Lodg ing d e m a n d es t imates we re ca lcu la ted for a major North A m e r i c a n ski resort. Long- te rm 

es t imates were ca lcu la ted more than 90 days prior to a target date, whi le short - term es t imates 

we re ca lcu la ted within 90 days of a target date. S tanda rd forecast ing mode l s inc luding l inear 

reg ress ion , mult ipl icat ive Hol t -Winters , A R I M A (autoregress ive integrated mov ing ave rage) , and 

random-wa lk we re used to c reate long-term fo recas ts . T h e s e were c o m p a r e d to a nonl inear 

regress ion mode l built spec i f ica l ly to capture the resort 's year ly d e m a n d trend and seasona l i t y 

(e.g. regional schoo l ho l idays) . Wi th in the four year s a m p l e per iod, the non l inear regress ion 

prov ided super ior es t imates to the other mode ls . Howeve r , out of s a m p l e , the non l inear 

regress ion mode l only prov ided a marg ina l improvement over other mode l s dur ing the first four 

months of the out of s a m p l e per iod. At this 4-month point an under ly ing assump t i on of the 

nonl inear mode l ( l inearly increas ing year ly demand ) w a s v io lated a s the resort expe r i enced a 

large d e c r e a s e in capac i t y w h e n a major lodging property sw i tched reservat ion m a n a g e m e n t 

prov iders. After this capac i t y shock , random walk prov ided the best es t imates for the remainder 

of the out of s a m p l e per iod (and had prov ided the s e c o n d best es t imates a m o n g long-term 

forecast ing methods prior to the assumpt ion violat ion). A s a result, a ' cus tom ized ' non l inear 

regress ion mode l is a r e c o m m e n d e d long-term forecast ing method for resorts wh ich are 

exper ienc ing predic table year ly shifts in d e m a n d ( increas ing or dec reas ing ) wh ich c a n be 

approx imated by a funct ional form s u c h as a l inear trend or modi f ied exponent ia l curve . If 

c h a n g e s in year ly d e m a n d are sporad ic or sma l l the random walk method is r e c o m m e n d e d for 

long-term es t imates s ince it is s imp le and robust. 

Short - term es t imates (est imates within 90 days of a target date) typical ly c o m e in two var iet ies. 

T h e first variety inc ludes the s a m e mode l s u s e d for long-term fo recas ts but with a shorter 

forecast ing hor izon. In other words , these mode ls use past comp le te s tay information to fo recast 
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future comp le te s tays . T h e s e c o n d var iety of short- term mode ls inc ludes mode l s that incorporate 

current book ings for future dates (book ings to date). Add i t ive p ickup ( A P ) mode l s a re s imi lar to 

random walk me thods ; they use current book ings and add last year ' s p ickup (number of 

reservat ions m a d e in the prior year f rom Y d a y s out up until the target date) to c o m e up with a 

short- term forecast . T h e other tested mode l incorporat ing book ings to date is a ' cus tom ized ' 

book ing cu rve mode l . Th is mode l c rea tes a base l ine book ing curve (pattern of book ings over 

t ime for a part icular target date) and then c o m p a r e s actual book ings to the base l ine book ings in 

order to project d e m a n d for the target date. Th i s projected d e m a n d is then c o m b i n e d with a 

long-term non- l inear es t imate ; the weight be tween es t imates de termined by the number of days 

( lead t ime) f rom the target date. 

Within the four year s a m p l e per iod, the ' cus tom ' book ing cu rve mode l prov ided super io r es t imates 

to all other mode l s ( A P and long-term mode ls ) . Further, the book ing cu rve mode l and long-term 

nonl inear mode l expl ici t ly def ine s e a s o n a l per iods b a s e d on d e m a n d . T h e s e stat ist ical ly 

s igni f icant s e a s o n a l per iods prov ide m a n a g e m e n t with va luab le information for sett ing room rate 

targets s ince room rates are set to co r respond to distinct d e m a n d leve ls . A s wel l , the book ing 

curve mode l p rov ides m a n a g e m e n t with expec ted book ing cu rves ; the sys temat i c bui ld-up in 

book ings for a part icular target date. T h e s e expec ted book ing cu rves quanti fy the re lat ionship 

be tween lead- t ime and d e m a n d for a certain per iod, he lp ing m a n a g e m e n t to identify the l ikely 

extent of last minute book ings v e r s u s reservat ions in a d v a n c e . Howeve r , whi le the non l inear 

mode l and book ing curve mode l have many benef i ts and are l ikely to i nc rease the a c c u r a c y of 

fo recas ts , the benefit of this addi t ional a c c u r a c y is directly related to the amoun t of e x c e s s 

capac i ty . A large amount of e x c e s s capaci ty , a s is the c a s e in the resort s tud ied , l eads to a low 

cos t of d e m a n d inaccu racy s ince all reservat ions c a n be a c c o m m o d a t e d regard less of f inal 

d e m a n d . Cons t ra i ned capac i t y env i ronments , on the other hand , have a large opportuni ty cost of 

d e m a n d forecast i naccuracy s ince h igh-va lue reservat ions (e.g. reservat ions with high dai ly room 

rates and long length of stay) shou ld be priorit ized a b o v e low-va lue reserva t ions . If the fo recas ts 

for h igh-va lue reservat ions and low-va lue reservat ions are inaccurate in a si tuat ion of cons t ra ined 

capac i ty , then reservat ion m a n a g e m e n t will m a k e sub-opt imal dec i s i ons with respec t to pr ic ing, 

s tay contro ls , and appropr ia te mix of market segmen ts . 
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2 F O R E C A S T I N G A P P R O A C H 

Weather fo rd , K i m e s , & Scot t (2001) prov ide a useful f ramework for fo recast ing d e m a n d for hotel 

propert ies. T h e y con tend there are s e v e n dec is ion factors that must be de te rmined prior to a 

lodging fo recast and these are out l ined in Tab le 1, as wel l as the app roach taken in this paper . 

Table 1: Fo recas t ing c h o i c e s m a d e in resort lodging mode l s 

Weatherford et al. forecast choices Forecast choice for resort estimates 
1) What to forecast 

a) Arr iva ls 
b) R o o m nights 

1. b) R o o m nights 

2) Level of aggregation 
a) Ful ly aggrega ted 
b) A g g r e g a t e d by rate category with length-

of-stay probabi l i ty distr ibut ions 
c) A g g r e g a t e d by length of stay with rate-

ca tegory probabi l i ty distr ibut ions 
d) Ful ly d i saggrega ted (by rate ca tegory 

with length of stay) 

2. T h e app roach taken dev ia tes sl ightly f rom 
the c h o i c e s stated by Wea the r fo rd et. a l . 
(2001). Book ing data w a s aggrega ted by 
market segmen t ( independent traveler, 
group, and owner) a s wel l a s by bed room 
(one bed room ( including su i tes) , two 
b e d r o o m , and three plus bed rooms) . 
F o r e c a s t s we re prov ided for the independent 
travel ler segmen t by b e d r o o m type. 

3) Unconstraining method 
a) N o n e 
b) Den ia ls da ta 
c) Mathemat ica l mode l s 

i) P i c k u p 
ii) Book ing curve 
iii) Pro ject ion 

3. c) The re is no unconst ra in ing method for 
long-term mode l s . For short- term mode l s , 
both p ickup and book ing cu rve methods are 
u s e d . 

4) Number of periods to include in forecast 
a) Al l 
b) S e l e c t e d number 

4. a) A l l 

5) Which data to use 
a) On ly comp le te stay-nights 
b) Al l da ta (complete and incomplete stay-

nights) 

5. b) A l l da ta ; on ly comp le te stay-nights are 
used for long-term fo recas ts whi le short- term 
fo recas ts used all da ta . 

6) Outliers 
a) Included 
b) Not inc luded 

6. a) Out l iers inc luded 

7) Level of forecast accuracy 
a) A g g r e g a t e d fo recas ts , errors reported as 

a v e r a g e a c r o s s all read ing d a y s 
b) A g g r e g a t e d fo recas ts , errors reported for 

e a c h indiv idual read ing day 
c) D i sagg rega ted fo recas ts , errors reported 

as a v e r a g e a c r o s s all read ing d a y s 
d) D i sagg rega ted fo recas ts , errors reported 

for e a c h indiv idual read ing day 

7. a) A g g r e g a t e d fo recas ts . . .wh i le mode l s 
are ca lcu la ted at a d i saggrega te level by 
reading day (as in d), dec i s i ons about the 
mode l ' s ef f icacy are reported at an aggrega te 
leve l . 

A n effect ive revenue m a n a g e m e n t sys tem u s e s es t imates for both guest arr ivals and room nights 

in order to max im i ze revenue . Pred ic ted arrival distr ibutions are important s o that the resort c a n 

implement effect ive st rategies for spec i f ic arrival days (i.e. pr ice c h a n g e s and stay controls) . 
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However , if capac i ty is not expec ted to be s u r p a s s e d then s tay contro ls a re never u s e d . In 

s i tuat ions of capac i ty s lack , predicted room nights a lone , rather than pred ic ted room nights by 

arr ival segmen t , a re genera l ly adequa te for revenue m a n a g e m e n t . R o o m nights for the 

independent travel ler s e g m e n t were de termined to be the mos t important es t ima tes for the 

s tud ied resort s i nce independent travel lers pay higher room rates than group reserva t ions , and 

their book ings are m a d e c loser to the target date than owner or group reservat ions . S i n c e the 

resort rarely so ld out (4 d a y s in the most recent year) , and therefore est imat ing the number of 

r ooms likely to be occup ied w a s revenue m a n a g e m e n t ' s pr imary c o n c e r n . 

Weather fo rd et a l . (2001) found that s u m m i n g d isaggrega ted hotel d e m a n d fo recas ts p roduced a 

more accura te fo recast than a s ing le aggrega te d e m a n d forecast . A s a result, the resor ts ' 

book ing data w a s d i saggrega ted as m u c h as poss ib le . R o o m night fo recas ts we re only c rea ted 

for the independent travel ler segmen t as these we re the mos t predic table book ings and did not 

suffer f rom da ta incons is tency p rob lems at the resort leve l . G r o u p book ings w e r e often e x c l u d e d 

f rom the reservat ion m a n a g e m e n t sys tem until short ly prior to a target date mak ing it p rob lemat ic 

to de termine w h e n reserva t ions /cance l la t ions were actual ly m a d e . T h e owner book ings were 

genera l ly flat (did not c h a n g e m u c h from 90 days out up until the target date) d u e to incent ives for 

owners to c la im vacat ion da tes far in a d v a n c e . A s a result, d e m a n d fo recas ts we re not c rea ted 

for group a n d o w n e r s e g m e n t s . Fur thermore , den ia ls ( requests for unava i lab le lodg ing units) a n d 

turndowns (cus tomers refusing a room type at a certain pr ice or s tay control) we re not t racked by 

reservat ion agen ts for histor ical da ta . A s a result, it w a s d e e m e d prob lemat ic to d i saggrega te by 

rate c l a s s in fo recas ts s ince est imat ing appropr ia te probabil i ty distr ibut ions for different rate 

c l a s s e s wou ld be cont r ived. Fur thermore, due to the t remendous seasona l i t y of the resort (near ly 

1 0 0 % o c c u p a n c y dur ing C h r i s t m a s per iod a n d often less than 1 0 % dur ing shou lde r per iods - e . g . 

ear ly N o v e m b e r and ear ly May ) it w a s hypo thes ized that seasona l i t y a lone wou ld exp la in most of 

the d e m a n d var iat ion. 

T h e third dec i s ion factor c i ted by Weather fo rd et a l . is unconst ra in ing me thod . In other words , 

what techn ique is u s e d to sepa ra te d e m a n d from capac i t y? Qui te s imp ly , it is imposs ib le to 

o c c u p y more than 1 0 0 % of the resort 's lodging units, yet this d o e s not limit d e m a n d to 1 0 0 % of 

capac i ty . For all the long-term forecast ing mode ls there is no unconst ra in ing method . C o m p l e t e 

stay night informat ion, by definit ion, is cons t ra ined by the resort 's capac i ty s o these mode l s do 

not capture d e m a n d a b o v e capac i ty . Howeve r , a s ment ioned earl ier, due to the infrequent nature 

of sel louts at the resort, this w a s not s e e n as a major p rob lem. T h e short- term forecast ing 

mode l s do prov ide uncons t ra ined fo recas ts . T h e addit ive p ickup method m a y forecast d e m a n d 

a b o v e capac i t y if last year ' s p ickup plus current book ings are a b o v e capac i ty . Howeve r , this 

method m a y underes t imate total unconst ra ined d e m a n d if ei ther current book ings have been 
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l imited by capac i t y or if last yea r ' s p ickup w a s l imited by capac i ty . T h e short- term nonl inear 

regress ion mode l u s e s book ing cu rves (pattern of book ings obse rved in s imi lar d a y s past) a s a 

base l ine to g a u g e future d e m a n d . However , s imi lar to the addi t ive p ickup mode l , there is 

potential to underes t imate uncons t ra ined d e m a n d if ei ther the book ing curve d e v e l o p e d f rom prior 

year da ta w a s cons t ra ined by capac i t y or if current book ings are cons t ra ined by capac i ty . D u e to 

the infrequent nature of resort-wide se l louts , both the addi t ive p ickup mode l and short- term 

nonl inear regress ion mode l we re expec ted to be very c l ose approx imat ions of uncons t ra ined 

d e m a n d . 

In terms of data used for fo recast ing, the entire four year s a m p l e w a s uti l ized in the mode l 

ana lys is and this inc ludes book ings that never mater ia l ized due to cance l la t ions and n o - s h o w s . 

B y inc luding cance l la t ions and no -shows , the mode ls are better ab le to project future d e m a n d 

g iven current book ings . A s wel l , the data w a s not sc rubbed to exc lude out l iers s i nce large 

var iat ion in d e m a n d (due to weather , p romot ions, r a n d o m n e s s , etc.) is typical in lodging 

fo recast ing . R e a d e r s interested in a more detai led descr ip t ion of the data preparat ion and 

t ransformat ion p r o c e s s used in the mode ls are referred to A p p e n d i x A . 

A read ing day is def ined by Weather fo rd et a l . (2001) as the day w h e n the number of reservat ions 

on hand for a part icular arrival day is upda ted . At the resort s tud ied , read ing d a y s we re genera l ly 

updated on a week l y bas i s within 90 days of a target date and updated dai ly in the w e e k prior to a 

target date. S i n c e resort revenue m a n a g e m e n t ' s app roach to fo recast ing w a s random walk (last 

yea r ' s o c c u p a n c y f igure for long-term fo recas ts and addi t ive p ickup for short- term fo recas ts ) it 

w a s straightforward to c o m p a r e mode l fo recas ts to l ikely m a n a g e m e n t fo recas ts for any g iven 

day of histor ical da ta . In order to prov ide m a x i m u m a c c u r a c y in fo recas t c o m p a r i s o n s , e a c h day 

in the 90 day w indow w a s treated a s a reading day . 
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3 L O N G - T E R M M O D E L S 

3.1 Resort Overview 

R e v e n u e m a n a g e m e n t at the resort s tud ied m a n a g e s roughly 5 0 % of the bed b a s e on-mounta in . 

T h e fraction of r ooms under m a n a g e m e n t has rema ined roughly cons tan t in the past f ive yea rs a s 

the deve lopmen t of on-mounta in propert ies by the resort 's real esta te d iv is ion h a s largely 

ma tched deve lopmen t by external hotel cha ins . For resort m a n a g e d propert ies, the revenue 

m a n a g e m e n t d iv is ion is respons ib le for manag ing reservat ions as wel l a s sett ing pr ices and stay 

restr ict ions. T h e fo l lowing long-term and short- term mode ls a re d e m a n d forecast ing methods for 

FIT (free independent travel ler) s e g m e n t s only . 

T h e long-term mode l s cons is t entirely of past d e m a n d informat ion. T h e reader is referred to 

F igure 1A and F igure 1B for a s a m p l e of room nights in the 01 /02 s e a s o n . A s c a n be s e e n f rom 

Figure 1 A , there is t r emendous seasona l i t y throughout the year. T h e first shou lde r per iod from 

late Apr i l until mid J u n e is very s low, as the sk i hill is c l o s e d for downhi l l sk i ing and schoo l is not 

yet out for the s u m m e r . T h e s u m m e r per iod has very high o c c u p a n c y , a s the resort has m a n y 

s u m m e r t ravelers and on-hil l act ivi t ies, with d e m a n d peak ing in the first w e e k e n d of Augus t . In 

the s e c o n d shou lde r s e a s o n , d e m a n d gradual ly dec l i nes from ear ly S e p t e m b e r until mid 

N o v e m b e r , until the hill o p e n s for downhi l l sk i ing in late N o v e m b e r . T h e book ings then ramp up 

until the C h r i s t m a s per iod peak ing at N e w Y e a r ' s . F rom J a n u a r y until late M a r c h the hill is aga in 

very high o c c u p a n c y with p e a k s for regional ho l idays s u c h as schoo l b reaks , a s wel l as the 

w e e k e n d s sur round ing Mart in Luther K ing D a y and Pres iden t ' s Day . F igure 1B s h o w s the dai ly 

var iat ion in d e m a n d , with Fr iday and Sa tu rday nights c o m m a n d i n g greater d e m a n d than 

w e e k d a y s . Howeve r , the dai ly var iat ion c h a n g e s dramat ica l ly by s e a s o n a l per iod, with w e e k e n d 

nights mak ing up a greater proport ion of room nights in shou lde r s e a s o n s whi le dai ly var iat ion is 

more even ly distr ibuted dur ing high o c c u p a n c y per iods . Both week l y seasona l i t y a s wel l as dai ly 

var iat ion in d e m a n d are m u c h greater at resort hote ls than at bus iness -o r ien ted hote ls . A s a 

result, the variat ion in pricing is a l so m u c h more cyc l ica l at a resort hotel than at a bus iness -ho te l 

wh ich tends to have h igher ave rage o c c u p a n c y leve ls . 
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Figure 1 A : No rma l i zed a v e r a g e dai ly room nights for the 01 /02 s e a s o n by w e e k 
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T h e r e are numerous a p p r o a c h e s to long-term dai ly d e m a n d forecast ing and final fo recas ts are 

often a combina t ion of stat ist ical es t imates and manager ia l judgement . Th i s paper f o c u s e s on a 

stat ist ical app roach to fo recast ing whi le readers interested in formal a p p r o a c h e s to the integration 

of manager ia l j udgemen t and stat ist ical fo recas ts are referred to G h a l i a & W a n g (1999). Before 

the different long-term forecast ing mode ls are desc r ibed and c o m p a r e d , however , appropr ia te 

cri teria for mode l e f f icacy must be c h o s e n . 

3.2 M o d e l E f f i c a c y Cr i ter ia 

Tradit ional ly, m e a n squa re error ( M S E ) is a s tandard error m e a s u r e for stat ist ical mode l s . 

Spec i f i ca l ly , the object ive of most parameter est imat ion a lgor i thms is to m in im ize M S E (as is the 

c a s e of all mode ls to be tes ted in this paper excep t for A R I M A mode ls ) . Howeve r , M S E is found 

by many resea rche rs to be a poor m e a s u r e of fo recast validity. A rms t rong and Co l l opy (1992) in 

their oft c i ted work "Error M e a s u r e s For Gene ra l i z i ng Abou t Fo recas t ing M e t h o d s " tested error 

m e a s u r e s aga ins t a number of criteria including reliability, construct validity, sensi t iv i ty to sma l l 

c h a n g e s , protect ion aga ins t out l iers, and relat ionship to dec i s i on -mak ing . T h e y r e c o m m e n d 

us ing dev iants of two different error m e a s u r e s , the relat ive abso lu te error ( R A E ) and abso lu te 

pe rcen tage error ( A P E ) , in order to c h o o s e a m o n g forecast ing me thods . T h e R A E (Equat ion 1) 

for a s ing le es t imate is the ratio of the abso lu te error of a part icular fo recast ing method (e.g. Holt-

Win te rs ' method) d iv ided by the error of the random-wa lk method . T h e A P E for a s ing le es t imate 

(Equat ion 2) m e a s u r e s the abso lu te error a s a percen tage of the actua l observa t ion . Fo r a s ing le 

hor izon A rms t rong & Co l l opy r e c o m m e n d us ing the med ian relat ive abso lu te error ( M d R A E ) w h e n 

a smal l number of t ime se r ies are ava i lab le and the med ian abso lu te pe rcen tage error ( M d A P E ) 

w h e n there are a large number of se r ies (Equat ions 3-4). T o c o m p a r e se r ies over a long hor izon , 

they r e c o m m e n d the cumula t ive relat ive abso lu te error ( C u m R A E ) for a s ing le se r ies and med ian 

cumula t ive relat ive abso lu te error ( M d C u m R A E ) for mult iple se r i es (see Equa t ions 5-6). 
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Forecas t ing method (e.g. Hol t -Winters , A R I M A , etc.) 

Hor izon ( lead t ime) being forecast (h>Q0 for long-term forecas ts ) 
F o r e c a s t se r i es 

Me thod m fo recast for hor izon h 

R a n d o m walk forecast for hor izon h 

Actua l observat ion at hor izon h 

Rela t ive abso lu te error of method m at hor izon h 

Abso lu te pe rcen tage error of method m at hor izon ( lead t ime) h 

M e d i a n relat ive abso lu te error of method m, hor izon h for all se r i es s 

M e d i a n abso lu te percen tage error of method m, hor izon h for all se r i es s 

Re la t i ve abso lu te error ( R A E ) of me thod m s u m m a r i z e d a c r o s s all n 
hor izons of a part icular se r ies 

Med ian C u m R A E of method m for all se r ies s 

N o w that appropr ia te error metr ics have been c h o s e n the long-term mode l es t imates c a n be 

c o m p a r e d and eva lua ted . T h e five different long-term est imat ion me thods inc lude random walk 

( R W ) , l inear reg ress ion (LR) , mult ipl icat ive Hol t -Winters (HW) , au to regress ive integrated mov ing 

a v e r a g e ( A R I M A ) , and nonl inear regress ion (NL) . T h e mode ls were ca l ibra ted us ing the entire 

four year s a m p l e per iod f rom M a y 15, 1998 to Apr i l 29 , 2002 and fo recas ts c o m p a r e d in year four 
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(April 28 , 2001 to Apr i l 27 , 2002) . In other words , the entire four year s a m p l e w a s used to 

determine the funct ional form of e a c h mode l (number and type of parameters ) , but depend ing on 

the mode l , the entire four years m a y not have been used to ca lcu la te the paramete r es t imates for 

the in -samp le per iod. Spec i f i ca l ly , the L R and N L mode l s used the entire four year s a m p l e to 

ca lcu la te parameter es t imates and the s a m e parameter es t imates we re used in year four. In 

contrast , the H W and A R I M A mode ls used only s a m p l e data prior to the in -samp le fo recast to 

ca lcu la te paramete r es t imates ; s o data from years one to three we re u s e d to ca lcu la te paramete r 

es t imates for year four fo recas ts . 

Us ing the A R I M A mode l as an e x a m p l e , it w a s de termined us ing the entire four year s a m p l e that 

an ARIMA(2 ,0 ,2 ) (1 ,0 ,0 ) 7 ( 1 ,1 ,0 ) 3 6 4 funct ional form for one b e d r o o m s best fit the entire s a m p l e 

dataset , yet the actual pa ramete r va lues for the ARIMA(2,0 ,2) (1 ,0 ,0 ) 7 (1 ,1 ,0 ) 3 6 4 we re different for 

year four. Further, s i nce a long-term forecast is def ined in this paper a s any fo recast m a d e more 

than 90 d a y s prior to a target date, the H W and A R I M A mode ls began to fo recast f rom J a n u a r y 

28 , 2001 in order prov ide long-term es t imates for the year four fo recast per iod (April 28 , 2001 to 

Apr i l 27 , 2002) . T h e out of s a m p l e per iod w a s f rom Ju ly 29 , 2 0 0 2 to J a n u a r y 2 2 , 2 0 0 3 . T h e out 

of s a m p l e per iod did not begin until Ju l y 29 , 2 0 0 2 to a l low for a 90 day per iod f rom the most 

recent i n -samp le date (April 29 , 2002) used to parameter i ze the mode l s . 

3.3 Random Walk (RW) 

R a n d o m walk s imp ly m e a n s to m a k e predict ions of future d e m a n d us ing past d e m a n d direct ly 

(without any model l ing p rocess ) . In this paper , in order to obtain the s a m e s e a s o n a l per iod and 

day of week , the final d e m a n d from 364 days prior (52 w e e k s ) is used a s an est imate for future 

d e m a n d . For e x a m p l e , the final long-term d e m a n d est imate for Ju ly 30 , 2002 is taken from the 

final d e m a n d for Ju ly 3 1 , 2 0 0 1 . 

3.4 Mult ipl icative Holt-Winters (HW) 

A s tandard stat ist ical d e m a n d forecast is a s imp le exponent ia l mov ing a v e r a g e mode l . Wh i l e a 

s imp le exponent ia l smooth ing mode l is not an appropr ia te method for dai ly d e m a n d forecast ing 

w h e n seasona l i t y is present , it is a good b a s e upon wh ich to unders tand more comp lex 

smooth ing mode l s s u c h as H W and A R I M A . T h e bas i c form of an exponent ia l smooth ing mode l 

is s h o w n in Equat ion 7 (as der ived from smooth ing mode l presenta t ions in S A S E T S U s e r ' s 

G u i d e , 1999 and Chat f ie ld , 1989). A s c a n be s e e n , the weights d e c r e a s e in a constant 

proport ion, thereby giv ing more weight to recent observa t ions and less weight to past 

observa t ions . Exponent ia l smooth ing is the p r o c e s s by wh ich the weights a re ca lcu la ted 
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recurs ive ly in order to m in im ize the squa red error. T h e error term in exponent ia l smooth ing is 

s h o w n in Equat ion 8, and s o (7) c a n be restated in error-correct ion form as Equat ion 9 or 

al ternat ively a s Equat ion 10. A R I M A mode l s , to be exp la ined in the p roceed ing sec t ion , a re a 

large c l a s s of mode l s e x p r e s s e d in error-correct ion form. T h e s imp le exponent ia l mov ing 

a v e r a g e mode l is e x p r e s s e d as an A R I M A ( 0 , 1 , 1 ) in Equat ion 11. 

Yt = aYt_x + a(\ - a)Yt_2 + a(l - a)2 Yt_3 +. 

e =Y -Y e( 1t 1t 

Yt = aet_x + Yt_x 

(7) 

(8) 

(9) 

Yt = ae ,_ , + ae,_2 + ae,_3 +... = e,_, (10) 
7=1 

{\-B)Yt^et{l-eB) (11) 

where: 

Yt Observa t ion at t ime t 

Yt Es t imated observa t ion at t ime t 

a Smoo th ing parameter for t ime-vary ing m e a n term 

et Error (d is turbance) term at t ime t 

B B a c k w a r d shift operator (e.g. (\-B)yt =yt~yt-\ ) 
T Tota l number of t ime per iods for wh ich observa t ions exist 

T h e mult ipl icat ive Hol t -Winters mode l is b a s e d on an exponent ia l smoo th ing mode l but inc ludes 

pa ramete rs to accoun t for trend and seasona l i t y . T h e mult ipl icat ive vers ion w a s u s e d s ince the 

addi t ive vers ion c a n be e x p r e s s e d as an ARIMA(0 ,1 ,p+1) (0 ,1 ,0 ) p mode l , a n d a mult ipl icat ive 

mode l s e e m e d more appropr ia te s ince variat ion in d e m a n d is l ikely to i nc rease with an inc rease 

in year ly d e m a n d . In the hotel industry, the mult ipl icat ive Hol t -Winters three paramete r 

exponent ia l smooth ing method is an industry s tandard (Baker & Co l l ie r (1999)). T h e H W mode l 

actual ly h a s m o r e than three pa ramete rs , but it is referred to a s a three pa ramete r m o d e l a s it h a s 

three smooth ing pa ramete rs ; a lpha s m o o t h e s the t ime vary ing mean- te rm, g a m m a s m o o t h e s the 

t ime-vary ing s lope , and delta s m o o t h e s the t ime-vary ing s e a s o n a l contr ibut ion. T h e est imate of 

the H W mode l is s h o w n in Equat ion 12, with the sepa ra te e lemen ts of (12) deta i led in Equa t ions 

13-15 . For c o m p a r i s o n , the s imp le exponent ia l smoo th ing mode l is desc r i bed as an H W mode l in 

Equat ion 16. It shou ld be noted that H W is mult ipl icat ive s ince the t ime-vary ing m e a n and s lope 

terms are mult ipl ied by the s e a s o n a l term. Th is results in s e a s o n a l var iat ion inc reas ing as the 
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trend or s l ope terms inc rease , w h e r e a s the addi t ive H W mode l main ta ins cons tan t s e a s o n a l 

var iat ion a round the trend and s lope te rms. 

Yl(h) = (Ll+hT!)St_p+h (12) 

Lt=a(YtISt_p) + (\-a)(Lt_,+Tt_,) (13) 

T ^ y m - L ^ + il-r)^ (14) 

S,=5{YlILt) + (\-8)St_p (15) 

Yt(h) = L, s i nce Tt =0, S,_p+h =1 (16) 

Yt(h) = L,+hTl+Sl_p+h (17) 

where: 

Yt Observa t ion at t ime t 

Yt Es t imated observa t ion at t ime t 

h Fo recas t hor izon 
a Smoo th i ng paramete r for t ime-vary ing m e a n term 
y Smoo th ing parameter for t ime-vary ing s lope 

5 Smoo th i ng parameter for t ime-vary ing s e a s o n a l contr ibut ion 

L, S m o o t h e d level that es t imates the t ime-vary ing m e a n term 

Tt S m o o t h e d trend that es t imates the t ime-vary ing s lope 

S,_j S m o o t h e d trend that es t imates the t ime-vary ing s e a s o n a l contr ibut ion for one of 

the p s e a s o n s (j=0,...,p-1) 

T h e addi t ive H W mode l (Equat ion 17) can be e x p r e s s e d a s an A R I M A ( 0 , 1 ,p+1 )(0,1,0) p w h e r e a s 

the mult ipl icat ive H W mode l canno t be e x p r e s s e d a s an A R I M A m o d e l . No te that the 

c o m p o n e n t s of the mult ipl icat ive H W mode l (Equat ions 13-15) a re not the s a m e as the 

c o m p o n e n t s of the addi t ive H W mode l . Further, in the addit ive H W mode l the s u m of the 

s e a s o n a l terms is ze ro whi le in the mult ipl icat ive H W mode l the a v e r a g e of the s e a s o n a l terms is 

one . M o d e l s we re c rea ted for one bed room d e m a n d and two/three b e d r o o m d e m a n d . T w o and 

three b e d r o o m s were c o m b i n e d into a s ing le mode l s i nce the H W algor i thms require non-zero 

e lemen ts and there were many ze ro va lue days for the three bed room t ime-ser ies . 

T o determine start ing va lues of the trend componen t , S A S sof tware a l lows ei ther a constant 

es t imate , l inear trend es t imate , or quadrat ic t rend es t imate of the start ing va lue . A t the resort 

s tud ied, the constant t rend est imate prov ided the lowest M S E for one-s tep a h e a d fo recas ts . 
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Further, in the H W mode l es t imated for the resort, the s e a s o n a l term is actual ly the product of two 

terms. T h e first s e a s o n a l term is a week ly term, thus there are 52 s e a s o n a l w e e k parameters . 

T h e s e c o n d s e a s o n a l term is a day of w e e k term, thus there are s e v e n day of w e e k paramete rs . 

A s a result, there are 364 (52X7) un ique s e a s o n a l factors der ived f rom 59 (52+7) s e a s o n a l 

pa ramete rs . T h e mult ipl icat ive H W parameter es t imates for the entire four year s a m p l e (separate 

mode l s for one bed room a s wel l a s two/three bed rooms) are s h o w n in A p p e n d i x B whi le the 

s u m m a r y mode l resul ts are s h o w n be low in Tab le 2. T h e H W paramete r es t imates c a n be 

c o m p a r e d direct ly to the normal ized room night va lues of the past s e a s o n (F igure 1A and F igure 

1B) . T h e H W week l y parameters c a n be s e e n to be quite s imi lar to the norma l i zed week l y va lues 

a l though not a s ex t reme in high per iods , whi le the H W dai ly pa ramete rs have more var iat ion than 

norma l i zed dai ly d e m a n d va lues . 

Table 2: Long- te rm Hol t -Winters mult ipl icat ive mode l resul ts (May 15, 1998 to Apr i l 29 , 2002) 

Model Type of 
model 

#of 
parameters 

C lasses of 
parameters 

R* #of 
observations 

1 bed room Hol t -Winters 
mult ipl icat ive 

62 • Smoo th ing 
parameters (3) 

• D a y of w e e k 
parameters (7) 

• W e e k l y parameters 
(52) 

.57* 1,446 

2/3 
bed room 

Hol t -Winters 
mult ipl icat ive 

62 • Smoo th ing 
parameters (3) 

• D a y of w e e k 
parameters (7) 

• W e e k l y parameters 
(52) 

.57* 1,446 

T h e R 2 is calculated from 1 step-ahead forecasts for the entire sample period. 

3.5 Autoregress ive Integrated Moving Average (ARIMA) 

A sl ightly more comp lex t ime-ser ies app roach than either R W or H W for model l ing dai ly d e m a n d 

is an A R I M A (autoregress ive integrated mov ing average) mode l . A R I M A mode l s , as d i s c u s s e d 

prev ious ly , are mode l s desc r ibed in error-correct ion form. Genera l l y , da ta is d i f ferenced (often by 

year or by s o m e other s e a s o n a l per iod) to induce stationarity, and then the pattern of m o v e m e n t 

a round the m e a n term is es t imated . T h e pattern of movemen t about the m e a n is es t imated us ing 

po lynomia l b a s e d mode ls . Po lynomia l b a s e d mode ls are effect ive s i nce they a l low a large 

amount of var iat ion in the weight ing of past observa t ions by us ing a m in imum number of 

pa ramete rs . For e x a m p l e , a smal l number of parameters in the numerator and denomina to r of 
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the error structure (right hand s ide of an A R I M A speci f icat ion) c a n interact to form a comp lex 

weight ing pattern that c a n be app l ied to an infinite number of observa t ions . 

T h e p r o c e s s of est imat ing an A R I M A mode l c a n be desc r i bed a s ana lyz ing the res idua ls (error 

terms) of a t ime-ser ies p r o c e s s and add ing appropr ia te pa ramete rs until there is no longer a 

sys temat i c componen t in the res idua ls . O n c e the sys temat i c componen t (or s ignal) has b e e n 

suff iciently mode l l ed , the new res idua ls are sa id to have been reduced to whi te no ise . Wh i t e 

no ise m e a n s a s tochas t ic p r o c e s s with m e a n zero . A R I M A mode l s are not automat ic 

( independent of mode l le r j udgement and speci f icat ion) as they require the mode l le r to a n a l y z e 

autocorre la t ion, inverse autocorre la t ion, and partial corre lat ion plots of the error te rms in order to 

de termine appropr ia te A R I M A parameters . A s ment ioned , parameters are d e e m e d appropr ia te if 

they are stat ist ical ly s igni f icant (i.e. s ignif icant t-statist ics at a 9 5 % level of con f idence) and 

genera l ly a d d e d until the res idua ls a re d e e m e d to be whi te no ise (as tested by ch i - square 

stat ist ics at a 9 5 % level of con f idence) . S i n c e the A R I M A p r o c e s s is s o f lexible, the s a m e 

weight ing funct ions can be ach ieved by a var iety of A R I M A spec i f i ca t ions . There fo re , pa rs imony 

is ex t remely va luab le in A R I M A mode l s , and the A k a i k e Information Cr i ter ion (A IC) is often u s e d 

to judge the appropr ia teness of different A R I M A spec i f ica t ions (and w a s the object ive used in 

model l ing A R I M A mode ls of dai ly d e m a n d for the resort s tudied). 

T h e strength and w e a k n e s s of A R I M A mode ls is that they are often ab le to capture patterns not 

immediate ly apparent to the researcher . In the best i ns tances , they a l low d i scove ry of new data 

patterns and h e n c e prov ide better fo recas ts of future observa t ions . In the worst i ns tances , they 

result in a mode l that canno t be interpreted or a mode l that has s imp ly overfit the s a m p l e da ta . 

Overf i t mode ls are over ly comp lex and do not prov ide better fo recas ts than s imp le r more 

interpretable mode ls . In spi te of A R I M A mode l reservat ions , t hese mode l s have been used 

ex tens ive ly in f inancia l ana lys is (e.g. predict ion of s tock market data) and are often c o m b i n e d with 

economet r i c mode l s to further spec i fy the error te rms genera ted by a r e g r e s s i o n - b a s e d ana lys i s . 

T w o different A R I M A mode l s (one, two/three bed rooms) were spec i f ied for the resort. Th ree 

bed room data w a s comb ined with two bed room data as an A R I M A mode l built on three bed room 

data mode l a lone did not prov ide good es t imates due to m a n y ze ro va lues . In fact, a two/three 

bed room mode l prov ided better es t imates than the s u m of an independent two bed room mode l 

and a three bed room mode l . T h e resul ts of the f inal A R I M A mode ls were favourab le in that few 

paramete rs were requi red; the one bed room mode l required only s e v e n parameters ( including 

m e a n term) and the two/three bed room mode l required six pa ramete rs . T h e two mode l s c a n be 

desc r ibed as ARIMA(2,0,2)(1,0,0) 7 (1,1,0 ) 3 6 4 and ARIMA(3 ,0 ,1 )(1,0,0) 7(0,1,1 ) 3 6 4 respect ive ly . T h e 

paramete r es t imates of the one bed room mode l are s h o w n in Equa t i ons 18 and the paramete r 
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est imates of the two bed room mode l are s h o w n in Equat ion 19. P a r a m e t e r es t imate detai l and 

mode l fit stat ist ics s h o w n in A p p e n d i x C . It shou ld be noted that negat ive fo recas ts were 

rep laced with ze ro for all A R I M A fo recas ts . 

(1 -5 3 6 4 )F , =28.939 + 

(\-B3M)Yt = 

1-.2095 2 +.U6B4 

(1 - .8755 +. 1185 3 )(1 - . 175B1 )(1 + .38 IB364) t 

(1-.9215X1-.4685 3 6 4 ) 
(1 -1.8685 +1.04452 - . 16953)(1 - .0945 7) 

where: 
y, 

B 
Observation at time t 

Backward shift operator (e.g. (1 -B 2 )y t = y t — y t-2) 

Random disturbance (error) at time t 

(18) 

(19) 

3.6 Linear Regress ion (LR) 

L inear regress ion is a c o m m o n cor re la t ion-based statist ical techn ique that has at least one input 

var iab le , a n d ca l cu la tes coef f ic ients for e a c h input var iab le s o that the m o d e l es t ima te ( response 

var iab le) is a l inear combina t ion of the input va r iab les . If a l inear combina t ion of da ta inputs is not 

appropr iate, often the var iab les c a n be t ransformed s o that es t imates are still poss ib le within a 

l inear regress ion f ramework (e.g. taking logs of the data or tak ing z - s c o r e s of the data). For 

univar iate t ime se r ies da ta , the model le r often c rea tes sepa ra te binary input var iab les to spec i fy 

mutual ly exc lus i ve s e a s o n a l per iods . For e x a m p l e , if a mode l le r wan ted to ca lcu la te reg ress ion 

coef f ic ients for 12 per iods (months) within a dataset , s h e m a y c rea te 11 n e w input var iab les (one 

month be ing the default month to prevent perfect col l ineari ty a m o n g input var iab les) . In this 

e x a m p l e , a spec i f i c month ly input var iab le (say February) wou ld be one if the observa t ion w a s 

taken from this month , and ze ro o therwise. In this manner , e a c h observa t ion wou ld have at most 

one month ly var iab le that w a s non-zero . 

T o cont inue the e x a m p l e , a s s u m i n g posi t ive observa t ions , if J a n u a r y w a s taken to be the default 

month , the ca lcu la ted regress ion coeff ic ients for the other 11 months c a n be interpreted a s the 

di f ference be tween the spec i f ied month and Janua ry . If the coeff ic ient for Feb rua ry w a s posi t ive, 

then the expec ted s e a s o n a l impact of February on obse rved data va lues wou ld be h igher than 

that for Janua ry . Conve rse l y , if the coeff ic ient for February w a s negat ive, one wou ld expec t lower 

o b s e r v e d va lues for February than that of Janua ry . In this manner , b inary var iab les were c rea ted 

to represent spec i f i c s e a s o n a l per iods for the resort. 
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T h e resort m a n a g e r s prov ided 13 different per iods they v iewed a s distinct. S a m p l e per iods 

inc luded s e v e n winter per iods (winter is def ined as all da tes in wh ich the sk i hill is open for 

downhi l l sk i ing) and s ix s u m m e r per iods. A per iod cou ld be def ined both by hard dates (e.g. 

D e c e m b e r 20 to J a n u a r y 4 - Holiday Period) and soft da tes (e.g. F r iday prior to Pres iden t ' s D a y 

to the fol lowing Sa tu rday - President's Week). B inary var iab les we re inc luded in the input 

dataset to represent these per iods (e.g. the binary var iab le for President's Week is one if an 

observa t ion fal ls within that w e e k and ze ro otherwise) . T h e 13 per iods were broken down further 

by spec i fy ing w e e k s within per iods and the regress ion w a s run to s e e if the addi t ional pa ramete rs 

were signif icant at a p=.05 leve l . In this w a y per iods were further s e g m e n t e d or c o m b i n e d until 

e a c h parameter w a s signif icant. 

T h e f inal o n e b e d r o o m m o d e l con ta ined 2 6 s e a s o n a l per iod pa rame te rs wh i le the f inal two 

bed room mode l inc luded 29 s e a s o n a l per iod parameters . T h e data w a s a l so part i t ioned by day 

of week , with a sepa ra te parameter for e a c h day of the w e e k if s igni f icant at a p=.05 leve l . T h e 

final one bed room mode l con ta ined one day of w e e k parameter whi le the f inal two b e d r o o m 

mode l con ta ined two day of w e e k parameters . Next , partit ions for day of w e e k s e a s o n a l per iod 

interact ions were c rea ted . After s o m e test ing, only a w e e k e n d - s e a s o n a l per iod interact ion 

(weekend def ined a s a Fr iday or Sa tu rday night) w a s found to be signif icant and for only s o m e of 

the s e a s o n a l per iods . T h e final one bed room mode l con ta ined nine w e e k e n d per iod interact ion 

pa ramete rs whi le the final two bed room mode l con ta ined only one w e e k e n d per iod interact ion 

parameter . F inal ly , the mode l inc luded a year term to capture b r o a d - b a s e d year ly t rend. 

A l inear regress ion w a s not appropr ia te to mode l three bed room d e m a n d a s it wou ld lead to 

heteroskedast ic i ty s i nce smal l count da ta violate the assumpt ion of normal i ty n e c e s s a r y for l inear 

reg ress ion . O n e and two b e d r o o m s , on the other h a n d , h a v e count da ta that a re large e n o u g h to 

adequa te ly approx imate a norma l distr ibution. In order to o v e r c o m e the heteroskedast ic i ty 

p rob lem inherent in sma l l count da ta a P o i s s o n regress ion mode l w a s used to mode l three 

bed room d e m a n d . P o i s s o n regress ion emp loys a q u a s i - m a x i m u m l ikel ihood techn ique wh ich 

f inds condi t ional probabi l i t ies b a s e d on va lues of the exp lanatory var iab le (see Woo l r i dge , 1999 

for a full d i s cuss i on of P o i s s o n regress ion ana lys is ) . Essent ia l l y , the benefi t of us ing a P o i s s o n 

distr ibution is that it c a n be fully desc r ibed by the m e a n term a lone , and this is exp lo i ted to form a 

log- l ikel ihood funct ion in order to ca lcu la te parameter es t imates . Mathemat ica l l y , the probabil i ty 

that d e m a n d equa l s a spec i f i c va lue (condit ional on input var iab les is s h o w n in Equat ion 20) . 

Interpretation of the paramete r es t imates t hemse l ves is quite s imi lar to l inear reg ress ion . 

Howeve r , rather than the xB te rms predict ing y direct ly as in l inear reg ress ion , exp(x/?) predicts y 

in a P o i s s o n reg ress ion . 
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P(y = k\x) = exp[-exp(xfi)][exp(xfi)f/k\ (20) 

where: 

y three bed room d e m a n d 

k va lue for three bed room d e m a n d (k = 0,1,.. .) 

P input da ta coef f ic ients 

x da ta input va lues (i.e. s e a s o n a l b inary var iab les) 

T h e input da ta for the P o i s s o n regress ion w a s very s imi lar to the input da ta for the l inear 

reg ress ion . T h e final mode l inc luded 20 s e a s o n a l per iod pa ramete rs , 1 day of w e e k parameter , 

and 8 w e e k e n d per iod interact ion parameters . Fur thermore, no year ly t rend in the number of 

units booked w a s o b s e r v e d for the three bed room mode l s o no year ly t rend componen t w a s 

inc luded in the mode l . T h e l inear regress ion and P o i s s o n regress ion resul ts for the in -samp le 

per iod are s h o w n in Tab le 3^ with detai led parameter es t imates and mode l fit stat ist ics for the one 

and two bed room mode l s shown in A p p e n d i x D, and the parameter es t imates and mode l fit 

stat ist ics for the three bed room mode l shown in A p p e n d i x E . 

Table 3 : Long- te rm l inear regress ion mode l results (May 15, 1998 to Apr i l 29 , 2002) 

Model Type of 
model 

#of 
parameters 

C lasses of parameters R z #of 
observations 

1 bed room L inear 
regress ion 

38 • G e n e r a l intercept (1) 
• Pe r iod intercepts (26) 
• D a y of w e e k 

intercepts (1) 
• D e m a n d trend (1) 
• W e e k e n d per iod 

interact ions (9) 

.77 1,446 

2 bed room L inear 
regress ion 

37 • G e n e r a l intercept (1) 
• Per iod intercepts (32) 
• D a y of w e e k 

intercepts (2) 
• D e m a n d trend (1) 
• W e e k e n d per iod 

interact ions (1) 

.72 1,446 

3+ 
bed room 

P o i s s o n 
regress ion 

29 • Per iod intercepts (20) 
• D a y of w e e k 

intercepts (1) 
• W e e k e n d per iod 

interact ions (8) 

.30* 1,446 

Minimizing S S E (sum of square errors) is not the objective function of a Poisson regression; however, a 
linear regression was run with the same parameters to get an approximate R 2 . 
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3.7 Non-Linear Regress ion (NL) 

T h e most important dec is ion to be m a d e with respect to a cus tom ized long-term mode l w a s an 

appropr ia te funct ional form that wou ld spec i f ica l ly capture the resort 's d e m a n d si tuat ion (rather 

than s a y a more automat ic mode l such a s a H W model ) . Initially it had been thought that d e m a n d 

a s a pe rcen tage of capac i ty m a y be a good m e a s u r e of d e m a n d . O v e r the four year per iod for 

wh ich data had been prov ided, the lodging capac i ty had i nc reased e a c h year in roughly a l inear 

t rend. Howeve r , the obse rved o c c u p a n c y rates for those per iods we re not constant . W h a t w a s 

happen ing w a s that the number of units occup ied i nc reased w h e n capac i t y i nc reased , but not in 

the s a m e proport ion a s the inc rease in capac i ty . For ins tance, the h ighest d e m a n d per iod of the 

year , the N e w Y e a r ' s hol iday, wou ld genera l ly be c l o s e to capac i ty regard less of the abso lu te 

inc rease in capac i t y for the year . O n the other hand , s l ow shou lder per iods (e.g. ear ly M a y and 

ear ly N o v e m b e r ) s h o w e d a lmost no inc rease in d e m a n d year over year regard less of newly 

a d d e d capac i ty . O ther per iods , def ined a s mid to high s e a s o n , s h o w e d an i nc rease in d e m a n d 

year over year , but not in the s a m e proport ion a s the inc rease in capac i ty . A s a result, in an 

attempt to capture the id iosyncrat ic d e m a n d e lemen ts of the resort s tud ied, a non l inear 

regress ion mode l w a s es t imated with two c o m p o n e n t s (Equat ion 21) . 

UNITSday,year = DEMANDyear * SHAREday (21) 

DEMAND year = /?„ + YEAR (22) 

S H A R E d a y = f(seasonal period, day o f week, seasonal period day of week interaction) (23) 

SHARE day= 1 (24) 
1 + exp(-xp) 

where: 

/ ? input da ta coef f ic ients 

x data input va lues (i.e. s e a s o n a l b inary var iab les) 

T h e first componen t is an es t imate of the m a x i m u m potential dai ly d e m a n d in a g iven year 

(Equat ion 22 and s h o w n graphica l ly for one bed room units in F igure 2). T h e s e c o n d componen t 

is a logist ic funct ion that de te rmines the sha re of m a x i m u m dai ly d e m a n d (up to 100%) b a s e d on 

s e a s o n a l factors (Equat ion 23 and s h o w n graphica l ly for one bed room units in F igure 3). A 

logist ic funct ion is appropr ia te as a sha re of d e m a n d funct ion s ince it is bounded be tween ze ro 

and one (Equat ion 23 is e x p r e s s e d mathemat ica l ly in Equat ion 24). T h e 0 coef f ic ients a re thus 

es t imated s o that the l inear xfi te rms are ex t remely posi t ive in high d e m a n d per iods and 

ex t remely negat ive in low d e m a n d per iods . 
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Est imat ing dai ly d e m a n d a s a sha re of es t imated m a x i m u m potential dai ly d e m a n d w a s expec ted 

to prov ide a better es t imate of d e m a n d than d e m a n d a s a sha re of capac i ty . Th i s hypothes is w a s 

suppor ted by ana lyz ing data dur ing the four year s a m p l e per iod; i nc reases in year ly capac i t y 

often did not lead to a proport ionate inc rease in year ly d e m a n d . A logist ic sha re of d e m a n d 

componen t c rea tes a mult ipl icat ive s e a s o n a l componen t rather than an addi t ive s e a s o n a l 

componen t a s in l inear reg ress ion . A mult ipl icat ive mode l is more intuitive s i nce the variat ion in 

d e m a n d a m o n g s e a s o n a l per iods is l ikely to i nc rease with overal l year ly d e m a n d rather than 

s tay ing constant . S ta ted differently, an addi t ive mode l is b a s e d on the assump t i on that the 

di f ference in units occup ied be tween high and low d e m a n d per iods rema ins constant f rom year to 

year . A mult ipl icat ive mode l , on the other hand , is b a s e d on the assump t i on that the di f ference in 

units occup ied be tween high and low d e m a n d per iods is a proport ion of overal l m a x i m u m 

d e m a n d . In a mult ipl icat ive mode l , a s overal l year ly d e m a n d i nc reases , the di f ference in units 

occup ied be tween high and low d e m a n d per iods i nc reases . 

700 -, 

600 A 615 

500 A 

1 Bedroom 400 -
Unit 

Demand 

300 -J 

200 A 

100 A 

0 

'98/99 '99/00 '00/01 '01/02 '02/03 
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Figure 2: Es t ima ted m a x i m u m dai ly d e m a n d for one bed room units by year 
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Figure 3 : Pred ic ted sha re of m a x i m u m dai ly d e m a n d for one b e d r o o m units on se lec ted da tes in 
02 /03 (615 units = 100%) 

Th ree bed room d e m a n d , as ment ioned earl ier, had smal l count da ta (capaci ty l ess than 15 with 

an a v e r a g e number of occup ied units less than 3). S imi la r to l inear reg ress ion , a nonl inear 

regress ion wou ld have had heteroskedast ic i ty p rob lems with s u c h count da ta . A s a result, the 

s a m e three b e d r o o m P o i s s o n regress ion es t imates that we re c o m b i n e d with l inear reg ress ion 

es t imates were c o m b i n e d with nonl inear regress ion es t imates for aggrega te d e m a n d es t imates . 

T h e input var iab les for the non l inear regress ion mode l be long to the s a m e ca tegor ies of input 

va r iab les inc luded in the l inear reg ress ion m o d e l : s e a s o n a l per iod pa ramete rs , day of w e e k 

paramete rs , s e a s o n a l per iod w e e k e n d interaction parameters , and a year ly t rend parameter . T h e 

d i f ference is that all the inputs exc lud ing the year ly trend input we re inc luded in a logist ic funct ion 

(Equat ion 23) that w a s then c o m b i n e d with a year ly d e m a n d funct ion b a s e d on year . T h e final 

one b e d r o o m logist ic funct ion con ta ined 32 s e a s o n a l per iod pa ramete rs , 2 day of w e e k 

paramete rs , and 9 w e e k e n d per iod interaction pa ramete rs . T h e final two bed room logist ic 

funct ion inc luded 33 s e a s o n a l per iod pa ramete rs , 5 day of w e e k paramete rs , and 3 w e e k e n d 

per iod interact ion pa ramete rs . Non l inear mode l results are s h o w n in Tab le 4 whi le deta i led 
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parameter es t imates and mode l fit stat ist ics are s h o w n in A p p e n d i x F. Resu l t s of the three 

bed room P o i s s o n regress ion are s h o w n in A p p e n d i x E . 

Table 4: Long- te rm nonl inear regress ion mode l resul ts (May 15, 1998 to Apr i l 29 , 2002) 

Model Type of 
model 

#of 
parameters 

C lasses of 
parameters 

R #of 
observations 

1 bed room Non l inear 
regress ion 

4 5 • Per iod intercepts 
(32) 

• D a y of w e e k 
intercepts (2) 

• D e m a n d trend (2) 
• W e e k e n d per iod 

interact ions (9) 

.82 1,446 

2 bed room Non l inear 
regress ion 

4 3 • Pe r iod intercepts 
(33) 

• D a y of w e e k 
intercepts (5) 

• D e m a n d trend (2) 
• W e e k e n d per iod 

interact ions (3) 

.78 1,446 

3+ 
bed room 

P o i s s o n 
regress ion 

29 • Per iod intercepts 
(20) 

• D a y of w e e k 
intercepts (1) 

• W e e k e n d per iod 
interact ions (8) 

.30* 1,446 

*Minimizing SSE (sum of square errors) is not the objective function of a Poisson regression; however, a 
linear regression was run with the same parameters to get an approximate R 2. 

3.8 Long-Term Model Compar ison 

T h e long-term mode l s we re c rea ted to fo recast d e m a n d more than 90 d a y s prior to a target date . 

A s a result, the f ive long-term mode ls ( R W , H W , L R , A R I M A , NL ) we re c o m p a r e d within an in-

s a m p l e per iod a s wel l as within an out of s a m p l e per iod. Appropr ia te funct ional fo rms for all long-

term mode ls were const ruc ted us ing the entire four year s a m p l e . T h e mode l es t imates we re then 

forecast out for year 4 within s a m p l e and the resul ts c o m p a r e d . For the L R and N L mode l , the 

entire s a m p l e w a s u s e d to ca lcu la te parameter es t imates (input coef f ic ients) and these s a m e 

coef f ic ients we re u s e d for the in -samp le fo recas ts . T h e H W and A R I M A mode l s a l so u s e d the 

entire four year s a m p l e to determine mode l structure (e.g. number and type of pa ramete rs for the 

A R I M A mode ls ) . Howeve r , pa ramete r es t imates for these mode l s vary by day , s o the es t imates 

for year 4 we re b a s e d on data up to year 3 and then forecast out for year 4 . R W is not b a s e d on 

any mode l , and d e m a n d es t imates we re s imp ly taken from 364 days prior. 
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T h e results of the f ive mode l s in the in -samp le per iod are s h o w n in T a b l e 5. T h r e e different error 

m e a s u r e s are s h o w n : M S E (mean squa re error), M d A P E (median abso lu te pe rcen tage error), 

and C u m R A E (cumulat ive relat ive abso lu te error). For the in -samp le per iod , the N L mode l is 

s h o w n to be super io r on all error m e a s u r e s a l though A rms t rong & C o l l o p y sugges t C u m R A E is 

the mos t robust error metr ic for mode l compar i son in this ins tance. A C u m R A E va lue of .738 

ind icates that the N L mode l conta ins 7 3 . 8 % of the cumula t ive error of the R W method , thereby 

indicat ing a 2 6 . 2 % improvement over R W . A C u m R A E va lue of 1.356 for the H W mode l ind icates 

es t imates that are 3 5 . 6 % more inaccurate than R W . 

Table 5: In-sample long-term mode l c o m p a r i s o n s (April 28 , 2001 to Apr i l 27 , 2002) 

Model M S E C u m R A E M d A P E 
R a n d o m walk ( R W ) 12,711 1.000 2 5 . 7 % 
Non l inear regress ion (NL) 6 ,333 .738 2 0 . 4 % 
A R I M A 10,431 .993 3 1 . 8 % 
Hol t -Winters mult ipl icat ive (HW) 22 ,175 1.356 3 7 . 5 % 
L inear regress ion (LR) 9 ,113 .992 3 3 . 9 % 

T h e mode ls were a lso c o m p a r e d out of s a m p l e . S i n c e long-term es t imates are fo recas ts more 

than 90 d a y s prior to a target date, the mode ls fo recast d e m a n d more than 90 d a y s after the last 

date of i n -samp le da ta (April 29 , 2002) . A s a result the out of s a m p l e per iod w a s Ju ly 29 , 2002 to 

N o v e m b e r 30 , 2002 and the resul ts are s h o w n in Tab le 6. A s c a n be s e e n in Tab le 6, the N L 

mode l is still super ior , but by a m u c h narrower margin of improvement (3.3%) than in -samp le 

(26.2%). A s at D e c e m b e r 1, 2002 the resort unexpec ted ly lost 105 units of capac i ty due to a 

hotel property swi tch ing reservat ion m a n a g e m e n t provider. A s a result, the assump t i on 

under ly ing the N L and L R mode l s w a s v io la ted, and the quali ty of es t imates signi f icant ly 

deter iorated. T h e loss of capac i ty a l so i nc reased the error in the other long- term forecast ing 

me thods (see M d A P E m e a s u r e s ) but s ince the other me thods we re not b a s e d on an inc reas ing 

year ly trend in d e m a n d they we re not a s adve rse l y af fected. T h e out of s a m p l e per iod post 

D e c e m b e r 1, 2002 is s h o w n in Tab le 7. In this per iod, the R W method is far super ior to other 

long-term methods ; providing a m in imum 3 8 % improvement over all other long-term mode l s . 

Table 6: Out of s a m p l e long-term mode l c o m p a r i s o n s (July 29 , 2002 to N o v e m b e r 30, 2002) 

Model M S E C u m R A E M d A P E 
R a n d o m walk ( R W ) 10,987 1.000 2 3 . 1 % 
Non l inear regress ion (NL) 7,187 .967 3 0 . 8 % 
A R I M A 9,932 1.098 3 2 . 0 % 
Hol t -Winters mult ipl icat ive ( H W ) 24 ,273 1.610 3 5 . 6 % 
L inear regress ion (LR) 10 ,475 1.398 7 2 . 0 % 
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Table 7: Out of s a m p l e long-term mode l c o m p a r i s o n s ( D e c e m b e r 1, 2002 to J a n u a r y 2 2 , 2003) 

Model M S E C u m R A E M d A P E 
R a n d o m walk ( R W ) 3 ,325 1.000 13 .8% 
Non l inear regress ion (NL) 11,176 1.698 2 8 . 5 % 
A R I M A 5,269 1.377 2 7 . 3 % 
Hol t -Winters mult ipl icat ive (HW) 37 ,106 3 .033 3 5 . 6 % 
L inear regress ion (LR) 8 ,580 1.667 2 6 . 0 % 
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4 S H O R T - T E R M M O D E L S 

Mos t papers on hotel forecast ing emp loy one of two a p p r o a c h e s : a long-term forecast or a short-

term forecast . T h e long-term forecast u s e s past yea rs ' da ta on dai ly o c c u p a n c y to predict dai ly 

o c c u p a n c y in the future. Long- term fo recas ts ignore the bui ldup of book ings for da tes in the 

future (they are not ad justed for actual book ings to date). Shor t - term fo recas ts , on the other 

hand , a n a l y z e the bui ld-up of book ings for a s ing le future date (target date) , and then project final 

d e m a n d for that target date b a s e d on actual book ings to date. S o m e short- term fo recas ts treat 

target da tes in isolat ion, ignor ing the final o c c u p a n c y f igures of yea rs past whi le others integrate 

both actual book ings to date a s wel l a s final o c c u p a n c y f igures f rom years past . Th is paper 

a n a l y z e s integrative short- term fo recas ts a s they u s e all ava i lab le information and will be s h o w n 

to prov ide better es t imates than either mode ls b a s e d entirely on past o c c u p a n c y data or mode ls 

b a s e d entirely on book ings to date. T h e two short- term me thods to be s tud ied inc lude addi t ive 

p ickup ( A P ) and a cus tom ized book ing curve ( B C ) mode l wh ich is b a s e d on a non- l inear mode l 

near ly ident ical to the long-term N L mode l . 

4.1 Addi t ive P ickup (AP) 

A P is a s imp le yet robust short- term forecast ing method wh ich automat ica l ly integrates prior year 

o c c u p a n c y data as wel l a s actual book ings to date. It can be thought of a s a deta i led random 

walk . T h e A P est imate for a target date is book ings to date plus expec ted p ickup. A P is used 

ex tens ive ly in the air l ine industry for forecast ing p a s s e n g e r p ickup (short-term p a s s e n g e r 

demand) ; for spec i f i c mode l spec i f ica t ions s e e Harr is & M a r u c c i , 1983 and L 'Heureux , 1986. 

Of ten a deviant of a direct A P method is used whe re an exponent ia l mov ing a v e r a g e of a subse t 

of f l ights' p ickup is used to predict p ickup for a current flight. T h e subse t of appropr ia te fl ights 

m a y be b a s e d on day of week , s e a s o n a l per iod, or operat ing env i ronment s u c h a s a fare sa l e . 

For the resort s tud ied , expec ted p ickup w a s def ined as the p ickup that w a s expe r i enced in the 

year prior (364 d a y s prior s o that the p ickup is f rom the s a m e day of w e e k and s e a s o n a l per iod). 

A s an e x a m p l e , s u p p o s e it is 15 d a y s prior to a target date of D e c e m b e r 20 , 2 0 0 3 and there are 

500 book ings to date. T o find the expec ted p ickup one wou ld look at last year ' s book ings for the 

target date D e c e m b e r 2 1 , 2 0 0 2 in the 15 day per iod prior to the target date; let's s a y there were 

300 book ings in that per iod. In this c a s e , the A P est imate for D e c e m b e r 20 , 2 0 0 3 is 8 0 0 (500 

book ings to date + 300 expec ted p ickup) . T h e one compl ica t ion that shou ld be ment ioned is that 

s o m e of the book ings to date will c a n c e l . T h e method used in this paper w a s to inc lude all 

cance l la t ions as part of the expec ted p ickup. For e x a m p l e , s u p p o s e the book ings to date Y d a y s 

prior to a target date were 500 . Further s u p p o s e that in the year prior, Y d a y s before the target 

date, 4 0 0 new book ings were m a d e in the Y day interval and 100 cance l la t ions were m a d e in the 
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Y day interval. T h e n there wou ld be an expec ted p ickup of 300 units (400 new book ings less 100 

cance l la t ions) . 

4.2 Book ing Curve Estimate (BC) 

In order to unders tand the B C es t imate it is important to exp lore the concep t of a book ing cu rve . 

T h e typical book ing curve (pattern of book ings over t ime) for a spec i f i c date in the future (target 

date) is genera l ly a c o n v e x curve, with the most book ings occur r ing in the w e e k immedia te ly prior 

to a target date (see F igure 4). 
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Cumulative 
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Lead time (0=90 days, 1=Target Date) 

0.80 0.90 1.00 

Figure 4: Typ ica l book ing cu rve (booking cu rve for target date of Ju ly 5, 2001) 

However , the book ing cu rve c h a n g e s in an abso lu te s e n s e (overal l number of book ings) and 

relative s e n s e (shape of book ing curve) depend ing on the t ime of year. H igh d e m a n d per iods 

genera l ly y ield book ing cu rves that are c o n c a v e with high overal l book ings whi le low d e m a n d 

per iods p roduce cu rves that are c o n v e x with low overal l book ings (see F igure 5 A and F igure 5B) . 

Reso r t hotels tend to d isp lay more seasona l i t y than bus iness-o r ien ted hotels and a s s u c h the 

var iat ion of book ing cu rves for a resort hotel tend to be larger than that of a b u s i n e s s hotel . 
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Figure 5A: L o w d e m a n d per iod - convex book ing curve (booking curve for target date of 
D e c e m b e r 6, 2001) 
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Figure 5B: H igh d e m a n d per iod - c o n c a v e book ing curve (booking cu rve for target date of 
D e c e m b e r 28 , 2001) 

26 



Th is paper ut i l izes an a p p r o a c h s imi lar to that used by R a j o p a d h y e et a l . (1999) in wh ich long-

term es t imates are u s e d to predict future d e m a n d , and these es t ima tes a re cont inual ly ad justed 

b a s e d on book ings to date. T h e p rocess to ach ieve the resort 's short - term book ing curve 

est imate is out l ined in F igure 6. 
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Figure 6: F lowchar t of fo recas t ing p rocess for booking cu rve shor t - term es t imate 

T h e short- term d e m a n d es t imate is a we igh ted ave rage of the long- term d e m a n d es t imate and 

the book ing cu rve project ion es t imate . T h e long-term est imate is der ived f rom a mode l b a s e d on 

final dai ly o c c u p a n c y f igures in yea rs past. In this paper the N L m o d e l is u s e d to p r o d u c e a long-

term est imate (al though theoret ical ly any of the long-term mode l s cou ld be used ) . T h e book ing 

curve project ion es t imate , on the other hand , is c o m p o s e d of two s teps . First , a base l i ne book ing 

curve mode l u s e s the pattern of book ings to date in year 's past to create expec ta t i ons of current 

book ings to date . S e c o n d , expec ted book ings to date and actua l book ings to da te a re input into 

an ad justment funct ion that c rea tes an est imate of final d e m a n d (book ing cu rve project ion 

est imate) . Final ly , a weight ing funct ion (based on lead t ime) c o m b i n e s the long- term es t imate 

and book ing cu rve project ion es t imate to c o m e up with the shor t - term d e m a n d es t imate . In this 

way , the short- term d e m a n d est imate is cont inual ly updated a s new book ings a re m a d e , ex ist ing 

book ings are cance l l ed , and the target date a p p r o a c h e s . 
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4.2.1 Booking curve baseline model 

T h e book ing cu rve base l ine mode l is s imi lar to the long-term N L mode l in its structure (two 

componen t non l inear regress ion for one and two b e d r o o m s and P o i s s o n regress ion for three p lus 

bed rooms) . However , rather than provide a s ing le point es t imate for a target date , the mode l 

prov ides an es t imate for e a c h of the 90 days prior to a target date a s wel l a s the target date itself. 

T h e major d i f ference be tween the short- term B C mode l and the long-term N L mode l is the 

inc lus ion of a lead t ime e lement . A lead t ime e lement e n a b l e s the mode l to accoun t for the 

inc rease in book ings a s the target date a p p r o a c h e s . T h e lead t ime e lement is a l so interacted 

with s e a s o n a l per iod binary var iab les s o that the s h a p e of the book ing cu rve c a n vary by per iod 

(i.e. c o n c a v e for high d e m a n d days and c o n v e x for low d e m a n d days ) . T h e lead t ime parameters 

a s wel l a s the lead t ime s e a s o n a l per iod interact ion parameters are captured in the logist ic 

componen t of the mode l . T h e logist ic funct ion for sha re of d e m a n d w a s used s ince it is a good 

representat ion of the book ing curve (see F igure 7). A n app roach ing target date is equ iva lent to 

fol lowing the logist ic curve f rom left to right for a spec i f ied interval. 

Share of Maximum 
Daily Demand (%) 

-5 -4 -3 -2 -1 0 1 2 3 4 5 
Transformed Date Values 

Figure 7: G e n e r i c logist ic cu rve 
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T h e left hand s ide of the logist ic funct ion c lose ly r e s e m b l e s the 90 -day book ing cu rve for most 

d a y s with a tradit ional c o n v e x build up ( imagine F igure 5 A s u p e r i m p o s e d on the left hand s ide of 

F igure 7). T h e right hand s ide of the logist ic funct ion c lose ly r e s e m b l e s a 90 -day book ing cu rve 

for a high d e m a n d day ( imagine F igure 5 B s u p e r i m p o s e d on the right hand s ide of F igure 7). 

There fo re , choos ing an appropr ia te intercept a long the logist ic funct ion for a spec i f i c target date 

(to mark the beg inn ing of a spec i f i c t ime interval) as wel l as inc luding lead t ime s e a s o n a l per iod 

interact ions prov ides a f lexible funct ional form to approx imate book ing cu rves for a spec i f i c target 

date and lead t ime. T h e large amount of var iat ion exp la ined by the book ing curve base l ine 

regress ion mode ls is e v i d e n c e of the appropr ia teness of the logist ic funct ional form within the 

nonl inear regress ion mode l (Table 8). T h e base l ine regress ion paramete r es t imates and mode l 

fit stat ist ics are s h o w n in A p p e n d i x G . 
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Table 8: Book ing cu rve base l ine regress ion mode l resul ts ( M a y 15, 1998 to Apr i l 29 , 2002) 

Model Type of 
model 

#of 
Parameters 

C lasses of parameters R 2 #of 
observations 

1 
bed room 

Non l inear 
regress ion 

112 • Pe r iod intercepts (57) 
• D a y of w e e k intercepts 

(5) 
• D e m a n d trend (2) 
• Lead- t ime e lemen ts (2) 
• Pe r iod lead- t ime 

interact ions (24) 
• W e e k e n d per iod 

interact ions (22) 

.84 131,586 

2 
bed room 

Non l inear 
regress ion 

8 5 • Per iod intercepts (47) 
• D a y of w e e k intercepts 

(5) 
• D e m a n d trend (2) 
• Lead- t ime e lemen ts (2) 
• Per iod lead- t ime 

interact ions (15) 
• W e e k e n d per iod 

interact ions (14) 

.82 131,586 

3+ 
bed room 

P o i s s o n 
regress ion 

80 • G e n e r a l intercept (1) 
• Per iod intercepts (50) 
• D a y of w e e k intercepts 

(5) 
• Lead- t ime e lemen ts (1) 
• Pe r iod lead- t ime 

interact ions (12) 
• W e e k e n d per iod 

interact ions (11) 

. 41 * 131,586 

Minimizing S S E (sum of square errors) is not the objective function of a Poisson regression; however, a 
linear regression was run with the same parameters to get an approximate R 2 . 

4.2.2 Booking curve adjustment 

E x p e c t e d book ings to date for a spec i f i c target date and l ead t ime from the book ing curve 

base l ine mode l is used a s a base l ine f igure to be c o m p a r e d with actual book ings to date. A 

book ing curve project ion of final d e m a n d (number of units d e m a n d e d at the target date w h e n lead 

t ime equa ls zero) is thus the expec ted book ings for the target date ad justed by a funct ion of the 

actual book ings to date. F ive different a p p r o a c h e s for a book ing curve project ion were 

a t tempted. T h e i dea w a s to adjust the project ion by an amoun t proport ional to the dev iat ion 

(actual l ess expec ted book ings) at a certain lead t ime (see A p p e n d i x H for ca lcu la t ions and 

notation for the first four app roaches ) . T h e fifth app roach w a s s o m e w h a t different in that it 

e m p l o y e d an A R I M A mode l to es t imate the pattern of book ing cu rve errors to date , and then 

projected that pattern to the target date. T h e resul ts of the A R I M A mode l were m ixed , and the 
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app roach w a s ult imately d i sca rded due to addi t ional complex i ty in computa t ion and 

implementat ion on resort (see A p p e n d i x I for resul ts of the A R I M A approach) . O f the f ive 

a p p r o a c h e s , the direct mult ipl icat ive app roach w a s the most straightforward a p p r o a c h and led to 

the greatest reduct ion in squa red error a l though all of the first four me thods prov ided very s imi lar 

improvements . In the direct mult ipl icat ive app roach , the book ing cu rve project ion resul ts f rom 

mult iplying the base l ine es t imate by the ratio of actual to expec ted book ings to date (see 

Equat ion 25). 

EBLT=0 = BCELT=y (25) 

where: 

ABLT=Y Actua l bookings to date Y days prior to the target date (lead time = Y ) 

EBLT=Y Expected bookings to date Y days prior to the target date (from baseline booking curve) 

EBLT=0 Expected bookings on the target date (from baseline booking curve) 

BCELT^Y Book ing curve estimate o f final demand at Y days prior to target date 

4.2.3 Short-term weighting function 

T h e short- term est imate is a we ighted ave rage of the book ing curve project ion and the long-term 

est imate . Econome t r i c l iterature prov ides m a n y e x a m p l e s of s i tuat ions w h e r e c o m b i n e d 

fo recas ts provide super ior resul ts to s ing le fo recas ts . In fact, c o m b i n e d fo recas ts will a lways be 

opt imal a s long as fo recas ts are unb iased (Min & Ze l lner , 1993). Howeve r , M in & Ze l lne r go on to 

prove that comb in ing b iased fo recas ts d o e s not necessa r i l y prov ide super io r fo recas ts . A s a 

result, a l inear regress ion mode l (no intercept) w a s used to c o m b i n e fo recas ts at e a c h lead t ime 

a s this w a s a method that wou ld min imize the s q u a r e d error regard less of whether or not b ias 

w a s present . Th is mode l a l lowed one est imate to be weighted be tween 0 % and 1 0 0 % depend ing 

on its contr ibut ion to M S E . In fact, b ias w a s l ikely for the short- term mode l g iven the under ly ing 

year ly trend in d e m a n d w a s l ikely to either overes t imate or underes t imate actual year ly d e m a n d , 

wh ich wou ld then b ias all dai ly es t imates . 

T h e short- term mode l weight c h a n g e s at different lead t imes s ince the error of the book ing curve 

project ion is not cons is tent a c r o s s lead t imes. Instead, book ing cu rve es t imates at long lead 

t imes (i.e. 90 days prior to a target date) have higher errors than book ing cu rve es t imates at short 

lead- t imes. Th i s is b e c a u s e book ing curve project ions at long lead t imes have fewer book ings to 

date in wh ich to m a k e a fo recast and must forecast further out. Long- te rm es t imates , on the 

other hand , do not vary b a s e d on book ings to date a s they are const ruc ted entirely f rom prior 
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yea rs ' da ta . F igure 8 c o m p a r e s the m e a n squa re error of long-term N L es t ima tes and short- term 

book ing cu rve project ion es t ima tes at different lead t imes over a three year i n - samp le per iod 

(May 14, 1999 to Apr i l 29 , 2002) . 

16,000 

14,000 

12,000 

MSE 

8,000 4 

4,000 J 

2,000 

- Long-term NL estimate 
Booking curve projection 

0.00 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 1.00 
Lead time (0 = 90 days, 1 • target date) 

Figure 8: M e a n squa re error of one bed room long-term N L es t ima tes and shor t - term book ing 
curve project ions at different lead t imes 

In order to integrate the t ime-dependent error of book ing curve project ions into better short- term 

es t imates , a weight ing funct ion is used to ba lance the contr ibut ion of long- term es t ima tes and 

book ing cu rve project ions. T h e weight ing funct ion be tween the long- term es t imate and the 

book ing cu rve project ion in this paper is s imi lar to the app roach taken to pro jected d e m a n d 

es t imates in R a j o p a d h y e et a l . (1999). Ra jopadhye et a l . update their weight ing funct ion b a s e d 

on the m e a n squa re error ( M S E ) of a short- term A R I M A forecast and M S E of a long- term A R I M A 

forecast . S i n c e short- term fo recas ts typical ly have smal le r M S E than d o long- term fo recas ts as 

the target date nears , the short- term fo recas ts are weighted more heavi ly c l o s e r to the target 

date. S im i la r to the M S E ratio ca lcu la ted in Ra jopadhye et a l . , the weight ing funct ion in this pape r 

is b a s e d on a l inear reg ress ion (no intercept) of the samp le d a y s (1,446 days ) at e a c h lead t ime 

(from 90 d a y s out to 1 day out) to determine the opt imal weight ing be tween long- term N L 

est imate and book ing cu rve project ion (see Equat ion 26 and Equa t ion 27) . 
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STELT=Y = aLT=YBCELT=Y + (1 - aLT=Y)LTE (26) 

ABIT_n — LTE 
aLT-Y = — (27) 

BCELT^Y — LTE 

where: 

ABLT=0 Ac tua l book ings on the target date (LT=0) 

STELT=Y Shor t - term est imate Y d a y s prior to target date 

BCELT=Y Book ing curve project ion Y days prior to target date 
L T E Long- te rm N L est imate (does not c h a n g e a c r o s s lead t imes) 

ccLT=Y R e g r e s s i o n weight ing parameter Y d a y s prior to target date 

O n c e the weight ing parameter , a l pha , w a s de termined for e a c h lead t ime, a lpha w a s es t imated 

a s a genera l funct ion of lead t ime (T) in order to remove any id iosyncrat ic effect that m a y have 

occur red at a spec i f i c lead t ime. A l p h a a s a genera l funct ion of lead t ime (T) exp la ined over 9 9 % 

of the var iat ion in the or iginal a lpha es t imates and h e n c e the genera l a lpha funct ion w a s used a s 

the weight ing for all short- term es t imates . S e e Equa t ions 28-30 for the genera l a lpha funct ions 

and F igure 9 A to 9 C for a graph ica l representat ion of the weight ing funct ion. F igure 10 is 

ident ical to the M S E reported in F igure 8 but with the addi t ion of the short- term est imate . A s c a n 

be s e e n from F igure 10, the short- term est imate prov ides much- improved fo recas ts a c r o s s all 

lead t imes. 
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a(l bedroom) = .1805 + .6476T - .5900T2 + .7A35T3 (28) 

d(2 _bedroom) = .2377 + .8530T - .5088T2 + .39817/3 (29) 

d(3_bedroom) = .332\ + .7028T-.\320T2 + .11027/3 (30) 

where: 
a Shor t - term es t imate weight ing parameter 

T L e a d t ime e x p r e s s e d be tween 0 a n d 1. Y days prior to a target da te ; T = (91-Y) /91 . 
There fo re , at Y=0; T=1, at Y=90; T=.011. 
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Figure 9B: T w o bed room weight ing funct ion for short-term es t imate 
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Figure 9C: Th ree plus b e d r o o m weight ing funct ion for short- term es t imate 
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Figure 10: M e a n s q u a r e error of one bed room long-term N L es t ima tes , shor t - term book ing cu rve 
project ions, and short- term book ing curve es t imates at different lead t imes 

4.3 Compar ing Short-Term Forecasts 

Tab le 9 c o m p a r e s short - term fo recas ts for the two short- term forecast ing m e t h o d s a s wel l a s the 

five long-term methods dur ing a 2 year in -samp le per iod. E a c h method w a s fo recas t out 90 d a y s 

and there w e r e s e v e n different 90 day fo recast per iods (630 days ) in the s a m p l e per iod (August 

6, 2 0 0 0 to Apr i l 27 , 2002) . There fo re , m e a n error m e a s u r e s are the m e a n errors a c r o s s 90 lead 

t imes a c r o s s s e v e n different forecast per iods. Concep tua l l y one might think of the med ian error 

m e a s u r e a s the error 4 5 d a y s prior to a target date for a typical f o recas t pe r iod . S i n c e e a c h d a y 

is cons ide red a sepa ra te da ta ser ies (due to the use of book ings to date), the M d A P E error 

m e a s u r e a s r e c o m m e n d e d by Arms t rong & Co l l opy (1992) is the mos t appropr ia te ( see Equat ion 

2 and Equat ion 4 for M d A P E calculat ion) . A s c a n be s e e n , the improvement of the B C method 

over the A P method is s igni f icant (29.4%). 
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Table 9: In-sample short- term mode l compa r i sons (August 6, 2 0 0 0 to Apr i l 27 , 2002 ) 

Model M S E M d C u m R A E M d A P E 
Models using complete stay information only: 
R a n d o m walk ( R W ) 12,882 1.00 3 1 . 2 % 
Non l inear regress ion (NL) 6,381 .69 2 1 . 1 % 
A R I M A 8 ,605 .84 2 7 . 0 % 
Hol t -Winters mult ipl icat ive ( H W ) 24 ,397 1.41 3 7 . 3 % 
L inear regress ion (LR) 8 ,255 .78 2 9 . 6 % 
Models using both complete stay information and bookings to date: 
Addi t ive p ickup (AP) 4,781 .57 1 7 . 7 % 
Book ing curve ( B C ) 3,180 .49 1 2 . 5 % 

T h e error of the s e v e n fo recas t ing methods a l so c h a n g e s a c r o s s lead t imes , with the two short-

term forecast ing methods prov id ing c lear ly super ior fo recasts c l ose r to the target date (see F igure 

11). Shor t - term fo recas ts we re not c o m p a r e d out of s a m p l e due to the t ime effort required and 

the min imal manager ia l benef i t g iven a capac i t y -s lack env i ronment . 

60% 

0% 
B C AP NL ARIMA LR RW HW 

Forecasting Method 

Figure 11: In-sample med ian abso lu te pe rcen tage error ( M d A P E ) for fo recas t ing me thods a c r o s s 
lead t imes 
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4.4 Book ing Curve Decis ion Support System 

A dec is ion-suppor t s y s t e m ( D S S ) b a s e d on the B C mode l (which w a s ca l ibrated us ing S A S 

stat ist ical sof tware) w a s built in Microsof t E x c e l s o that the resort cou ld ca lcu la te short- term 

es t imates in the current s e a s o n on an ongo ing bas i s . T h e D S S cons is t s of an input workshee t 

wh ich is l inked to the resort reservat ion m a n a g e m e n t sys tem that p rov ides the number of room 

nights booked to date (exc lud ing group and owner book ings) for the next 90 days by bed room 

type. T h e s e book ing f igures are automat ica l ly u s e d in B C mode l ca lcu la t ions (with appropr ia te 

va lues b a s e d on target date: s e a s o n a l per iod, day of week , year) to fo recast short- term d e m a n d 

es t imates e x p r e s s e d in the output workshee t (see F igure 12). T h e output page prov ides 

fo recas ts by bed room a s wel l as in aggrega te , and prov ides expec ted p ickup be tween book ings 

to date and final d e m a n d es t imates s o that m a n a g e r s c a n scrut in ize and monitor actual ve rsus 

expec ted p ickup. T h e D S S a lso has char ts of final d e m a n d es t imates and expec ted book ing 

cu rves that are automat ica l ly updated from the resort reservat ion s y s t e m . 

9 0 - D A Y S H O R T - T E R M E S T I M A T E S 

Date of data extract 09-Dec-02 
1 bedroom capacity 836 
2 bedroom capacity 147 
3 bedroom capacity . 27 
Total capacity 1,010 

Target Date 

Day of Week 
(1 = 

MONDAY) 

Lead 
Time 

(Days) 

TOTAL UNITS 

Target Date 

Day of Week 
(1 = 

MONDAY) 

Lead 
Time 

(Days) 

Long-Term 
Estimate (before 
booking data) 

Bookings1; 
to Date 

Short-Term 
Estimate 

Expected 
Pickup . 
(units) 

Forecast as % 
of capacity 

09-Dec-02 1 0 75 92 92 o 9% 
10-Dec-02 2 1 :; 75 79 84 5 8% 
11-Dec-02 3 2 75 96 107 11 11% 
12-Dec-02 4 3 77 121, 139 18 14% 
13-Dec-02 5 4 230 339 403 64 40% 
14-Dec-02 6 5 339 4.13 511 98 51% 
15-Dec-02 7 6 138 430 510 80 50% 
16-Dec-02 1 7 118 168 214 46 21% 
17-Dec-02 2 8 i t a l i ' 118 128 173 • •' .f"V45 17% 
18-Dec-02 3 9 .." 118 142 193 51 19% 

Figure 12: Port ion of dec is ion-suppor t s ys tem output page (data as at D e c e m b e r 9, 2002) 
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5 DISCUSSION 

For a hotel with f ixed capac i ty , Weather fo rd , K i m e s & Scot t (2001) found that four fo recast ing 

methods for hotel d e m a n d (exponent ia l smooth ing , mov ing ave rage , l inear reg ress ion , and 

addi t ive p ickup) per formed equa l ly wel l . In the c a s e of the resort s tud ied, with inc reas ing year ly 

capac i ty , this w a s certa in ly not the c a s e . Fo r long- term fo recas ts , a s s u m i n g s tab le year ly t rend, 

the non l inear regress ion w a s sl ightly super ior to the random walk me thod , and c lear ly super io r to 

the A R I M A , l inear reg ress ion , and mult ipl icat ive Hol t -Winters mode l s . Further, in a si tuat ion of a 

downward capac i t y shock , as w a s expe r i enced at the resort on D e c e m b e r 1, 2 0 0 1 , random walk 

w a s c lear ly super io r to all other long-term mode l s . T o genera l i ze to other resort lodging 

propert ies, g iven a predic tab le year ly t rend in d e m a n d , a nonl inear reg ress ion mode l is 

r e c o m m e n d e d . T h e per fo rmance of an A R I M A mode l w a s a l so quite good in both capac i t y 

s i tuat ions (predictable and unpredic tab le capac i ty ) whi le the per fo rmance of a l inear regress ion 

mode l and mult ipl icat ive Hol t -Winters mode l we re c lear ly inadequate in all capac i t y s i tuat ions. In 

terms of short- term d e m a n d forecast ing, a book ing curve mode l a s d e v e l o p e d in this paper 

per formed very wel l in -sample and c a n only be a s s u m e d to be the c a s e in an out of s a m p l e 

sett ing with p red icab le capac i ty . 

In te rms of manager ia l impl icat ions, this paper has bas ica l ly g iven suppor t to the resort 

m a n a g e m e n t ' s pract ice of random walk for long-term fo recas ts and addit ive p ickup for short- term 

fo recas ts . Non l inear regress ion long-term mode ls and short- term book ing cu rve mode l s prov ide 

marg ina l improvements in the resort 's d e m a n d forecast ing g iven a predic tab le capac i t y 

env i ronment or an upward d e m a n d shock . However , g iven the resort has a large amount Of 

capac i t y s lack , more accura te d e m a n d fo recas ts will l ikely have a smal l impact on lodging 

opera t ions . Rather , the resort shou ld revisit t hese mode ls if capac i ty b e c o m e s s t ra ined. If sel l 

outs b e c o m e more frequent then d e m a n d forecast ing a c c u r a c y b e c o m e s m u c h more important. 

Fur thermore , the book ing curve mode l c a n be adjusted sl ightly to prov ide uncons t ra ined d e m a n d 

es t imates by arr ival date. Uncons t ra ined d e m a n d es t imates by market segmen t , length of stay, 

and arrival date are crit ical inputs into intell igent revenue m a n a g e m e n t dec i s i ons dur ing per iods 

of cons t ra ined capac i ty . 

A c o m p a r i s o n of the mode l s b a s e d on fo recast a c c u r a c y a lone is probab ly insuff icient for a 

comp le te eva luat ion of mode l e f fec t iveness. G i v e n that the mode l s are u s e d in a b u s i n e s s 

context , the insight that the mode ls m a y s h e d on the lodging env i ronment is an important 

m a n a g e m e n t cons idera t ion . T h e A R I M A m o d e l s , wh i le prov id ing decen t f o recas ts (espec ia l ly 

short- term), are near ly uninterpretable. E v e n if the A R I M A equat ions (Equat ions 18-19) were 

e x p r e s s e d a s a weight ing of past observa t ions , the di f ferencing of the data and long t ime-span 

required m a k e m a n a g e m e n t insight f rom these mode l s very unl ikely. T h e R W m o d e l s , on the 
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other hand , a re very straightforward to unders tand and have prov ided very good predic t ions. 

Unfortunately, other than provid ing a good est imate of d e m a n d in the current per iod, it is difficult 

to dec iphe r how m u c h of the R W est imate is due to a sys temat i c s e a s o n a l c o m p o n e n t and how 

m u c h is due to random flux. T h e H W mode l is very good in this regard a s it expl ici t ly mode l s the 

sys temat i c per iod c o m p o n e n t a n d interpretat ion of t hese per iods is st ra ight forward. For e x a m p l e , 

one need only to mult iply the appropr ia te w e e k of the year parameter by day of w e e k paramete r 

to s e e how that day c o m p a r e s to the ave rage day (1.00) or any other day of the year . 

Unfortunately, the H W mode l l ikely s impl i f ies too m u c h as the day of the w e e k effect is not 

constant throughout the year and grouping the year by chrono log ica l w e e k m i s s e s important 

events that s p a n less than one w e e k s u c h a s Pres iden t ' s day , N e w Y e a r s , and w e e k e n d fest iva ls . 

T h e simpl ic i ty of the H W mode l , whi le readi ly interpretable, is l ikely respons ib le for its poor 

forecast ing pe r fo rmance (espec ia l ly long-term forecasts) . 

L R , N L , and B C me thods expl ici t ly mode l all s e a s o n a l c o m p o n e n t s (per iod, day of week , year ly 

t rend, interact ions be tween per iod and day of week ) and l ikely str ike the best ba l ance be tween a 

straightforward interpretation and a level of sophis t icat ion that p rov ides good es t imates . Al l three 

of t hese mode l s have stat ist ical ly tested the s ign i f icance of s e a s o n a l per iods and thus prov ide a 

rel iable b a s e f rom wh ich m a n a g e m e n t can v iew per iods a s be ing truly dist inct. In the 

deve lopmen t of these mode ls , m a n a g e m e n t c la imed to v iew the lodging s e a s o n as 13 dist inct 

per iods (6 s u m m e r per iods and 7 winter per iods) . T h e s e 13 per iods we re u s e d a s the start ing 

point for t hese mode l s but the predictabi l i ty of FIT d e m a n d has a l lowed further ref inement of 

t hese or iginal 13 per iods into a s m a n y as 57 dist inct per iods in the c a s e of the B C one b e d r o o m 

mode l . Further ref inement of d e m a n d per iods shou ld be very helpful for m a n a g e m e n t as it se ts 

rate targets and m a n a g e s expecta t ions of s e a s o n a l d e m a n d . 

F igure 1 3 A and F igure 13B s h o w the original 13 per iods as def ined by resort m a n a g e m e n t , and a 

further ref inement of t hese per iods a s def ined by the N L one bed room mode l . Both f igures s h o w 

the a v e r a g e dai ly d e m a n d (averaged by w e e k or per iod, wh i cheve r w a s smal le r ) in the 01 /02 

s e a s o n . T h e bold red d a s h e d l ines indicate the or iginal 13 per iods def ined by resort 

m a n a g e m e n t and the b lack d a s h e d l ines represent sub -pe r iods within the or ig inal 13 per iods . A s 

ev i denced by v isua l inspect ion, the addi t ional per iods do s e e m to d iscr iminate truly different 

d e m a n d leve ls within the original per iods . A s wel l , the weekend -pe r i od interact ion parameters 

and day of w e e k paramete rs of the B C , N L , and L R mode ls shou ld further a id m a n a g e m e n t in 

sett ing rates by day of w e e k within larger s e a s o n a l per iods . 
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Figure 13A: A v e r a g e FIT dai ly d e m a n d in 01 /02 s u m m e r s e a s o n and co r respond ing s e a s o n a l 
per iod c lass i f icat ion by w e e k 
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Figure 13B: A v e r a g e FIT dai ly d e m a n d in 01 /02 winter s e a s o n and co r respond ing s e a s o n a l 
per iod c lass i f icat ion by w e e k 

B e y o n d s e a s o n a l per iod c lass i f ica t ion, the B C mode l p rov ides m a n a g e m e n t with expec ted 

book ing cu rves for any target date. Th is shou ld prove a useful c o m p l e m e n t to raw p ickup 

numbers taken from A P mode l s . A chart of expec ted book ings (base l ine book ing curve) is a 

compe l l i ng v isua l iza t ion of sys temat i c d e m a n d bui ld-up. Fo r e x a m p l e , know ing that a cer ta in day 

of w e e k within a per iod has cons is tent ly s h o w n a large proport ion of last-minute book ings shou ld 

reassu re m a n a g e m e n t of its current pr ic ing if room book ings are short of budgeted room nights 

c l ose to the target date. At the very least, expec ted book ing cu rves prov ide another re ference 

point for determin ing whether last year ' s p ickup ( A P model ) is representat ive of histor ical patterns 

or whether it m a y have been an aberrat ion. F igure 1 4 A s h o w s how day of w e e k c a n have a very 

large impact on the book ing curve a s it c o m p a r e s the expec ted bui ldup in book ings for a 

T h u r s d a y night and Sa tu rday night within the s a m e week in Ju ly 2 0 0 3 . T h e cu rves are near ly 

ident ical up to about 27 d a y s out f rom the target date ( indicated by a d a s h e d line) at wh ich point 

the Sa tu rday night is expec ted to get an acce le ra t ion of book ings a b o v e and beyond the 

T h u r s d a y night. 
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Figure 14A: E x p e c t e d FIT one bed room book ing cu rves for a Sa tu rday vs . T h u r s d a y in Ju ly 2 0 0 3 
(Thursday = Ju ly 17, 2003 , Sa tu rday = Ju ly 19, 2003 ) 

F igure 14B s h o w s an e x a m p l e of how different per iods c a n a l so result in very different book ing 

cu rves . T h e winter s e a s o n date (March 17, 2003) has an a lmos t l inear bui ldup in book ings whi le 

the fall da te ( S e p t e m b e r 19, 2003 ) is expec ted to get a large proport ion of last minute book ings . 

At 31 d a y s out (marked by a d a s h e d line), there is a di f ference of 94 rooms b o o k e d whi le the final 

d e m a n d is expec ted to differ be tween the two dates by only 6 rooms . 
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Figure 14B: E x p e c t e d FIT one bed room book ing curves for a Win te r Date vs . Fa l l Da te (Winter 
Date = M a r c h 17, 2003 , Fal l Da te = S e p t e m b e r 19, 2003) 

Ment ion has thus far b e e n m a d e that identifying distinct s e a s o n a l per iods m a y he lp in sett ing 

rates. Wh i l e the goal of this paper has been to c o m p a r e me thods for es t imat ing d e m a n d , the 

re lat ionship be tween d e m a n d a n d rates is ult imately the mos t important i s s u e for revenue 

m a n a g e m e n t . F igure 15 s h o w s the a v e r a g e one bed room dai ly room rate (by w e e k ) and a v e r a g e 

dai ly d e m a n d (by w e e k ) with the ave rage dai ly room rate and a v e r a g e dai ly d e m a n d both 

norma l i zed to be 1.00. T h e correlat ion be tween ave rage dai ly rate and a v e r a g e dai ly d e m a n d is 

.83. A s c a n be s e e n f rom the chart , a v e r a g e room rates c lose l y m a t c h d e m a n d ove r the winter 

s e a s o n whi le not match ing high d e m a n d per iods in the s u m m e r per iod. Fur ther , the shou lde r 

per iods do not s e e a s u b s e q u e n t d e c r e a s e in room rates w h e n d e m a n d t roughs. 
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Figure 15: C o m p a r i s o n of o n e bed room norma l i zed a v e r a g e dai ly r o o m rates to no rma l i zed 
ave rage dai ly d e m a n d in the 01 /02 s e a s o n by w e e k (average = 1.00) 

F igure 15 d o e s not necessa r i l y imply that rates are inappropr iate, a s resort m a n a g e r s have stated 

that the s u m m e r d e m a n d is compr i sed of regional guests who are more pr ice sens i t i ve , and a s 

such m a n a g e m e n t h a s less flexibility to i nc rease room rates w h e n s u m m e r d e m a n d i nc reases . 

However , the re lat ionship be tween d e m a n d and room rates shou ld defini tely be exp lo red further, 

and us ing the s e a s o n a l per iods def ined by the N L and B C mode l s is a good start ing point. Reso r t 

m a n a g e r s have stated that m u c h of the adjustment of room rates is done on an ongo ing bas is in 

conjunct ion with the resort 's cal l center (which books c lose to 6 0 % of room book ings) . 

Spec i f ica l ly , the revenue m a n a g e r s monitor convers ion rates (cal ls that end up in book ings) and 

refusal rates (percent of ca l ls w h e r e a spec i f ied room is turned down due to pr ice) . If conve rs ion 

rates drop too low (e.g. m u c h be low 30%) or refusal rates c l imb too high (e.g. a b o v e 13%) then 

this is an indicator the current room rates are too high. C o n v e r s e l y , h igh conve rs i on rates and 

low re fusa ls m a y indicate pr ices are too low. Further ana lys is of room rates, e x p e c t e d d e m a n d , 

cal l vo lume , cal l c lass i f i ca t ion , a n d actual d e m a n d is beyond the s c o p e of this paper , but appea rs 

to be a fruitful a r e a for future ana lys i s . T h e current s e a s o n (02/03) is the first s e a s o n that cal l 

center informat ion regard ing room d e m a n d is be ing sys temat ica l ly reco rded . 
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5.1 Model Extens ions in a Capaci ty Constra ined Environment 

In an env i ronment of f requent ly cons t ra ined capac i ty , addi t ional a c c u r a c y in d e m a n d fo recas ts is 

va luab le and worthy of model l ing effort. A s s u m i n g this capac i t y cons t ra ined env i ronment a 

number of potential ex tens ions in the short- term book ing curve mode l are p r o p o s e d . First, the 

mode l c a n be improved by us ing a larger number of inputs and h e n c e prov ide more accura te 

lodging d e m a n d es t imates . S e c o n d , the mode l c a n be adap ted to integrate more c lose ly with a 

revenue m a n a g e m e n t sys tem or other opt imizat ion eng ine (al though none current ly ex is ts at the 

resort). Th i rd , the mode l c a n be ex tended to inc lude group and owner book ings . Four th , the 

mode l can be ex tended to inc lude other on-mounta in s o u r c e s of revenue in order to ach ieve a 

more global object ive of resort revenue max imiza t ion . 

It is wel l known (and conf i rmed by the resort 's in -house research) that b e s i d e s day of w e e k and 

t ime of year , wea ther is the s ing le mos t important factor in predict ing d e m a n d at a sk i resort. 

Qui te s imply , good s n o w br ings c rowds . Inputs into the regress ion mode l s cou ld inc lude s n o w 

b a s e (relative to a histor ical average) , projected snowfal l and past snowfa l l (e.g. in a w e e k prior to 

a target date) for winter s e a s o n s . In wa rmer s e a s o n s , whi le l ikely to have l ess of an effect, 

temperature and rainfall fo recas ts m a y a lso improve lodging d e m a n d predic t ions. 

B e s i d e s more accura te d e m a n d fo recas ts , fo recas ts that c a n be eas i l y integrated with an 

opt imizat ion eng ine wou ld prove usefu l . For e x a m p l e , creat ing comp lemen ta ry mode l s to predict 

arr ival distr ibut ions (rather than occup ied room nights) and d e m a n d by rate c l a s s and length of 

s tay wou ld further fo rmal ize the revenue m a n a g e m e n t p r o c e s s at the resort. Beg inn ing this year 

(02/03) the resort is t rack ing turndown and denia l informat ion. Th is information shou ld prove 

inva luable in bui ld ing more d isaggrega ted fo recas ts and probabi l i ty distr ibut ions that wou ld be 

c lass i f ied by room type, market segmen t , rate c l a s s , and length of s tay. On l y by provid ing 

d i saggrega te es t ima tes in terms of both length of stay, arr ivals, and pr ice probabi l i t ies c a n 

a lgor i thms be deve loped to opt imize revenue . 

D e m a n d es t imates for independent t ravelers shou ld be integrated with d e m a n d es t imates for 

g roups and owners . O w n e r es t imates are important as far a s they lower ava i lab le capac i ty , whi le 

group d e m a n d es t imates are important in terms of pr ice sensit iv i ty, resort promot ion, and ana lys is 

of long-term contracts with who lesa le r s . 

In the c a s e of the resort s tud ied, the resort rece i ves revenue f rom resort opera t ions (ski t ickets, 

rentals, food and beve rage , retail) as wel l as lodging. There fo re , it m a k e s s e n s e to inc lude these 

s o u r c e s of anci l lary revenue w h e n bui lding revenue max imiza t ion mode l s . In other wo rds , s ince 

lodging gues ts will be spend ing on hill, the object ive shou ld be to max im i ze resort profit rather 
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than lodging profit a lone . For examp le , it m a y be prudent to lower lodging rates in order to boost 

lodging o c c u p a n c y , with the assumpt ion that lost lodging revenue (due to lower lodging pr ices) 

wou ld be more than offset by anci l lary revenue on mounta in . In m a n y s i tuat ions, the ef f icacy of 

rental pool m a n a g e r s a s j udged by chalet owners is the o c c u p a n c y rate a c h i e v e d rather than 

revenue rece ived (in fact this w a s the pr imary factor that led to the loss of units under 

m a n a g e m e n t in the current s e a s o n at the resort s tudied). Wh i l e revenue rece ived shou ld be the 

rational e c o n o m i c object ive of chalet owners , a focus on o c c u p a n c y rates m a y benefi t resort 

m a n a g e m e n t in max im iz ing resort profit ( assuming m a x i m u m resort profit c o m e s at the cos t of 

lower lodging profit and h igher lodging occupancy ) . It shou ld be noted that the a b o v e hypo theses 

shou ld be a n a l y z e d further, and that other cons idera t ions /const ra in ts to resort profit max imiza t ion 

inc lude sk i hill capac i ty , des i red c l ientele / s n o b a p p e a l , and overal l guest expe r i ence . A s a 

result, it m a y not m a k e s e n s e to offer rock bottom lodging rates to attract more sk ie rs to the 

mounta in if it is at odds with the resort 's st rategy in te rms of appropr ia te target market and 

a tmosphe re . 
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A P P E N D I X A - DATA P R E P A R A T I O N A N D T R A N S F O R M A T I O N 

Data rece ived f rom the resort cove red the histor ical per iod M a y 15, 1998 to Apr i l 29 , 2 0 0 2 . T h e 

reservat ion data w a s rece ived in a raw table format with sepa ra te tab les for reservat ions , guest 

informat ion, and lodging unit informat ion. Th is reservat ion data w a s conver ted to room night 

information us ing S A S stat ist ical sof tware. Essent ia l l y , e a c h reservat ion w a s c lass i f ied by market 

s e g m e n t (group, independent traveler, owner) and bed room (one, two, three plus) . O n c e 

c lass i f ied , group and owner book ings were e x c l u d e d . R o o m night information w a s then 

p r o c e s s e d us ing a looping algor i thm by count ing the number of dist inct units to be rented for a 

spec i f i c target date at e a c h of 90 d a y s prior to a target date . A reservat ion w a s inc luded in the 

room night tally for a s long as it rema ined on the books up until the target date . Th i s way , 

book ings that eventual ly b e c a m e cance l la t ions wou ld be inc luded in the s a m p l e data for a s long 

a s they were on the books . If a book ing w a s cance l l ed , the reservat ion w a s removed f rom the 

books upon the date of cance l la t ion . 

C o n s i d e r a reservat ion for a two-bedroom unit with an arr ival date of F e b . 2, 2 0 0 2 , a depar ture 

date of F e b . 9, 2 0 0 2 , a reservat ion date of J a n . 3, 2 0 0 2 , and a cance l la t ion date of J a n . 29 , 

2 0 0 2 . Th is reservat ion is app l ied to s e v e n different target da tes (nights of F e b . 2, 2002 to F e b . 8, 

2002) for one two-bedroom unit. Further, the reservat ion is on the books for 26 d a y s ( Jan . 3, 

2002 to J a n . 29 , 2002) until the cance l la t ion is m a d e . Fo r the target date of F e b . 2, 2 0 0 2 the 

book ing is inc luded for lead t ime days 30 to 4 (Feb . 2, 2002 less J a n . 3, 2 0 0 2 equa l s lead t ime 

day 30; F e b . 2, 2 0 0 2 less J a n . 29 , 2002 equa l s lead t ime day 4). T h e book ing for the target date 

of F e b . 8, 2 0 0 2 is inc luded for lead t ime days 36 to 10 (Feb . 8, 2 0 0 2 l ess J a n . 3, 2002 equa l s 

lead t ime day 36 ; F e b . 8, 2002 l ess J a n . 29 , 2002 equa ls lead t ime day 10). 
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A P P E N D I X B - MULTIPLICATIVE HOLT-WINTERS 

Mult ipl icative Holt-Winters One Bedroom Model 

Fit statistics: 

N u m b e r of observa t ions : 1,446 
S u m of s q u a r e s total: 27,695,441 
M e a n squa re error: 8 ,584 
M e a n abso lu te pe rcen tage error: 3 9 . 3 % 
M e a n abso lu te error: 54.1 
R 2 : .57 

Smoothing parameters: 

D e g r e e s of f r e e d o m : 1,386 
S u m of s q u a r e s error: 11 ,989,034 
Root m e a n s q u a r e error: 92.7 
M e a n percent error: - 1 8 . 5 % 
M e a n error: -6 .5 
S i g m a : 92 .65 

A l p h a (mean- term): .20 

Day of week parameters: 

G a m m a (s lope-term): .20 Del ta (seasona l - te rm) : .25 

M o n d a y : .58 
Fr iday: 1.58 

T u e s d a y : .68 
Sa tu rday : 1.94 

W e d n e s d a y : .67 
S u n d a y : .70 

Thu rsday : .85 

Weekly parameters (approximate beginning date): 

1 8 - M A Y : 
2 9 - J U N : 
1 0 - A U G : 
2 1 - S E P : 
0 2 - N O V : 
1 4 - D E C : 
2 5 - J A N : 
0 7 - M A R : 
1 8 - A P R : 

.34 
.81 
1.94 
.72 
.25 
.83 

.86 
1.31 
.49 

2 5 - M A Y : .46 
0 6 - J U L : 1.12 
1 7 - A U G : 1.74 
2 8 - S E P : .73 
0 9 - N O V : .20 
2 1 - D E C : 2 .02 
0 1 - F E B : 1.02 
1 4 - M A R : 2 .12 
2 5 - A P R : .28 

0 1 - J U N : .44 
1 3 - J U L : 1.24 
2 4 - A U G : 1.45 
0 5 - O C T : .71 
1 6 - N O V : .21 
2 8 - D E C : 2.77 
0 8 - F E B : 1.48 
2 1 - M A R : 1.45 
0 2 - M A Y : .19 

08- J U N : .45 
2 0 - J U L : 1.73 
3 1 - A U G : .91 
1 2 - O C T : .96 
2 3 - N O V : .49 
0 4 - J A N : 1.69 
1 5 - F E B : 1.66 
2 8 - M A R : 1.13 
09 - M A Y : .20 

1 5 - J U N : .51 
2 7 - J U L : 2 .09 
0 7 - S E P : 1.05 
1 9 - O C T : .43 
3 0 - N O V : .36 
1 1 - J A N : .85 
2 2 - F E B : 1.87 
0 4 - A P R : .90 

2 2 - J U N : .57 
0 3 - A U G : 2.11 
1 4 - S E P : .89 
2 6 - O C T : .33 
0 7 - D E C : .52 
1 8 - J A N : .89 
2 9 - F E B : 1.58 
1 1 - A P R : .62" 
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MuItiplicative Holt-Winters Two/Three Bedroom Model 

Fit statistics: 

N u m b e r of observa t ions : 1,446 
S u m of s q u a r e s total: 819 ,838 
M e a n squa re error: 2 5 2 
M e a n abso lu te pe rcen tage error: 5 1 . 4 % 
M e a n abso lu te error: 9.7 
R 2 : .57 

D e g r e e s of f r eedom: 1,386 
S u m of s q u a r e s error: 349 ,034 
Root m e a n s q u a r e error: 15.9 
M e a n percent error: - 2 8 . 6 % 
M e a n error: -1.2 
S i g m a : 15.87 

Smoothing parameters: 

A l p h a (mean- term): .20 

Day of week parameters: 

G a m m a (s lope-term): .20 De l ta (seasona l - te rm) : .25 

M o n d a y : .77 
Fr iday: 1.53 

T u e s d a y : .78 
Sa tu rday : 1.77 

W e d n e s d a y : .68 
S u n d a y : .68 

Thu rsday : .79 

Weekly parameters (approximate beginning date): 

1 8 - M A Y : .30 
2 9 - J U N : .70 
1 0 - A U G : 1.68 
2 1 - S E P : .70 
0 2 - N O V : .39 
1 4 - D E C : .89 
2 5 - J A N : .98 
0 7 - M A R : 1.27 
1 8 - A P R : .60 

2 5 - M A Y : .54 
0 6 - J U L : 1.36 
1 7 - A U G : 1.52 
2 8 - S E P : .72 
0 9 - N O V : .34 
2 1 - D E C : 1.98 
0 1 - F E B : 1.23 
1 4 - M A R : 1.81 
2 5 - A P R : .27 

0 1 - J U N : .50 
1 3 - J U L : 1.34 
2 4 - A U G : 1.54 
0 5 - O C T : .83 
1 6 - N O V : .36 
2 8 - D E C : 2.44 
0 8 - F E B : 1.50 
2 1 - M A R : 1.60 
02 - M A Y : .15 

0 8 - J U N : .40 
2 0 - J U L : 1.90 
3 1 - A U G : 1.12 
1 2 - O C T : .88 
2 3 - N O V : .78 
0 4 - J A N : 1.65 
1 5 - F E B : 1.43 
2 8 - M A R : 1.30 
09 - M A Y : .13 

1 5 - J U N : .50 
2 7 - J U L : 1.95 
0 7 - S E P : .94 
1 9 - O C T : .41 
3 0 - N O V : .37 
1 1 - J A N : .87 
2 2 - F E B : 1.72 
0 4 - A P R : .97 

2 2 - J U N : .50 
0 3 - A U G : 1.85 
1 4 - S E P : .72 
2 6 - O C T : .33 
0 7 - D E C : .48 
1 8 - J A N : .85 
2 9 - F E B : 1.64 
1 1 - A P R : .76 
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A P P E N D I X C - AR IMA 

ARIMA One Bedroom Model 

C o n d i t i o n a l L e a s t S q u a r e s E s t i m a t i o n 

S t a n d a r d A p p r o x 
P a r a m e t e r E s t i m a t e E r r o r t V a l u e P r > | t | L a g 

Mean Term 
MU 28.93936 5.06860 5.71 <.0001 0 

Moving Average Terms 
MA1,1 0.20889 0.04011 5.21 <.0001 2 
MAI,2 -0.11588 0.03713 -3.12 0.0018 4 

Autoregressive Terms 
AR1,1 0.87504 0.03003 29.14 <.0001 1 
AR1,2 -0.11799 0.02957 -3.99 <.0001 3 

Weekly Autoregressive Term 
AR2,1 0.17547 0.03131 5.60 <.0001 7 

Yearly Autoregressive Term 
AR3,1 -0.38091 0.03654 -10.42 <.0001 364 

Constant Estimate 
Variance Estimate 
Std Error Estimate 
AIC 
SBC 
Number of Residuals 
* AIC and SBC do not 

8.005583 
2204.724 
46.95449 
11407.18 
11442.09 

1082 
include log determinant. 

C o r r e l a t i o n s o f P a r a m e t e r E s t i m a t e s 
Parameter MU MAI, 1 MAI, 2 AR1,1 AR1, 2 AR2,1 AR3,1 
MU 1 000 0 . 002 -0.002 0 . 001 -0.004 -0.002 -0.015 
MAI, 1 0 002 1.000 -0.223 0 .655 -0.444 0 . 052 -0.023 
MAI, 2 -0 002 -0.223 1.000 -0.144 0 . 518 -0 .145 0 . 003 
AR1, 1 0 001 0 . 655 -0.144 1.000 -0 . 651 0 . 092 -0.031 
AR1, 2 -0 004 -0.444 0.518 -0.651 1. 000 -0.261 0 . 032 
AR2,1 -0 002 0 . 052 -0.145 0.092 -0.261 1. 000 -0.037 
AR3,1 -0 015 -0.023 0.003 -0.031 0 . 032 -0.037 , 1.000 

To C h i - P r > 
L a g S q u a r e DF C h i S q 

6 0 00 0 < .0001 
12 6 24 6 0 .3965 
18 14 61 12 0 .2632 
24 23 82 18 0 . 1610 
30 32 67 24 0 .1112 
36 39 31 30 0 . 1190 
42 42 14 36 0 . 2224 
48 54 12 42 0 .0996 

A u t o c o r r e l a t i o n C h e c k o f R e s i d u a l s 

- A u t o c o r r e l a t i o n s -
-0 004 0 001 0 015 0 001 -0 029 0 005 
-0 014 0 032 -0 016 0 015 0 013 0 052 
-0 039 0 067 -0 015 0 018 -0 030 -0 008 
-0 022 0 052 0 064 0 013 0 029 -0 009 
0 006 0 026 -0 039 0 061 -0 026 -0 037 
0 004 0 035 -0 057 -0 006 0 033 0 017 
-0 008 0 030 -0 024 -0 008 0 003 0 031 
0 010 -0 089 -0 035 0 014 -0 024 -0 023 

M o d e l f o r v a r i a b l e F I T _ 1 
Estimated Mean 28.93936 
Period(s) of D i f f e r e n c i n g 364 

Factor 1 
Factor 2 
Factor 3 

A u t o r e g r e s s i v e F a c t o r s 
1 - 0.87504 B**(l) + 0.11799 B**(3) 
1 - 0 . 17547 B**(7) 
1+0.38091 B**(364) 

Factor 1: 
M o v i n g A v e r a g e F a c t o r s 
1 - 0.20889 B**(2) + 0.11588 B**(4) 
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A R I M A Two/Three Bedroom Model 

C o n d i t i o n a l L e a s t S q u a r e s E s t i m a t i o n 

P a r a m e t e r E s t i m a t e 
Moving Average Term 

MA1,1 0.92053 
Yearly Moving Average Term 

MA2,1 0.46835 
Autoregressive Terms 

AR1,1 1.86845 
AR1,2 -1.04364 
AR1,3 0.16905 

Weekly Autoregressive Term 
AR2 , 1 0 .09361 

S t a n d a r d 
E r r o r 

0 . 03577 

0 . 03620 

0 . 04501 
0 . 06061 
0 . 03101 

0 . 03248 

t V a l u e 

25 . 73 

12 . 94 

41 .51 
-17.22 
5.45 

2 .88 

A p p r o x 
P r > | t | 

< . 0001 

< .0001 

< . 0001 
< .0001 
< .0001 

0 .0040 

L a g 

1 

364 

1 
2 
3 

Variance Estimate 62.67246 
Std Error Estimate 7.916594 
AIC 7553.798 
SBC 7583.717 
Number of Residuals 1082 
* AIC and SBC do not include log determinant. 

C o r r e l a t i o n s o f P a r a m e t e r E s t i m a t e s 
P a r a m e t e r M A I , 1 M A 2 , 1 A R 1 , 1 A R 1 , 2 A R 1 , 3 A R 2 , 1 
MAI, 1 1. 000 -0 . 003 0 . 742 -0 .372 -0.231 0 .296 
MA2, 1 -0.003 1 . 000 0 . 059 -0.089 0 .089 0 . 010 
AR1, 1 0 . 742 0 . 059 1 .000 -0 . 858 0 .319 0 .205 
AR1, 2 -0.372 -0 . 089 -0 . 858 1. 000 -0.759 -0.107 
AR1, 3 -0 . 231 0 . 089 0 .319 -0.759 1 .000 -0.064 
AR2, 1 0.296 0 . 010 0 .205 -0.107 -0.064 1. 000 

A u t o c o r r e l a t i o n Check o f R e s i d u a l s 
To C h i - P r > 

L a g S q u a r e DF C h i S q A u t o c o r r e l a t i o n s 
6 0 00 0 < 0001 0 004 -0 021 0 022 0 009 -0 026 0 043 

12 11 37 6 0 0776 -0 004 0 004 -0 078 0 012 -0 025 -0 004 
18 17 58 12 0 1291 0 023 0 034 0 016 -0 011 -0 053 -0 027 
24 23 02 18 0 1897 0 013 0 015 0 045 -0 015 0 046 0 014 
30 24 91 24 0 4106 0 003 -0 000 0 036 0 018 -0 001 0 010 
36 32 42 30 0 3481 -0 033 -0 007 0 023 -0 033 0 061 0 012 
42 34 53 36 0 5387 -0 015 -0 019 -0 011 -0 009 -0 010 - 0 032 
48 44 65 42 0 3612 -0 043 -0 076 0 004 ' 0 009 -0 035 0 010 

M o d e l f o r v a r i a b l e F I T _ 2 3 
Period(s) of D i f f e r e n c i n g 364 
No mean term i n t h i s model. 

A u t o r e g r e s s i v e F a c t o r s 
Factor 1: 1 - 1.86845 B**(l) + 1.04364 B**(2) - 0.16905 B**(3) 
Factor 2: 1 - 0.09361 B**(7) 

M o v i n g A v e r a g e F a c t o r s 
Factor 1: 1 - 0.92053 B**(l) 
Factor 2: 1 - 0.46835 B**(364) 
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A P P E N D I X D - L INEAR R E G R E S S I O N 

Linear Regress ion One Bedroom Model 

A n a l y s i s o f V a r i a n c e 

S o u r c e 
Model 
Error 
Corrected Total 

DF 
37 

1408 
1445 

Sum o f 
S q u a r e s 

21268760 
6426681 

27695441 

Mean 
S q u a r e 
574831 

4564.40381 

F V a l u e 
125.94 

P r > F 
< . 0001 

Root MSE 67.56037 R-Square 0.7680 
Dependent Mean 174.41286 Adj R-Sq 0.7619 
Coeff Var 38.73589 

Parameter Estimates 
Dependent Va r i a b l e : FIT_1 

P a r a m e t e r S t a n d a r d 
V a r i a b l e L a b e l DF E s t i m a t e E r r o r t V a l u e P r > Itl 
General Intercept-
Intercept Intercept 1 93 20633 6 03273 15 45 < .0001 
Yearly Trend Parameter 
SN 1 29 67332 1 61654 18 36 < .0001 
Seasonal Period Parameters (Summer. 
SI SI 1 -182 87644 9 57005 -19 11 < .0001 
S1_DG 1 60 75948 11 36755 5 34 < . 0001 
S2 S2 1 -109 12375 8 96432 -12 17 < . 0001 
S2_D 1 33 89286 14 74288 2 30 0 . 0217 
S2_EF 1 109 59592 11 71884 9 35 < .0001 
S2_G 1 163 57477 31 24706 5 23 < .0001 
S4 S4 1 105 84829 9 19576 11 51 < .0001 
S4_BC 1 40 20238 11 65527 3 45 0 .0006 
S4_F 1 -58 54762 14 74288 -3 97 < . 0001 
S4_G 1 -114 27018 16 88808 -6 77 < . 0001 
S5_BE 1 -71 35990 7 98835 -8 93 < . 0001 
S5_G 1 -103 52768 24 34367 -4 25 < .0001 
S6 S6 1 -153 78780 7 55306 -20 36 < .0001 
Seasonal Period Parameters (Winter 
Wl Wl 1 -121 68495 9 39803 -12 95 < .0001 
W1_D 1 39 26190 14 74288 2 66 0 .0078 
W1_E 1 115 62976 18 65431 6 20 < .0001 
W2 W2 1 211 12617 13 56494 15 56 < .0001 
W2_B 1 53 75000 18 05627 2 98 0 .0030 
W2_C 1 -79 89079 27 10031 -2 95 0 . 0033 
W3_FG 1 72 83232 14 15107 5 15 < . 0001 
W4 W4 1 229 36735 15 08652 15 20 < . 0001 
W5 W5 1 101 50453 10 75644 9 44 < . 0001 
W5_C 1 -122 18418 31 83587 -3 84 0 . 0001 
W6 W6 1 240 56038 15 75840 15 27 < .0001 
W7_D 1 -81 75047 13 66522 -5 98 < .0001 
W7_EF 1 -12 7 13583 13 79685 -9 21 < .0001 
Day of Week Parameter 
SAT SAT 1 51 88946 6 49948 7 98 < .0001 
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Linear Regress ion One Bedroom Model (contd.) 

P a r a m e t e r 
V a r i a b l e L a b e l DF E s t i m a t e 
Weekend Period Interaction Parameters 
S_12_WD 1 53 37471 
S3_WD 1 178 04065 
S4_WD 1 59 01425 
S_56_WD 1 100 60750 
W1_WD 1 63 54727 
W3_WD 1 55 18529 
W4_WD 1 -120 82670 
W6_WD 1 -134 58223 
W7 WD 1 76 31825 

S t a n d a r d 
E r r o r t V a l u e P r > | t | 

9 11061 5 86 < 0001 
24 52147 7 26 < 0001 
11 57597 5 10 < 0001 
9 00418 11 17 < 0001 

13 43712 4 73 < 0001 
11 46217 4 81 < 0001 
22 43503 -5 39 < 0001 
22 89227 -5 88 < 0001 
12 37653 6 17 < 0001 
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Linear Regress ion Two Bedroom Model 

A n a l y s i s o f V a r i a n c e 

S o u r c e 
Model 
Error 
Corrected Total 

DF 
36 

1409 
1445 

Sum o f 
S q u a r e s 
504306 
202603 
706909 

Mean 
S q u a r e 
14009 

143 .79194 

V a l u e 
97 .42 

P r > F 
< .0001 

Root MSE 11.99133 R-Square 0.7134 
Dependent Mean 27.12379 Adj R-Sq 0.7061 
Coeff Var 44.20963 

Parameter Estimates 
Dependent Variable: FIT_2 

P a r a m e t e r S t a n d a r d 
V a r i a b l e L a b e l DF E s t i m a t e E r r o r t V a l u e P r > | t 
General Intercept Parameter 
Intercept Intercept 1 -7 . 18376 1 13703 -6 32 < 0001 
General Intercept Parameter 
SN 1 3 . 85587 0 28504 13 53 < 0001 
Seasonal Period Parameters (Summer) 
S1_DE 1 4 . 79338 1 85556 2 58 0 0099 
SI FG 1 6 . 94904 2 74099 2 54 0 0113 
S2 S2 1 7 . 91945 1 38184 5 73 < 0001 
S2_E 1 16 . 59821 2 53363 6 55 < 0001 
S2 F 1 20 . 40404 2 57096 7 94 < 0001 
S2_G 1 24 . 86609 5 49774 4 52 < 0001 
S3 S3 1 41. 35331 3 56366 11 60 < 0001 
S4 S4 1 41. 86588 1 38184 30 30 < 0001 
S4_EF 1 -4 . 86607 1 96254 -2 48 0 0133 
S4_G 1 -12 . 80107 2 91469 -4 39 < 0001 
S5 S5 1 11. 89670 1 64566 7 23 < 0001 
S5_BD 1 -4 . 64286 1 85030 -2 51 0 0122 
S5_G 1 -8 . 79774 4 43843 -1 98 0 0477 
Seasonal Period Parameters (Winter> 
W1_BC 1 • 4 . 48195 1 78699 2 51 0 0122 
W1_D 1 11. 30338 2 40022 4 71 < 0001 
W1_E 1 26 . 81794 3 10680 8 63 < 0001 
W2 W2 1 53 . 52199 1 69482 31 58 < 0001 
W3 W3 1 19. 18433 1 52886 12 55 < 0001 
W3_D 1 5 . 76190 2 61672 2 20 0 0278 
W3_E 1 13 . 15476 2 61672 5 03 < 0001 
W3_FG 1 13 . 80060 2 73335 5 05 < 0001 
W4 W4 1 53 . 16052 2 40022 22 15 < 0001 
W4_B 1 -13 . 53906 4 43765 -3 05 0 0023 
W5 W5 1 42 . 87725 1 90484 22 51 < 0001 
W5_C 1 -20 . 57188 5 65149 -3 64 0 0003 
W6 W6 1 49 . 20994 2 15325 22 85 < 0001 
W7 W7 1 44 . 03552 1 78699 24 64 < 0001 
W7_C 1 -15 . 62500 2 77545 -5 63 < 0001 
W7_D 1 -28 . 51786 2 77545 -10 28 < 0001 
W7_E 1 -35 . 81509 3 01970 -11 86 < 0001 
W7_F 1 -45 . 71576 5 61428 -8 14 < 0001 
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Linear Regress ion Two Bedroom Model (contd.) 

P a r a m e t e r S t a n d a r d 
V a r i a b l e L a b e l DF E s t i m a t e E r r o r t V a l u e P r > | t | 
Weekend Period Interaction Parameter 
S5_WD 1 18 50671 2 14253 8 64 < 0001 
Day of Week Parameters 
FRI FRI 1 5 82153 0 97760 5 95 < 0001 
SAT SAT 1 11 50077 0 97770 11 76 < 0001 
SUN SUN 1 2 11260 0 93696 2 25 0 0243 
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A P P E N D I X E - POISSON R E G R E S S I O N 

P o i s s o n Regress ion Three Bedroom Model 

Model Information 

Data Set MONTH.ALL_TR_3 
D i s t r i b u t i o n Poisson 
Link Function Log 
Dependent V a r i a b l e FIT_3 
Observations Used 1446 

C r i t e r i a For Assessing Goodness Of F i t 

Value/DF 
1.4858 
1.4858 
1.5284 
1.5284 

C r i t e r i o n 
Deviance 
Scaled Deviance 
Pearson Chi-Square 
Scaled Pearson X2 
Log L i k e l i h o o d 

DF Value 
1417 2105.3556 
1417 2105.3556 
1417 2165.7431 
1417 2165.7431 

1641.2989 

The GENMOD Procedure 
Algorithm converged. 

Ana l y s i s Of Parameter Estimates 

Standard Wald 95% Confidence Chi-
Parameter DF Estimate E r r o r L i m i t s Square Pr > ChiSq 
Seasonal Period Parameters (Summer) 
S1_BC 1 0 2380 0 1331 -0 0230 0 4989 3 19 0 0739 
S1_DF 1 0 6223 0 0941 0 4379 0 8067 43 77 < 0001 
S2 1 0 7532 0 0754 0 6054 0 9009 99 81 < 0001 
S2_B 1 -0 3886 0 1591 -0 7004 -0 0767 5 96 0 0146 
S2_EF 1 0 5260 0 0934 0 3429 0 7091 31 71 < 0001 
S_34 1 1 4741 0 0367 1 4021 1 5460 1611 04 < 0001 
S4_E 1 0 1866 0 0890 0 0122 0 3610 4 40 0 0360 
S5 1 0 9180 0 0694 0 7820 1 0540 175 08 < 0001 
S5_BD 1 -0 2357 0 0860 -0 4042 -0 0671 7 51 0 0061 
S6 1 0 7819 0 0687 0 6473 0 9165 129 60 < 0001 
Seasonal Period Parameter s (Winter) 
Wl 1 0 3747 0 0884 0 2015 0 5479 17 97 < 0001 
W2 1 l 5032 0 0626 1 3804 1 6260 575 79 < 0001 
W2_C 1 0 3294 0 1547 0 0262 0 6325 4 53 0 0332 
W3 1 1 0786 0 0558 0 9692 1 1879 373 82 < 0001 
W3_E 1 0 4361 0 0960 0 2479 0 6243 20 63 < 0001 
W4 1 1 9394 0 0808 1 7809 2 0978 575 47 < 0001 
W5 1 1 5509 0 0629 1 4275 1 6742 607 60 < 0001 
W6 1 2 0281 0 0811 1 8692 2 1871 625 23 < 0001 
W7 1 1 6372 0 0586 1 5223 1 7521 779 61 < 0001 
W7_CF 1 -0 7557 0 0909 -0 9339 -0 5775 69 07 < 0001 
Day of Week Parameter 
SAT i 0 1595 0 0425 0 0762 0 2429 14 07 0 0002 
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Po i sson Regress ion Three Bedroom Model (contd.) 

Standard Wald 95% Confidence C h i -
Parameter DF Est imate E r r o r L i m i t s Square Pr > ChiSq 
Weekend Period Interaction Parameters 
WKD_P1 1 0 4396 0 1247 0 1951 0 6840 12 42 0 0004 
WKD_P2 1 0 4280 0 0938 0 2442 0 6117 20 84 < 0001 
WKD_P5 1 0 7953 0 0880 0 6229 0 9678 81 74 < 0001 
WKD_P6 1 0 5263 0 1112 0 3084 0 7443 22 40 < 0001 
WKD_P7 1 0 7438 0 1259 0 4970 0 9906 34 89 < 0001 
WKD_P9 1 0 2750 0 0892 0 1002 0 4498 9 51 0 0020 
WKD_P10 1 -0 4642 0 1422 -0 7429 -0 1855 10 66 0 0011 
WKD_P12 1 -0 5932 0 1442 -0 8759 -0 3105 16 92 < 0001 
Scale 0 1 0000 0 0000 1 0000 1 0000 

NOTE: The scale parameter was held f i x e d . 

Lagrange M u l t i p l i e r S t a t i s t i c s 

Parameter Chi-Square Pr > ChiSq 
Intercept ' 1.7128 0.1906 
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A P P E N D I X F - NONLINEAR R E G R E S S I O N 

Nonl inear Regress ion One Bedroom Model 

Dependent Variable A_TERM 
Method: Gauss-Newton 

OTE: Convergence c r i t e r i o n met. 

E s t i m a t i o n Summary 
Gauss-Newton Method 

Ite r a t i o n s 
R 
PPC(D7) 
RPC(D7) 
Object 
Objective 
Observations Read 
Observations Used 
Observations Missing 
NOTE: An intercept was not 

7 
287E-6 
000042 
000121 
68E-10 

4971593 
144S 
1446 

0 
s p e c i f i e d f o r t h i s model, 

S o u r c e 
Regression 
Residual 
Uncorrected Total 
Corrected Total 

DF 
44 

1402 
1446 
1445 

Sum o f 
S q u a r e s 

66710946 
4971593 

71682539 
27695441 

Mean 
S q u a r e 
1516158 
3546 .1 

F V a l u e 
427.56 

A p p r o x 
P r > F 
< . 0001 

P a r a m e t e r E s t i m a t e 
Yearly Trend Parameters 

TREND1 23 5.0 

A p p r o x 
S t d E r r o r 

9.2855 

A p p r o x i m a t e 95% C o n f i d e n c e 
L i m i t s 

216 . 8 253 . 2 
TREND2 75.9307 3 .2913 69 .4741 82 3872 

Period Parameters (Summer) 
PI -3.2618 0 .2502 -3 7527 -2 7709 
P1_DG 1.1976 0 .2663 0 6752 1 7199 
P2 -1.8741 0 .1180 -2 1056 -1 6427 
P2_D 0 .4532 0 . 1711 0 1176 0 7888 
P2_EF 1.3201 0 1320 1 0612 1 5789 
P2_G 2.0503 0 3356 1 3920 2 7086 
P4 0.5275 0 0983 0 3346 0 7204 
P4_BC 0.4574 0 1318 0 1987 0 7160 
P4_F -0.6225 0 1358 -0 8889 -0 3560 
P4_G -1.1311 0 1505 -1 4265 -0 8358 
P5 -0.7504 0 0979 -0 9426 -0 5583 
P5_BE -0.6508 0 1129 -0 8723 -0 4293 
P5_G -1.0100 0 3068 -1 6119 -0 4081 
P6 -2 . 2529 0 . 1976 -2 . 6405 -1. 8652 
P6_BE -0 . 7657 0 2328 -1 2223 -0 3091 
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Nonl inear Regress ion One Bedroom Model (contd.) 

P a r a m e t e r E s t i m a t e 
A p p r o x A p p r o x i m a t e 95% C o n f i d e n c e 

S t d E r r o r L i m i t s 
Period Parameters (Winter) 
P7 -2 . 1008 0 1465 -2 .3883 -1 8134 
P7_D 0 . 5077 0 1852 0 . 1444 0 8711 
P7_E 1 .3932 0 1811 1 . 0379 1 7485 
P8 1 . 9622 0 3228 1 .3290 2 5954 
P8_B 176 . 9 
P8_C -1 . 0090 0 3714 -1 . 7377 -0 2804 
P9 -0 . 7077 0 0746 -0 . 8541 -0 5612 
P9_E 0 .3210 0 1238 0 .0782 0 5638 
P9_FG 0 .9432 0 1334 0 .6815 1 2050 
P10 2 . 9136 0 7672 1 .4087 4 4185 
P l l 0 .5959 0 1120 0 .3762 0 8156 
P11_C -1 .3452 0 4011 -2 . 1320 -0 5585 
P12 3 .1819 1 0118 1 . 1970 5 1667 
P13 0 .1974 0 0996 0 . 00199 0 3927 
P13_C -0 . 7718 0 1385 -1 . 0434 -0 5001 
P13_D -1 .4838 0 1623 -1 .8021 -1 1654 
P13 EF -2 . 1677 0 2090 -2 .5777 -1 7577 

Day of Week Parameters (l=Monday) 
D6 0.6524 
D7 0.1638 

Weekend Period Interaction Parameters 

0 .0736 
0 . 0618 

0 .5081 
0 . 0426 

0 . 7968 
0 .2849 

WDS1S2 0 8070 0 1131 0 5851 1 0289 
WDS3 1 8641 0 5462 0 7927 2 9355 
WDS4 0 9408 0 1629 0 6213 1 2603 
WDS5S6 1 3709 0 1111 1 1530 1 5888 
WDW1 0 8586 0 1573 0 5500 1 1673 
WDW3 0 6771 0 1120 0 4575 0 8967 
WDW4 -2 1914 0 7458 -3 6544 -0 7284 
WDW6 -2 5790 0 9879 -4 5169 -0 6410 
WDW7 0 5690 0 1322 0 3096 0 8284 
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N o n l i n e a r R e g r e s s i o n T w o B e d r o o m M o d e l 

Dependent Variable FIT_2 
Method: Gauss-Newton 

NOTE: Convergence c r i t e r i o n met. 

E s t i m a t i o n Summary 
Method 
It e r a t i o n s 
R 
PPC(D7) 
RPC(WB13) 
Object 
Obj ectiv e 
Observations Read 
Observations Used 
Observations Missing 

Gauss-Newton 
7 

2.647E-6 
0.000012 
0 .000044 
1.27E-10 
152506 . 8 

1446 
1446 

0 

The NLIN Procedure 
NOTE: An intercept was not s p e c i f i e d f o r t h i s model. 

S o u r c e 
Regression 
Residual 
Uncorrected Total 
Corrected Total 

DF 
40 

1406 
1446 
1445 

Sum o f 
S q u a r e s 
1618224 
152507 

1770731 
706909 

Mean 
S q u a r e 

40455.6 
108 . 5 

F V a l u e 
372.97 

A p p r o x 
P r > F 
< .0001 

P a r a m e t e r 
Yearly Trend Parameters 

E s t i m a t e 
A p p r o x A p p r o x i m a t e 95% C o n f i d e n c e 

S t d E r r o r L i m i t s 

TREND1 31 5383 1 2706 29 0458 34 0307 
TREND2 10 4943 0 4590 9 5940 11 3946 

Period Parameters (Summer) 
P1_DE 1 0387 0 2442 0 5598 1 5177 
P1_FG 1 2220 0 3468 0 5418 1 9023 
P2 1 3089 0 2102 0 8966 1 7212 
P2_E 1 4409 0 1780 1 0918 1 7901 
P2_F 1 6528 0 1840 1 2919 2 0137 
P2_G 2 4922 0 4711 1 5680 3 4164 
P3 3 7753 0 4029 2 9850 4 5655 
P4 4 1942 0 2335 3 7362 4 6521 
P4_EF -0 5138 0 1635 -0 8345 -0 1931 
P4_G -1 1505 0 1959 -1 5349 -0 7662 
P5 1 8613 0 2241 1 4217 2 3009 
P5_BD -0 4661 0 1516 -0 7635 -0 1687 
P5_G -0 7547 0 4000 -1 5394 0 0301 
P6_CD -0 3947 0 3349 -1 0517 0 2623 
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Nonl inear Regress ion Two Bedroom Model (contd.) 

P a r a m e t e r E s t i m a t e 
Seasonal Period Parameters (Winter) 

A p p r o x A p p r o x i m a t e 95% C o n f i d e n c e 
S t d E r r o r L i m i t s 

P7_BC 0.7919 0 2568 0 2882 1 2957 
P7_D 1.4522 0 2632 0 9358 1 9686 
P7_E 2.6357 0 2626 2 1206 3 1508 
P8 6.4129 1 2468 3 9671 8 8588 
P8_B 812 . 0 
P9 2 .2680 0 2078 1 8604 2 6757 
P9_D 0 . 5027 0 1679 0 1734 0 8320 
P9_E 0 . 9797 0 1751 0 6362 1 3233 
P9_FG 1.1693 0 1834 0 8096 1 5291 
P10 61 . 7079 0 5122 60 7031 62 7128 
P10_B 57 . 7100 
P l l 4.6024 0 2989 4 0161 5 1887 
P11_C -1.7863 0 4989 -2 7649 -0 8077 
P12 368 . 8 
P13 4.9684 0 3442 4 2932 5 6435 
P13_C -1.8392 0 3021 -2 4317 -1 2466 
P13_D -2.7805 0 3142 -3 3968 -2 1642 
P13_E -3.4934 0 3516 -4 1832 -2 8037 
P13_F -5.0951 1 6321 -8 2969 -1 8934 

Day of Week Parameters (1= Monday) 
Dl -3 .0880 0 1958 -3 4722 -2 7038 
D4 0.2193 0 0912 0 0404 0 3982 
D5 1. 0322 0 1034 0 8294 1 2350 
D6 1. 6507 0 1115 1 4320 1 8694 
D7 0.3696 0 0891 0 1949 0 5443 

Weekend Period Interaction Parameters 
WB5 0.7393 0 1716 0 4026 1 0760 
WB6 0.6485 0 2787 0 1019 1 1951 
WB13 -0.5984 0 2116 -1 0135 -0 1833 
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A P P E N D I X G - B A S E L I N E R E G R E S S I O N 

Basel ine Regress ion (nonlinear) One Bedroom Model 

Dependent Variable FIT_1 
Method: Gauss-Newton 

NOTE: Convergence c r i t e r i o n met. 

E s t i m a t i o n Summary-
Method 
It e r a t i o n s 
Subiterations 
Average Subiterations 
R 
PPC(WC5) 
RPC(WC7) 
Obj ect 
Obj e c t i v e 
Observations Read 
Observations Used 
Observations Missing 

Gauss-Newton 
20 
2 

0 .1 
5 . 78E-6 

0 .000467 
0.049505 
9 .346E-9 
1.5702E8 

131586 
131586 

0 

NOTE: An intercept was not s p e c i f i e d f o r t h i s model. 

Sum o f Mean 
S o u r c e DF S q u a r e s S q u a r e 
Regression 112 1.4115E9 12602761 
Residual 131474 1.5702E8 1194.3 
Uncorrected Total 131586 1.5685E9 
Corrected Total 131585 9.8471E8 

F V a l u e 
10552 . 5 

A p p r o x 
P r > F 
< .0001 

A p p r o x A p p r o x i m a t e 9 5% C o n f i d e n c e 
P a r a m e t e r E s t i m a t e S t d E r r o r L i m i t s 

Yearly Trend Parameters 
TREND1 299 . 6 4 6484 290 . 5 308 . 7 
TREND2 118 . 6 1 8370 115 . 0 122 . 2 

Period Parameters (Summer) 
P1_B 0 .4745 0 1527 0 . 1752 0 . 7738 
P1_C 0 .3188 0 1699 -0 .0143 0 . 6519 
P1_D 1 .4219 0 1129 1 .'2006 ' 1 . 6433 
P1_E 1 . 8412 0 1077 1 .6302 2 .0523 
P1_F 1 .4939 0 1185 1 .2616 1 . 7262 
P1_G 2 . 1718 0 1583 1 . 8616 2 .4821 
P2 -0 . 0652 0 1552 -0 .3693 0 .2390 
P2_B 0 . 1250 0 0347 0 . 0570 0 .1930 
P2_C 0 . 1460 0 0344 0 . 0785 0 .2135 
P2_D 0 .3472 0 0323 0 .2838 0 .4105 
P2_E 1 .0071 0 0287 0 . 9509 1 . 0632 
P2_F 1 . 1594 0 0284 1 . 1038 1 .2151 
P2_G 1 .4427 0 0414 1 .3615 1 . 5239 
P4 2 1906 0 . 1058 1 9833 2 3979 
P4_B 0 . 1718 0 0100 0 . 1521 0 . 1915 
P4_C 0 .0943 0 0102 0 . 0742 0 . 1144 
P4_E -0 .0805 0 0109 -0 . 1017 -0 .0592 
P4_F -0 .3306 0 0121 -0 .3543 -0 .3069 
P4_G -0 . 7391 0 0166 -0 . 7717 -0 . 7065 
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Basel ine Regress ion (nonlinear) One Bedroom Model (contd.) 

A p p r o x 
P a r a m e t e r E s t i m a t e 

Seasonal Period Parameters (Summer) 

A p p r o x i m a t e 
S t d E r r o r 

contd. 

95% C o n f i d e n c e 
L i m i t s 

P5 0 . 9046 0 . 1368 0 . 6364 1 1729 
P5_B -0 .4706 0 .0198 -0 . 5094 -0 4319 
P5_C -0 .4202 0 .0193 -0 .4580 -0 3825 
P5_D -0 .3880 0 .0190 -0 .4251 -0 3508 
P5_E -0 . 1042 0 .0166 -0 . 1368 -0 0716 
P5_G -0 . 7148 0 . 0412 -0 .7956 -0 6340 
P6 -0 .5575 0 .4620 -1 .4630 0 3479 
P6_B -0 . 5323 0 . 0549 -0 .6399 -0 4247 
P6_C -0 . 9356 0 .0710 -1 .0749 -0 7964 
P6_D -0 . 9741 0 0730 -1. 1172 -0 . 8310 
P6_E -0 . 9276 0 . 1244 -1 .1714 -0 6838 

Seasonal Period Parameters (Winter) 
P7_B 0 . 1739 0 . 0373 0 .1007 0 2470 
P7_C -0 . 0360 0 . 0405 -0 .1154 0 0435 
P7_D 0 .6539 0 . 0329 0 .5895 0 7183 
P7_E 1 .4913 0 . 0308 1 .4310 1 5516 
P8 2 . 6874 0 . 1124 2 .4671 2 9077 
P8_B 0 .4065 0 . 00919 0 .3884 0 4245 
P8_C -0 . 7174 0 .0157 -0 . 7482 -0 6866 
P9 2 . 1928 0 . 1084 1 . 9804 2 4053 
P9_B -0 . 0492 0 .0133 -0 .0753 -0 0231 
P9_C -0 .3038 0 .0146 -0 .3325 -0 2751 
P9_D -0 .2197 0 . 0141 -0 . 2474 -0 1920 
P9_E 0 . 1691 0 . 0125 0 . 1446 0 1936 
P9_F 0 .6026 0 . 0121 0 .5789 0 6263 
P9_G 0 . 9630 0 . 0275 0 . 9091 1 0169 
P10 4 . 9812 0 . 1052 4 . 7749 5 1875 
P10_B -0 . 8181 0 .0151 -0 . 8476 -0 7886 
P l l 2 . 7607 0 . 1087 2 . 5477 2 9738 
P11_B 0 . 0435 0 . 0118 0 . 0203 0 0667 
P11_C -0 . 7283 0 . 0386 -0 .8039 -0 6527 
P12 3 . 9043 0 . 1057 3 .6971 4 1116 
P12_B 0 . 0700 0 . 0201 0 . 0306 0 1093 
P13 2 .5969 0 . 1107 2 .3799 2 8140 
P13_B -0 . 1867 0 .0105 -0 .2074 -0 1661 
P13_C -0 . 7043 0 .0131 -0 . 7300 -0 6786 
P13_D -1 .5075 0 . 0209 -1 . 5485 -1 4665 
P13_E -2 . 1900 0 . 0368 -2 .2621 -2 1180 
P13_F -3 .3720 0 .2521 -3 . 8661 -2 8778 

Day of Week Parameters (1 = Monday) 
Dl -5 .2222 0 . 1042 -5 .4264 -5 0180 
D4 0 . 0493 0 . 00458 0 . 0403 0 0583 
D5 0 . 1632 0 . 0154 0 . 1331 0 1934 
D6 0 2966 0 . 0154 0 .2665 0 3268 
D7 0 0176 0 . 00465 0 . 00850 0 0267 

Seasonal Period Lead Time i n t e r a c t i o n Parameters 
B 0 3563 0 .0126 0 .3316 0 3810 
B2 2 7764 0 .1108 2 . 5593 2 9936 
B3 4 0208 0 .1074 3 8102 4 2313 
B4 2 3603 0 . 0241 2 3130 2 4075 
B5 2 4883 0 .0922 2 3076 2 6690 
B6 2 5387 0 .4687 1 6200 3 4573 
B7 2 3528 0 . 1037 2 1495 2 5562 
B8 2 8170 0 . 0422 2 7343 2 8997 
B9 1 6793 0 . 0324 1 6158 1 7427 
BIO 0 8467 0 . 0232 0 8012 0 8922 
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Basel ine Regress ion (nonlinear) One Bedroom Model (contd.) 

A p p r o x A p p r o x i m a t e 95% C o n f i d e n c e 
P a r a m e t e r E s t i m a t e S t d E r r o r L i m i t s 

Seasonal Period Lead Time Interaction Parameters (contd.) 
B l l 1.9923 0. 0329 1 9279 2 0567 
B12 1.6666 0 . 0277 1 6123 1 7208 
B13 2.0104 0 . 0403 1 9314 2 0895 
sriod Lead Time Interaction Para; meters 
WB 0 . 5295 0 . 0175 0 4952 0 5638 
WB3 0.7336 0 . 0289 0 6769 0 7902 
WB4 -0 .3546 0 . 0157 -0 3854 -0 3237 
WB5 0.7073 0 . 0172 0 6737 0 7409 
WB6 1 .0736 0 . 0779 0 9209 1 2263 
WB7 0 .2568 0 . 0237 0 2105 0 3032 
WB8 -0 .4050 0 . 0170 -0 4383 -0 3717 
WB10 -1 .1678 0 . 0186 -1 2043 -1 1313 
WB11 -0.3596 0 . 0187 -0 3963 -0 3230 
WB12 -1.4620 0 . 0234 -1 5078 -1 4162 
WB13 -0.2831 0 . 0157 -0 3139 -0 2523 

Exponent Parameters for Seasonal Period Lead Time Interactions 
(e.g. B2*T"2 where T=lead time between 0 and 1) 

c 16 0914 0 8948 14 3376 17 8452 
C2 0 8596 0 0560 0 7498 0 9693 
C3 0 3351 0 0153 0 3051 0 3650 
C4 1 4256 0 0308 1 3653 1 4860 
C5 1 2074 0 0642 1 0816 1 3332 
C6 1 5767 0 3297 0 9305 2 2228 
C7 0 7442 0 0524 0 6416 0 8468 
C8 0 6351 0 0199 0 5960 0 6742 
C9 0 8465 0 0342 0 7794 0 9135 
C10 2 2505 0 1032 2 0483 2 4528 
C l l 1 2605 0 0459 1 1706 1 3504 
C12 1 3545 0 0454 1 2655 1 4435 
C13 0 9487 0 0368 0 8766 1 0209 

Exponent Parameters for Weekend Seasonal Period Lead Time Interactions 
(e.g. WB3*WEEKEND*TC3 where T=lead time between 0 and 1, WEEKEND=1 i f a Friday 
or Saturday night) 

wc 2 7774 0 1658 2 .4525 3 . 1023 
WC3 -0 2562 0 0167 -0 .2890 -0 .2234 
WC4 1 0027 0 1612 0 .6868 1 .3186 
WC5 -0 0232 0 0468 -0 . 1149 0 . 0685 
WC6 0 1010 0 2468 -0 .3829 0 . 5848 
WC7 0 1942 0 2051 -0 .2078 0 . 5963 
WC8 0 3478 0 0695 0 .2116 0 .4841 
WC10 -0 1091 0 0103 -0 . 1292 -0 . 0889 
WC11 -0 1494 0 0583 -0 .2637 -0 . 0351 
WC12 -0 0289 0 0143 -0 . 0568 -0 . 00094 
WC13 0 1968 0 1010 -0 . 30116 0 .3949 
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B a s e l i n e R e g r e s s i o n (non l inear ) T w o B e d r o o m M o d e l 

Dependent Variable FIT_2 
Method: Gauss-Newton 

NOTE: Convergence c r i t e r i o n met. 

E s t i m a t i o n Summary 
Method 
Ite r a t i o n s 
R 
PPC(C_1011) 
RPC(C_1011) 
Object 
Objective 
Observations Read 
Observations Used 
Observations Missing 

Gauss-Newton 
45 

8 .307E-6 
0 .000196 
0.000254 
1.88E-10 
7532086 
131586 
131586 

0 

NOTE: An intercept was not s p e c i f i e d f o r t h i s model. 

S o u r c e DF 
Regression 85 
Residual 131501 
Uncorrected Total 131586 
Corrected Total 131585 

Sum o f 
S q u a r e s 

69107115 
7532086 

76639201 
41937547 

Mean 
S q u a r e 
813025 

57 .2778 

F V a l u e 
14194.4 

A p p r o x 
P r > F 
< .0001 

A p p r o x A p p r o x i m a t e 95% C o n f i d e n c e 
P a r a m e t e r E s t i m a t e S t d E r r o r L i m i t s 

Yearly Trend Parameters 
TREND1 35 . 7075 0 3258 35 0689 36 3461 
TREND2 14 .4171 0 1286 14 1650 14 6691 

3 e r i od Parameters (Summer) 
P1_DE 1 . 9699 0 1060 1 7621 2 1776 
P1_FG 2 .2014 0 1100 1 9858 2 4170 
P2 1 .4666 0 1485 1 1756 1 7577 
P2_B -0 .3220 0 0322 -0 3851 -0 2589 
P2_D -0.1274 0 0290 -0 1843 -0 0705 
P2_E 0.9098 0 0208 0 8691 0 9506 
P2_F 1 . 0240 0 0207 0 9835 1 0646 
P2_G 1 .6122 0 0375 1 5387 1 6856 
P3 3 . 8499 0 1075 3 6392 4 0605 
P4 3 .6717 0 1059 3 4642 3 8793 
P4_B 0.0416 0 0121 0 0178 0 0653 
P4_C 0 .1129 0 0120 0 0894 0 1364 
P4_E -0.2848 0 0130 -0 3103 -0 2593 
P4_F -0 .1618 0 0126 -0 1865 -0 1371 
P4_G -0 . 5726 0 0155 -0 6031 -0 5422 
P5 1 .9732 0 1230 1 7321 2 2143 
P5_B -0 .3236 0 0231 -0 3689 -0 2782 
P5_C -0 . 5789 0 0261 -0 6301 -0 5277 
P5_D -0.3272 0 0232 -0 3727 -0 2818 
P5_G -1. 0436 0 0640 -1 1690 -0 9183 
P6 -1.1979 0 2356 -1 6596 -0 7362 
P6_C -0.5374 0 0928 -0 7193 -0 3555 
P6_D -0.7844 0 1114 -1 0029 -0 5660 
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Basel ine Regress ion (nonlinear) Two Bedroom Model (contd.) 

P a r a m e t e r E s t i m a t e 
A p p r o x A p p r o x i m a t e 9 5% C o n f i d e n c e 

S t d E r r o r L i m i t s 
Period Parameters (Winter) 
P7_B 0.2209 0 0415 0 1396 0 3022 
P7_C -0.1911 0 0485 -0 2862 -0 0960 
P7_D 0.4585 0 0390 0 3821 0 5348 
P7_E 1.7226 0 0351 1 6539 1 7914 
P8 5 .2560 0 1057 5 0488 5 4632 
P8_B 0.43 98 0 0154 0 4098 0 4699 
P8_C -0 . 5051 0 0196 -0 5434 -0 4668 
P9 3.4555 0 1041 3 2515 3 6594 
P9_C -0.1193 0 0149 -0 1485 -0 0900 
P9_D 0.1611 0 0137 0 1342 0 1880 
P9_E 0 . 6330 0 0127 0 6080 0 6579 
P9_FG 0 . 8219 0 0130 0 7965 0 8474 
P10 6.3793 0 1105 6 1627 6 5958 
P10_B -0.4505 0 0209 -0 4915- -0 4094 
P l l 4.6634 0 1049 4 4578 4 8691 
P11_B 0.0391 0 0143 0 0111 0 0670 
P11_C -0.7306 0 0367 -0 8025 -0 6588 
P12 5.8774 0 1075 5 6667 6 0882 
P13 4.4725 0 3508 3 7850 5 1600 
P13_B -0.3237 0 0126 -0 3485_ -0 2990 
P13_C -1.1948 0 0159 -1 2261 -1 1636 
P13_D -2.0204 0 0210 -2 0615 ' -1 9793 
P13_E -2.9338 0 0346 -3 0015 -2 8660 
P13_F -4 .2937 0 2173 -4 7195 -3 8679 

Day of Week Parameters 
Dl 
D4 
D5 
D6 
D7 

(1 = Monday) 
-5.5321 

1060 
5753 
6332 
0605 

0 . 1047 
0 .00608 
0.0101 
0.0100 
0.00614 

Period Lead Time Interactions 

-5.7373 
0 .0940 
0 .5556 
0 .6136 
0 . 0485 

-5 . 3269 
0 .1179 
0 .5950 
0.6529 
0 . 0726 

B 1 1450 0 0173 1 1111 1 1790 
B2 1 2430 0 1010 1 0451 1 4409 
B4 0 9535 0 0213 0 9118 0 9951 
B5 0 8846 0 0714 0 7446 1 0246 
B6 2 2000 0 2192 1 7703 2 6297 
B7 2 0859 0 1086 1 8730 2 2989 
B8 0 4572 0 0370 0 3846 0 5298 
B_1011 0 3312 0 0279 0 2766 0 3858 
B12 0 2207 0 0374 0 1474 0 2941 
B13 0 8927 0 3290 0 2479 1 5374 
Briod Lead Time Interactions 
WB 0 3940 0 0159 0 3628 0 4252 
WB3 0 5351 0 0331 0 4703 0 5999 
WB4 -0 5179 0 0117 -0 5408 -0 4949 
WB5 0 8392 0 0270 0 7863 0 8921 
WB6 1 0675 0 1054 0 .8609 1 2741 
WB7 0 1479 0 0288 0 0915 0 2043 
WB8 -0 9414 0 0260 -0 9922 -0 8905 
WB10 -2 3222 0 0348 -2 3903 -2 2541 
WB11 -0 4434 0 0193 -0 4814 -0 4055 
WB12 -1 9353 0 0274 -1 9890 -1 8817 
WB13 -0 7828 0 0138 -0 8097 -0 7558 
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Basel ine Regress ion (nonlinear) Two Bedroom Model (contd.) 

A p p r o x A p p r o x i m a t e 9 5% C o n f i d e n c e 
P a r a m e t e r E s t i m a t e S t d E r r o r L i m i t s 

Exponent Parameters for Seasonal Period Lead Time Interactions 
B2*T°2 where T=lead time between 0 and 1) 

C 0 . 9418 0 . 0258 0.8912 0 9923 
C2 0 .6642 0 . 0926 0 .4826 0 8458 
C4 1.4767 0.0718 1.3360 1 6174 
C5 1.4063 0 . 1725 1.0681 1 7444 
C7 0.2152 0.0197 0.1767 0 2538 
C_1011 4 .1863 0 . 6267 2.9580 5 4145 
C13 0 . 1883 0 . 0928 0.00636 0 3703 

Exponent Parameters for Weekend Seasonal Period Lead Time Interactions 
(e.g. WB5*WEEKEND*T>,C5 where T=lead time between 0 and 1, WEEKEND=1 if a Friday 
or Saturday night, 0 otherwise) 

WC 6.2312 0.4447 5.3596 7.1028 
WC5 0.3805 0.0744 0.2347 0.5263 
WC8 0.1220 0.0207 0.0815 0.1625 
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Basel ine Regress ion (Poisson) Three Bedroom Model 

M o d e l I n f o r m a t i o n 

Data Set MONTH.ALL_TR_3 
D i s t r i b u t i o n Poisson 
Link Function Log 
Dependent Variable FIT_3 
Observations Used 131586 

C r i t e r i a F o r A s s e s s i n g Goodness Of F i t 

C r i t e r i o n DF Value 
Deviance 13E4 154544.8740 
Scaled Deviance 13E4 154544.8740 
Pearson Chi-Square 13E4 147757.0998 
Scaled Pearson X2 13E4 147757.0998 
Log L i k e l i h o o d 14550.0430 

Value/DF 
1.1752 
1. 1752 
1.1236 
1.1236 

The GENMOD Procedure 
Algorithm converged. 

An a l y s i s Of Parameter Estimates 

Standard Wald 95% Confidence Chi-
Parameter DF Estimate E r r o r L i m i t s Square Pr > ChiSq 
General Intercept Parameter 
Intercept 1 -1.2267 0.0309 -1 2873 -1 1662 1577 68 < 0001 
Seasonal Period Parameters (Summer) 
SI B l 0.2301 0.0350 0 1616 0 2987 43 27 < 0001 
S1_C l 0.6894 0.0317 0 6273 0 7516 472 35 < 0001 
S1_D l 0.9263 0.0298 0 8679 0 9846 968 54 < 0001 
S1_E l 0.6613 0.0302 0 6022 0 7205 480 27 < 0001 
S1_F l 0.7138 0.0324 0 6502 0 7774 484 16 < 0001 
S2 l 0.6046 0.0373 0 5315 0 6776 263 08 < 0001 
S2_B l -1.2675 0.0330 -1 3322 -1 2028 1473 06 < 0001 
S2_CD l -0.3522 0.0197 -0 3909 -0 3136 318 44 < 0001 
S2_E l 0.3997 0.0195 0 3615 0 4379 420 80 < 0001 
S2_F l 0.6024 0.0188 0 5656 0 6393 1024 93 < 0001 
S3 l 1.7301 0.0540 1 6243 1 8359 1026 51 < 0001 
S4 l 1.4885 0.0331 1 4237 1 5534 2025 74 < 0001 
S4_B l 0.2730 0.0132 0 2472 0 2989 428 48 < 0001 
S4_D 1 0.0595 0.0142 0 0316 0 0873 17 52 < 0001 
S4_E l 0.2020 0.0135 0 1756 0 2285 223 57 < 0001 
S4_F l 0.0926 0.0140 0 0651 0 1201 43 50 < 0001 
S5 l 1.3419 0.0340 1 2753 1 4085 1558 97 < 0001 
S5_B l -0.3028 0.0168 -0 3358 -0 2698 324 18 < 0001 
S5_C 1 -0.2754 0.0166 -0 3080 -0 2428 273 77 < 0001 
S5_D l -0 .4254 0.0176 -0 4599 -0 3908 582 41 < 0001 
S5_E l -0.1264 0.0158 -0 1573 -0 0955 64 35 < 0001 
S6 l 1.0702 0.0352 1 0012 1 1392 924 57 < 0001 
SS_C l -0.1081 0.0178 -0 1430 -0 0732 36 86 < 0001 
Seasonal Pei'iod Parameters (Winter) 
Wl 1 0.3386 0.0404 0 2595 0 4178 70 25 < 0001 
W1_B 1 -0.1563 0.0255 -0 2063 -0 1063 37 52 < 0001 
W1_C 1 -0.2723 0.0264 -0 3239 -0 2206 106 77 < 0001 
W1_D 1 0.0777 0.0240 0 0305 0 1248 10 43 0 0012 
W1_E l 0.3322 0.0253 0 2826 0 3818 172 49 < 0001 
W2 1 2.3765 0.0337 2 3105 2 4425 4979 85 < 0001 
W2_C 1 0.1324 0.0187 0 0957 0 1691 50 04 < 0001 
W3 1 1.6435 0.0347 1 5755 1 7115 2245 51 < 0001 
W3 B l -0.3153 0.0186 -0 3518 -0 2787 286 07 < 0001 
W3_C 1 -0.2188 0.0181 -0 2544 -0 1833 145 56 < 0001 
W3_D 1 -0.1544 0.0178 -0 1893 -0 1194 75 03 < 0001 
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W3_E 1 0 3329 0 0159 0 3018 0 3640 440 38 < 0001 
W3_F 1 0 0382 0 0179 0 0031 0 0734 4 55 0 0329 
W3_G 1 -0 3396 0 0564 -0 4501 -0 2291 36 29 < 0001 
W4 1 2 8293 0 0349 2 7610 2 8976 6590 30 < 0001 
W4_B 1 -0 1838 0 0212 -0 2254 -0 1423 75 28 < 0001 
W5 1 2 2089 0 0357 2 1391 2 2788 3836 97 < 0001 
W5_B 1 0 0583 0 0159 0 0271 0 0896 13 38 0 0003 
W5_C 1 -0 3978 0 0323 -0 4612 -0 3345 151 44 < 0001 
W6 1 2 9556 0 0347 2 8875 3 0237 7235 79 < 0001 
W6_B 1 -0 0808 0 0275 -0 1347 -0 0269 8 64 0 0033 
W7 1 2 5086 0 0334 2 4431 2 5741 5628 91 < 0001 
W7_B 1 -0 1997 0 0132 -0 2256 -0 1737 227 40 < 0001 
W7_C 1 -0 4802 0 0144 -0 5083 -0 4520 1116 46 < 0001 
W7_D 1 -1 5010 0 0208 -1 5418 -1 4602 5202 78 < 0001 
W7_E 1 -1 3569 0 0216 -1 3993 -1 3145 3932 15 < 0001 
W7_F 1 -1 8073 0 0524 -1 9100 -1 7046 1189 47 < 0001 
Day of Week Parameters 
TUE l 0 0254 0 0067 0 0123 0 0385 14 45 0 0001 
WED l 0 0499 0 0066 0 0369 0 0629 56 33 < 0001 
THR l 0 0996 0 0066 0 0868 0 1125 230 23 < 0001 
SAT l 0 0635 0 0059 0 0518 0 0751 114 60 < 0001 
SUN l 0 1013 0, 0066 0 0885 0 1142 238 64 < 0001 
Lead Time Element Parameters 
T2 l 1 1060 0 0299 1 0475 1 1645 1372 37 < 0001 
T2_P2 l 0 4936 0 0380 0 4192 0 5680 169 12 < 0001 
T2_P3 l -0 1624 0 0633 -0 2866 -0 0383 6 58 0 0103 
T2_P4 l -0 0914 0 0340 -0 1580 -0 0249 7 25 0 0071 
T2_P5 l -0 1722 0 0355 -0 2419 -0 1025 23 47 < 0001 
T2_P6 l -0 1601 0 0390 -0 2365 -0 0838 16 89 < 0001 
T2_P7 l 0 4128 0 0420 0 3305 0 4951 96 65 < 0001 
T2_P8 1 -0 7417 0 0374 -0 8150 -0 6684 393 03 < 0001 
T2_P9 l -0 2746 0 0348 -0 3428 -0 2063 62 19 < 0001 
T2_P10 l -0 7608 0 0396 -0 8385 -0 6832 368 68 < 0001 
T2_P11 l -0 6391 0 0394 -0 7164 -0 5619 263 22 < 0001 
T2_P12 l -0 8468 0 0396 -0 9245 -0 7691 456 21 < 0001 
T2_P13 l -0 5886 0 0350 -0 6571 -0 5200 283 20 < 0001 
Weekend Seasonal Period Parameters 
WKD_P1 l 0 3230 0 0183 0 2872 0 3588 312 86 < 0001 
WKD_P2 l 0 3852 0 0141 0 3575 0 4128 746 39 < 0001 
WKD_P3 l 0 3355 0 0359 0 2651 0 4060 87 20 < 0001 
WKD_P4 l 0 2380 0 0109 0 2166 0 2593 478 09 < 0001 
WKD_P5 l 0 6723 0 0120 0 6488 0 6958 3140 29 < 0001 
WKD_P6 l 0 4085 0 0156 0 3779 0 4391 682 80 < 0001 
WKD_P7 1 0 6866 0 0171 0 6531 0 7201 1617 62 < 0001 
WKD_P9 l 0 2296 0 0120 0 2061 0 2531 366 83 < 0001 
WKD_P10 l -0 4249 0 0188 -0 4619 -0 3880 508 50 < 0001 
WKD_P11 l 0 3183 0 0186 0 2819 0 3546 294 12 < 0001 
WKD_P12 1 -0 5634 0 0216 -0 6057 -0 5210 680 90 < 0001 

Scale 0 1 0000 0 0000 1 0000 1 0000 

NOTE: The scale parameter was held f i x e d . 

7 0 



A P P E N D I X H - A P P R O A C H E S TO BOOKING C U R V E A D J U S T M E N T 

Table 10: Book ing cu rve est imate ca lcu la t ion a p p r o a c h e s 
Method Booking Curve Adjustment 

Calculation 
Reduction in Squared 
Error from Baseline 

Direct Mult ip l icat ive 4 4 . 9 8 % 

M e a n A b s o l u t e P e r c e n t a g e 
Error ( M A P E ) 

(MAPELT_A 1 
+ 1 EBLT_0 

KMAPELT=y J J 

4 4 . 9 6 % 

G e o m e t r i c M e a n Abso lu te 
P e r c e n t a g e Error ( G M A P E ) ®LT=Y 

f GMAPE LT^ N 

\GMAPELT=Y/ 

+ 1 
4 4 . 9 5 % 

M e d i a n Abso lu te 
P e r c e n t a g e Error ( M d A P E ) Dlt=y 

'MdAPE LT=A 

y MdAPE LT=Y y 

+ 1 
4 4 . 9 1 % 

Au to reg ress i ve integrated 
mov ing a v e r a g e ( A R I M A ) 

S e e A p p e n d i x I -

where : 
LT L e a d t ime; number of days prior to a target date. Target 

date occu rs w h e n LT=0. 

ABLT=Y 
Actua l book ings (room nights rese rved to be occup ied on 
the target date) Y d a y s prior to the target date . 

FB Expec ted book ings ( room nights rese rved to be occup ied 
on the target date) Y d a y s prior to the target date. 
Expec ted book ings taken f rom book ing curve base l ine 
mode l for a spec i f i c target date and lead t ime. 

^LT=Y 
where : 

(AR FR N 

L T = Y ~ J7D 
\ ^ D LT=Y ; 

Book ing deviat ion Y d a y s prior to target date 

APELT=Y 

where : 

FR — AR 
^pj? _ LT=Y LT=Y 

L T = Y FB 
LT=Y 

Abso lu te pe rcen tage error Y d a y s prior to a target date. 
Note : A P E is genera l ly ca lcu la ted a s a pe rcen tage of 
actual va lue (AB) , w h e r e a s in this c a s e it is ca lcu la ted as 
a pe rcen tage of expec ted va lue ( E B ) s o that it m a y be 
used a s a multiplier. 

MAPE L T = Y 

where : 

MAPELT=Y = - ^APELT__YJ 

M e a n abso lu te pe rcen tage error Y d a y s prior to a target 
date, n is the number of days in the s a m p l e (n=1,446). 

GMAPE L T = Y 

where : 

GMAPE LT=y = ( T T 
1 1 APE LT=YJ 

V 1=1 ) 

G e o m e t r i c m e a n abso lu te pe rcen tage error Y d a y s prior to 
a target date, n is the number of days in the s a m p l e 
(n=1,446). 

MdAPELT=Y 

where : 
MdAPEir=y = Median{APELT=Yi)\fi e N 

Med ian abso lu te pe rcen tage error Y d a y s prior to a target 
date. N is the s a m p l e set of d a y s Y d a y s prior to a target 
date (N=1,446). 
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A P P E N D I X I - AR IMA MODELL ING OF BOOKING C U R V E A D J U S T M E N T 

T h e short- term book ing curve mode l w a s deve loped to prov ide immedia te es t imates of d e m a n d 

at the resort us ing an E x c e l sp readshee t without any techn ica l a s s i s t a n c e . In order to invest igate 

whether a more thorough p rocedure cou ld provide better es t ima tes (al though requir ing a more 

soph is t ica ted stat ist ical appl icat ion than M S Exce l ) an A R I M A app roach w a s tested for the 

book ing curve adjustment . Book ing cu rve base l ine error is def ined as the d i f ference be tween the 

book ing cu rve base l ine es t imate of book ings to date and actual book ings to date for a spec i f i c 

target date and lead t ime. T h e test w a s to s e e whether an A R I M A ad justed project ion wou ld 

prov ide more accura te resul ts than the direct mult ipl icat ive a p p r o a c h . T h e major d i f ference 

be tween an A R I M A app roach and the direct mult ipl icat ive (DM) app roach is the number of actual 

book ing to date terms used in the book ing curve project ion. T h e D M es t imate u s e s a s ingle 

book ing to date term at the most recent lead t ime and mult ipl ies that by a base l ine der ived 

mult iple. T h e A R I M A app roach es t imates the pattern of base l i ne error te rms (all error terms to 

date for a spec i f i c target date) and projects that pattern out to the target date. T h e projected 

A R I M A error es t imate is then a d d e d to the original base l i ne d e m a n d es t imate in order to ach ieve 

the book ing cu rve project ion es t imate . 

T h e p rocedure w a s to apply s e v e n different A R I M A spec i f ica t ions to book ing cu rve base l ine 

errors prior to a target date, and then use the best fitting A R I M A spec i f icat ion b a s e d on A k a i k e 

Information Cr i ter ion (AIC) to forecast book ing curve errors out to the target date . In order to 

have an adequa te amoun t of data upon wh ich to c rea te an A R I M A fo recas t for e a c h target date, a 

m in imum of 40 data points ( lead t ime days 90 to 50) w a s used to ca l ibrate the A R I M A error 

forecast . A s the target date a p p r o a c h e d , more data w a s used to cal ibrate the A R I M A forecast 

(for examp le , 10 d a y s prior to a target date, 80 data points wou ld be u s e d to ca l ibrate the A R I M A 

mode l ; lead t ime d a y s 90 to 10). In order to determine wh ich A R I M A spec i f i ca t ions were 

appropr ia te, a stratif ied s a m p l e of 4 5 data se ts w a s mode l led us ing s tandard A R I M A p rocedures 

(see B o x & J e n k i n s (1976)) in S A S E T S (Economet r i c and T i m e Se r i es ) stat ist ical sof tware. T h e 

data se ts represen ted an equa l mix of o c c u p a n c y (high, m e d i u m , and low days ) , b e d r o o m s (one, 

two, three plus) , and lead t imes ( randomly c h o s e n be tween lead t ime days 50 and 1). 30 of the 

4 5 s a m p l e data se ts we re comple te ly desc r ibed (white no ise a c h i e v e d in mode l res idua ls ) by 7 

different A R I M A spec i f i ca t ions , whi le the remain ing 15 s a m p l e data se ts whi le hav ing more 

pa ramete rs cou ld be approx imated quite wel l by the 7 bas i c spec i f i ca t ions (see T a b l e 11 for 7 

A R I M A spec i f ica t ions) . 
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Table 11: A R I M A spec i f ica t ions for book ing cu rve error fo recas ts 

Labe l A R I M A 
descr ip t ion 

Determin is t ic 
drift 

Notat ion 

A R ( 1 ) A R I M A ( 1 , 1 , 0 ) N o 

A R ( 1 ) with drift A R I M A ( 1 , 1 , 0 ) Y e s 
Vy, =ju + — 

MA(1 ) A R I M A ( 0 , 1 , 1 ) N o V>, =aXl-9,B) 
M A ( 1 ) w i t h drift A R I M A ( 0 , 1 , 1 ) Y e s Vyi=M + at(l-OiB) 
Whi te no ise A R I M A ( 0 , 1 , 0 ) N o Vy, = a, 
L inear trend A R I M A ( 0 , 1 , 0 ) Y e s Vy, = // + at 

Quadra t i c t rend A R I M A ( 0 , 2 , 0 ) Y e s V 2 y , =ju + at 

W h e r e : 

yt Book ing cu rve error es t imate at t ime t 

at R a n d o m componen t at t ime t 

ju Determin is t ic drift 

B B a c k w a r d shift operator (e.g. Ba, = at_x) 

V B a c k w a r d d i f ference operator = 1-5 (e.g. Vy, = (1 - B)yt = yt - y,_x) 

T h e algor i thm written in S A S E T S mode l led all 7 A R I M A spec i f i ca t ions for a spec i f i c lead t ime 

and target date. T h e speci f icat ion with the lowest A I C w a s then u s e d to fo recast a h e a d h per iods 

(h = lead t ime) to prov ide an error es t imate for the target date. Th is es t imated error term w a s 

then a d d e d to the original book ing curve base l ine for a f inal book ing curve project ion es t imate . 

F ina l A R I M A project ions were then c o m p a r e d to D M book ing cu rve project ions. A s a m p l e of 101 

days (with 50 lead t ime es t imates for e a c h day) spann ing a s a m p l e per iod f rom M a y 15, 1999 to 

J a n . 20 , 2 0 0 2 w a s u s e d to c o m p a r e es t imates . T h e resul ts of the A R I M A me thods we re m ixed . 

B a s e d on the tradit ional M S E metr ic, the A R I M A es t imates were 6 0 % w o r s e than the D M 

es t imates . However , b a s e d on the more robust med ian abso lu te pe rcen tage error ( M d A P E ) 

metr ic (see Equat ion 2 and Equat ion 4), the A R I M A resul ts prov ided a 1 4 % improvement over the 

D M method . D u e to the a d d e d computat iona l cost (in both compute r t ime and mode l 

conf igurat ion) and inabil i ty to imp lement A R I M A methods at the resort, the D M method w a s u s e d 

for the book ing curve adjustment in the book ing curve short- term est imate. 
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