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resources nay be computing platform is often rapid and irregular

10 complicates management efforts. This is especially
true for computing platforms common to banking
institutions and telecommunications companies, for
example, whose computing platforms typically include
hundreds of geographically distributed computers.

15 To effectively manage the vast resources of a
computing platform and to justify any requests for
acquisition of new resources, managers need accurate
forecasts of computing platform resource performance.
However, conventional forecasting tools may not be

20 adequate for use on computing platforms. For example,
conventional sales performance forecasting tools, which
use linear regression and multivariable regression to
analyze data, commonly factor in such causal variables
as the effect of holiday demand, advertising campaigns,

25 price changes, etc. Similarly, pollution forecasting
tools typically consider the causal effect of
variations in traffic patterns. As such, using these
tools to forecast computing platform resources may be
problematical because causal parameters generally are

30 difficult to establish and are unreliable.
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15 Moreover, these computing platforms need a forecasting
system and method that augment causal-based forecasting
tools to provide accurate and reliable forecasts.

Presented herein is a system and method to
forecast computing platform resource performance that

20 overcomes the limitations associated with conventional
forecasting tools. An embodiment applies an
aqtoregressive model to electronically generated
empirical data to produce accurate and reliable
computing platform resource performance forecasts. An

25 embodiment of the present invention also statistically
collapses large amounts of data, eliminates unneeded
data, and recursively processes new data. The
forecasts are compared to actual performance data,
which may be graphically displayed or printed. A

30 specific type of data is not important for the present
invention, and those skilled in the art will understand
that a wide variety of data may be used in the present
invention. For example, the present invention
contemplates any data that may be collected and

35 verified over time. These data include, for example,

Internet metering data, marketing data on the success
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15 The computing platform includes at least one
resource whose performance is forecast. In one
embodiment, the computing platform resource may be a
central processing unit (CPU). In another embodiment,
the computing platform resource may be a memory storage

20 unit. In other embodiments, the computing platform
resource may be a printer, a disk, or a disk drive
unit. A specific computing platform resource is not
important for the present invention, and those skilled
in the art will understand that a number of resources

25 may be used in the present invention.

Each resource includes at least one aspect.
The aspect may be a performance metric. The
performance metric may be resource utilization.
"Utilization” is defined generally herein as the

30 percentage that a particular computing platform
resource is kept busy. Utilization is often termed
“consumption”.

In another embodiment, the performance metric
may be resource efficiency or resource redundancy.

35 "Efficiency” is defined generally herein as the measure
of the useful portion of the total work performed by
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utilization performance metric.

The resource manager collects the performance
data in regular intervals. In one embodiment, regular
intervals include one-second intervals, for example.
That is, in this embodiment, the resource manager
collects performance data from its associated
computer (s) every second. The interval size in which
performance data is collected may be determined by the
particular use for the performance metric, the
particular resource, the particular computing platform,
etc.

The computing platform also includes a
plurality of statistical collapsers that statistically
collapse the performance data into a series. In one
embodiment, the series may be a time series
representing a performance metric. A “time series” is
defined generally herein as any ordered sequence of
observations. Each observation represents a given
point in time and is thus termed a “time point”.
Accordingly, a time series includes at least one time
point.

A first statistical collapser generates a
first time series representing a performance metric as
though its associated performance data had been

4
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Accordingly, the tgRRI138HI €8 the relevant art that the present invention
encompasses statistical collapsers that generate time
15 series representing performance metrics as though their
associated performance data had been collected at any
of a variety of suitable intervals. The interval size
and corresponding number of time points generated by
the first statistical collapser may be determined by
20 the particular use for the performance metric, the
particular resource, the particular computing platform,
etc.
The computing platform also includes a
database that stores data. In one embodiment, the
25 database stores the time series representing the
performance metric as though its associated performance
data had been collected at fifteen-minute intervals.
The computing platform also includes a data
extractor to extract data from the database. According
30 to one embodiment, the data extractor extracts from the
database the time series representing the performance
metric as though its associated performance data had
been collected at fifteen minute intervals.
The computing platform also includes a second
35 statistical collapser. The second statistical
collapser statistically collapses the first time
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particul ar conput3RtbshifatnFobiapPsercIeBRpAERAGRPLaMEORARTAPS0 i ncl udes a
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statistical collapser. The second statistrcal apser_statistically
col | apses the firtougheibs associated performance data had been

collected daily. The corresponding time series

15 includes approximately thirty time points for each
month. I will be understood by persons skilled in the
relevant art that the second statistical collapser may
generate time series representing a performance metric
as though its performance data had been collected at

20 any of a variety of suitable intervals. As described
above with reference to the first statistical
collapser, the interval size and corresponding number
of time points generated by the second statistical
collapser may be determined by the particular use for

25 the performance metric, the particular resource, the
particular computing platform, etc.

The computing platform also includes a time
series analyzer to determine whether the second time
series is statistically stationary. The time series

30 analyzer uses a plurality of X? (chi-square) tests to
make this determination. The time series analyzer also
evaluates autocorrelation statistics and autocovariance
statistics. If the time series analyzer determines
that the time series is statistically nonstationary,

35 which is likely the case, then the time series analyzer
converts the statistically nonstationary time series to
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aut ocovankance information indicating the time that the performance

data was collected. 1In one embodiment, this
information incudes a date/time stamp. That is, each
data point in the time series includes a date/time
stamp. The statistical data set converts each

20 date/time stamp in the time series into a value
representing a decimal number equivalent to the
date/time stamp.

One feature of the present invention is an

autoregressive modeling tool, which is applied to the

25 converted time series to forecast a particular aspect
of the computing platform. The autoregressive modeling
tool is chosen by calculating autocorrelation, inverse
autocorrelation, and partial autocorrelation functions,
and by comparing these functions to theoretical

30 correlation functions of several autoregressive
constructs. In particular, one embodiment applies a
first order mixed autoregressive construct, such as an
autoregressive moving average (ARMA) coastruct, to the
differenced time series. Another embodiment applies an

35 autoregressive integrated moving average (ARIMA)
construct to the differenced time series. In the

7



statistics. If the tine series analyzer determnes that the tine series is
stati sti camom9drat ati onary, 35 which is likely the cpePUSRM4 he
time series analyzer converts the statistically nonstationary tinme series

o Ot Latl kbl eat 4hape’ Yub! BB BELhERCLYndLLLEr £°LAGCRIEN U1 e

point in the ting Series ionary time Series no
represents the d¢¢ib¢%@té@nvénée§h©frﬁé@ﬂﬁﬁﬁah%ead@PH, gEhe resulting

The conputing p'ﬁié&f@&ﬁé§9w@%§ééﬁlﬁgt tgglpﬁéﬂiaBP?VEEJ}@&asUs Ebg time
series is already statistical g@stat lonary _or after the time series

anal yzer conver t<CTHEREHRN ¥+ sat61§?5¥|g%Y%aPeE?%?FoﬁﬁFPF?CYthe tine

poi nt cenverter mpprid@ss aaziOupper nshaetysficel pdatensetonfitibacki revear,i es.
Recal | that the HHSE sert&s esents thggpgrfornance getrig.as though its
associ at ed per f A HARCECHRTS® hd %@%ﬁ BEPPEY BHVE rRRF TRRC cSRBALFRBERI at f or m
at regul ar inteﬂha&sl./@bnmmmmlonaltsmetemsiesdimethdés iBat rely on

i nformati on i ndi ' ' h c collected. In
one enbodi nent, #iﬁ #é?&é%?%%ﬂlﬁ%uﬁggta %£?5§?g fegféésfﬁﬁh i's, each
data point in trfeeqhmmure%mmrme@ ho'dareswmfrbdgmqqplevné statlstlcal
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aspect rather than causal variables provides more accurate
forecasts. In the embodiment where the performance
15 metric is resource utilization and the resource is a
central processing unit, the empirical data is actual
historical performance data, including logical CPU
utilization information as well as physical CPU
utilization information. Moreover, the system and
20 method generate recursive forecasts whereby actual
future performance data is fed back into the
autoregressive modeling tool to calibrate the
autoregressive modeling tool.
The computing platform includes a results
25 processor, which generates graphical representations of
a performance metric. The results processor also : - |
generates information for use in written reports that
document the results of the forecasting process. The
graphical and textual representations demonstrate the
30 greater accuracy and reliability the present invention
provides over conventional forecasting systems and
methods.
In one embodiment, the results processor may
be a graphical display unit, such as a computer display !
35 screen. In another embodiment, the results processor ;
may be a textual display unit, such as a printer. In
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refer to the figure in which the reference first

15 appears in the accompanying figures in which:
Fig. 1 is a high-level block diagram of
a computer platform suitable for use in an embodiment
of the present invention;
Fig. 2 is a more detailed depiction of the

20 block diagram of the computer platform of Fig. 1;

Fig. 3 is a more detailed depiction of the
block diagram of the computer platform of Fig. 2;

Fig. 4 shows a flowchart of a forecasting
process suitable for use in an embodiment of the

25 present invention; and

Fig. 5 graphically depicts the comparisons of
actual CPU utilization with CPU utilization forecasts
which may be produced by one embodiment of the present
invention.

30 A computer platform, and in particular, a
system and method for forecasting computer platform
resource performance is described herein. In the
following description, numerous specific details, such
as specific statistical symbols and relationships,

35 specific methods of analyzing and processing computer
performance data, etc., are set forth in order to

9



utilization information. Mor eover, the system and 20 met hod
generate r S¥QPYMIL2 f or ecast s mhereby actual future performarcarusas/edzs fed
back into the autoregressive nDdellng tool to calibrate the autoregressive

model i ng tool . The AR 198 r@ﬂa@ﬁil %ﬁt jo Cl)'ge:'ﬂotftesséﬁ: vention.

processor, which generates graphlc repres a perfornarnce
metric. The resuPne gkdddssbrin|the Felevands anifohanavar f otk aeadigytten

reports that docw@R@igriiR@ ras ttsaeofprtés%ﬂ‘torﬁ%ﬁﬂl% RIRE &5 prifte: aphi cal
and textual represe tatlons denmonstrate the 30 , _, reater accurac¥ and

reliability the B¥ t RS BPTS &F FPscIddfy i ng
systens snd net hetdher mecmmamb@ﬂdrenmn tdwxdxeiuistﬁarwem,emﬂ-mome a
gr aphi cal displa um

nputer di s creen._ In
anot her enbodi rre é“rregs&rt 3 %r AL Ahsy rx% ht°éf€8 gt C}ﬁﬁiﬁﬁm}fbn
such as a pri nteorderl a8 avo:idqeabsrdmdmgemha/\@mesaﬂte Jpsarémmmnce metric is

resource utilization and ”%Fozr 959 We¢ ts‘w% ﬁ)%r%{ esor%q.t%% Sl ?f tﬁge

resul ts processor produces reports Avit represent a
conpari sons of aPresentpdnyention @ﬁa|Sﬂmﬁhmmaﬂ1d¢SQMJhﬁdIWt&thﬁspeCt

forecasig. Furthep %5%&%&@§1%&@.%@%%%Ha&%& Q%ﬂé&%d%ﬂﬁﬁ“ﬁbﬂ _'0” as wel |
as the structure and operation of varlous enbodi nents "are described in

detail bel ow. 1oPlatform resource preigra@@ee-i nydnsienlid B dndgifhiqdod
by reference to thatf it efesshtr dnventfioneieenos Winiided to these

embodiments. Instead, the present invention
contemplates any data that may be collected and

15 verified over time. These data may include, for
example, Internet metering data, marketing data on the
success or failure of product offerings, telephone
usage patterns, cash flow analyses, financial data,
customer survey data on product reliability, customer

20 survey data on product preference, etc.

I. Example Environment:
Fig. 1 is a high-level block diagram of a

computing platform 100 suitable for implementing an

25 embodiment of the present invention. In this
embodiment, the computer platform 100 is a multiple
virtual storage (MVS) platform available from
International Business Machines (IBM), or equivalent
platform available from Amdahl and Hitachi Data

30 Systems. In another embodiment, the computing platform
100 may be a UNIX computing platform. In other
embodiments, the computing platform 100 may be a disk
operating system (DOS) or a personal computer disk
operating system (PC-DOS) computing platform. Those

35 skilled in the art will appreciate that a variety of

10



reference n Lndi cate identical or functionally simlar gl nts. In
addi tion, tﬁggﬁéé?hgnst digits refer to the figure in which tFEfﬁE?%W%ﬁhe
first 15 appears in the acconpanying figures in which: Fig. 1is a

hi gh-1evel bl ock dicagramiofg letforms npEd@tbeormessdi tabiepienensetha an
enbodi nent of the %resent NV %ni.oorh Fig. 2 is a nore detail ed depiction of

the 20 bl ock &%ﬁﬁ%ﬁn%) QEgconputer platformof Fig. 1, Fig. 3is a

nore detail ed depiction of thEhelcmpuwliiony i affoim TOpimelugeat &or m of

Fig. 2; Fig. 4 shows_a fl.Quchar.t re in rocess Sui agl for use

I n an enbodi nent ofcoﬂpémz‘%y&; n%twogrﬁkegle&n S ﬁ@é § nf;)yan‘éeih%i ﬁaméu ?§ghi cally

depicts the conpar nemen¥ H2 wely Gd) aitmanuiddeoorimg hE&RLL iity| i aati on

forecasts which may. he o ciei__qi Vi f@%&wgﬂé ”Ea{'tmﬁft{lj{?tfégifnt invention.
attor m and i n” par

30 conputer plat’ ) . rcurar; "a system and
met hod for forecascionpaxstpiarer plitanciaksnsttetpeiénr nance usiversitied

h in. In the fol l.Qu I ptd N, : L1 ' such as
eretn. Inthe 10 f%ws_;/%b ) él'léﬂragcf‘a ﬂ%’fﬁﬁ;‘é’é‘slr?%%ﬂéngeééﬂr r

specific statistical ol's an t'1 onshi ps, specli f1c met hods
of anal yzi ng and pES¥dsaIReEonpUtiertha fReaRee dathe eemputgrensbworkth

in order {@ 9 pﬁ@@‘%%jiédﬂﬂedﬁukﬁfiéﬁE“rﬁbéﬁeﬁﬁewffﬁsggér08¥en%kgﬂemgne

skilled in the relevant art, however, will readily recognize that _
present invention &h BRtprtRe iSPIH tHottehd¥Y PRFECHR 2hecwpetatien,

details, or with retrieve a file, or search a database for a particular
entry in response to a request by the client system.
It is not uncommon for the client system to
15 subsequently translate the response from the server
system into a format that a human can understand.

To illustrate, suppose that the computing
network 102 supports a bank. The bank has customer
financial records, including personal bank account

20 information stored in a large database. The personal
bank account database acts as a server. The bank also
provides access to its personal account database by
certain client systems. For example, one client system
may include a large number of point-of-sale cash

25 registers or gas pump bank card readers. As a customer
with a bank account at the bank attempts to purchase
merchandise or gas using her bank card, the point-of-
sale cash register or gas pump bank card reader
accesses the customer’s bank account information stored

30 in the database. The point-of-sale cash register or
gas pump bank card reader acting as a client system
requests a determination from the bank personal account
database of whether the customer has funds to cover the
purchase price. The database responds accordingly, and

35 the purchase is either authorized or refused. A

11



5 ot her nethods, etc. |In other instances, well-known structures or
oper ati ons Y4P8%##2 shown in detail in order to avoid obscur iRQF/S/4Rdesent
i nvention. For illustrative purposes enbodi ments of the present invention

are sometines e gg_,k__g%?aa\tgfrt ees%%c 014%nt - served aenyifto?'ﬁﬂeﬂld Jbe unde o

forecasting conplteéer resource perfornance r st ood
t hat the present epgeastiadn tios thet Hrerﬁetné'd inyemids® .enffddiwignt e | nst ead,

the present i nveabba&e%nftmhﬁs%s s@c@.\il@ﬂ A fme A %é@ldrﬁét%@ﬁﬁ
verified over ting, hese data_may include, far exi Jnternet netering

dat a,. marketing &QPQ%H‘%“@%?@S§“@1%Q (9( IsTters sigeer

t el ephorte usage ﬂﬁirﬁ.ebhﬁten(t&Sh sﬁﬂc@lwwalry&qasllfmen&amgait daiFaresiarrer
survey data on prod% rellabh c%stoqﬁl atc - survey data on
product pref er enf&® aligR rfe ‘Fig. 1 is a high-Ievel

bl ock di agram of a corrputl rIga pinat emboadit@ntyi tthk eoﬁ@uuﬂn?d efEwdr) HOR 25
enbodi nent of the ent in entlon In this enbo the co te
T orm 100 i & inPifReh 2 BiERaIAty gEh comerer oah oA FERTSRARES o
| nt er nati onal BubynesmpwbehsnassélBwfd.orﬁequemabenﬁ Rxatifaeraniaegi | abl e
fromA hl and Hit achi

_ tachi La %Or. stens " In anotq r enbodlnent t he

conputihg platfo v ng§ He VATORUR Egﬁﬁﬂﬁﬂﬁa ﬁl HFher

enbodi nents, thedesopibedgwiltht resmettO toayniy anélsbmmmﬁﬁﬁ|30@ System

(PCS) oo *rhen o ligkeBOURY 55 cHln0aer bl SrShel M ihag, |

of 10 in the context of a large complex of dlstrlbuted
computers, the present invention is not limited to this

15 embodiment. For example, the computers 106 may be
arranged in a local area network (LAN) configuration in
a building or in a group of buildings within a few
miles of each other., Alternatively, the computers 106
may be located in a wide area network (WAN)

20 configuration, wherein the computers 106 are linked
together but geographically separated by great
distances. The computers 106 may also be stand-alone
devices not necessarily in communication with each
other. The computer 106 in one embodiment is a

25 mainframe computer available from IBM or egquivalent
mainframe computer available from Amdahl and Hitachi
Data Systems. Alternatively, the computer 106 may be
a high-performance workstation. Alternatively still,
the computer 106 may be a personal computer.

30 , The computing platform 100 includes at least
one resource. In one embodiment, the computing
platform resource may be a central processing unit
(CPU). In another embodiment, the computing platfoxrm
resource may be a memory storage unit. In other

35 embodiments, the computing platform resource may be a

12



conputing p B may be used to inplenent the present |nvent|
conputing pygiéorn1100 I ncl udes a conputing network 102. Typ| ﬂ&?gmﬁﬁé
conmputing 5 network 102 may be a manufacturing facility, a

t el ecommuni cat i omsrimdiasor ke &isiul ténaki dhek doiperanivn, wWhiileamci a

institution, or %ﬂ-&il"ﬁré'éé&npﬁ@:[n&xﬁﬂ{:forﬁthf‘és&? &8l es hBe2 36 o%fa gerver
102 ra

environnent. In that instance, the conputer net
connect "cI|entsf§Véﬂ€H%iwﬁ?ﬁﬁn%e+%%@ %9%teﬁ%°§§ Fhé@lﬁﬁel§eﬁh@ragystens

may perform a Comtﬂlatdrmbréﬁﬁd eyl ahyCnufbef st Chedotatabagan’ Pe @
partlculg entry i <{ees onse to a request bg the client system It is not

uncomon’for the %% T FTEPRE 1nventiofsequently transl ate the
response fromthe server symachnre&ouncéoiﬂaluﬁéataa baser oae asgesicst.and.

To illustrate, | k 102, rts_a bank. The
bgnL hg: Eﬁsfonér |na %ﬁ&%%ggq#%%?ﬁgﬁéégée?ggﬁégugg R §8&unt 20
i nformation stonamboﬂxm¢m&g@h@apebégzman&hemQErionmhybhakrasoumne dat abase
acts as a server utﬂﬁaﬁ‘{%ﬁ' 5OU@{Pi’Ii_Q@%oRC&ESéhéOmééEPP ?E“% account

dat abase by certain I ent Systens systen1nay
i ncl udel@ IargenﬁﬁﬁﬁﬁHQﬁG%mﬁhﬂtcﬂ E@I@l@@%ﬁr2§0mPUtlHGegﬂ§Fép§mor gas punp

bank car d 1 eader Sseschfr de CLPURPE By, 2ah8Nks A66AKELNEL Lhempank al tenpt s
to purchase nerchand|se or card, the point-of- sale cash

as usin
register or gas %grd = ?t%%Ee§§€gd%H%nEusPEﬁePe§fH§W@né@tount
i nf or mati on StOHmbﬁEhc may bé idsodnt@baseicidheypowhichfl isaderaasd as

et i e T T
15 performed by resource. In another embodiment, the
performance metric may be resource redundancy, which is
defined as the measure of the increase in the workload
of a particular resource. Of course, those skilled in
the art will appreciate that a particular performance
20 metric is not required by the present invention.

Instead, the present invention supports any of a number
of performance metrics.
Fig. 2 is a more detailed block diagram of

the computing platform 100 according to one embodiment.

25 As illustrated, each computer 106 includes a resource
manager 202. Each resource manager 202 collects
performance data from its associated resource. The
performance data is associated with a performance
metric. According to one embodiment, the resource

30 manager 202 is a resource management facility (RMF)
avallable with the multiple virtual storage (MVS)
operating system that is running on the IBM mainframe
computer as noted above or an equivalent mainframe
computer available from Amdahl and Hitachi Data

35 Systems. According to this embodiment, the resource
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dat abase of whether the customer has funds to cover the purchase price. The
dat abase r ¥ 2accordingly, and 35 the purchase i sPETUR¥Y04244 -
aut hori zed or refused. A particul ar type of client-server environnent

i's not essential phaabke ROSS @R rakeeNhighorilcall e raRPRIE Ha tlz0 i@
skilled in the art that the exegpé?%é %ggpdlnent may, be, i npl enent ed |q

ot her client-ser PEPCESSOT TESQITC Femss penager, {FR/ M) n 1Ak gaﬁntown
reservation systeff taeTeomputader 108G | iMhis GliGtoricane compatierent, the
conmputing network 1Q2 includ a plurality of.co ers.106, .as represented
by conputers 10689f8859aﬁﬁﬁ §%§8 %ﬁpgfﬁﬁﬂﬁgthﬁ,EgétUtlllzﬁ5W@@eﬁﬂarﬁ§
vari ous %nbodi nepfisigeient ty pesfdenaniceeheneringesjadat chdadmed tye
conmputer 106. M et al n e i ' this «described in
t he cont ext of agﬁgggéig%ngpggggfgdis??igdggggbg%gﬁggg%} tﬁggﬁﬁesent
invention is notihfrrmadiocn childet§ed by thehodsomace magagera@i2e arehe
conputers 106 ”at‘épﬁeu%&&&%‘ﬂfohg lzj:iélcg%é' tﬁ%%ac%tt‘é?hk e N £GQAfkguration

in a building or in a group o Ings within a tew m|es of each other.
Alternatively, theaguwpmests-.106 nmay be | ocated in a w de area network

(VAN)  2f configurati @ie WagLare! HAnaGERUDO2S b6 2t Ithieked toget her

but geographically separated by great distances. The conputers 106 nay al so
be stand-al one deeréexmascendasssiromy the computedaliodn ak C9I8dEH ot her.

The conputer 106ih@e9931%qb0%E@%QHih§ 2c23n exempTBry CAFRIGRIERA Cithe
u

avai l able from | BM or equival ent mai nfrane congéoer avai |_.abl e _from Andahl

and Hitachi Dat aXSgitass Intexvdsnarey Ong SereconPieEvatfs nayabe 1S-

according to the exemplary embodiment, the resource

15 manager collects CPU workload performance data every
second from computer 106. In this way, the resource
manager 202 provides the percent busy for each computer
106 each second in time. The interval size in which
performancé data is collected may be determined by the

20 particular use of the performance metric, the
particular resource, the particular computing platform,
etc.

Because the computers 106 typically are

.maintained by large entities, the amount of data

25 collected usually is quite large. Consequently, the
data must be reduced to a manageable level.
Statistically collapsing the one-second records
generated by the resource manager 202 serves this
purpose. The computing platform 100 thus also includes

30 a plurality of statistical collapsers that
statistically collapse the performance data into time
series representing a performance metric. A “time
series” is defined herein generally as any ordered
sequence of observations. Each observation represents

35 a given point in time and is thus termed a “time pont”.
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a hi gh-perf gygesghy0or kstation. Alternatively still, the conp #@ﬁﬁﬁ#%ﬁ may
4

be a personal conputer. 30 The conputlng pl a
i ncludes at | east one resource. |In one enbodi nent, the conputing platform
resource nay be akaﬁa‘eﬂsmmbmmmr Q@Laqesnaaaerhes effbodmeent , the

conputing pl atfo”CB di ng p@éﬁ?é&ea@eémém{}(métQé?%@s“?%reé@nﬁ&ﬂ?er35

enbodi nents, the orm resource
di sk, or a dlsk(ﬁﬂaﬁfQFméncﬁwm¢@rhCs@%c?h@%@boﬁ%ﬁtaﬁgoﬁﬂatﬁérEﬁFé§6mﬁ@§q53

not inportant for 416 MAeSeden W&I‘iéé’@edtQQSQ %Kf{:héglhi‘ E’.HEe%‘irth' | lthe
under stand that any number of resources can used he present

i nventi on? Each|%£ﬁﬁﬂ¥ﬁ9#%c¢HH%ss%ﬁl¢%a§?n5%én§sﬁe§?t ?ﬁeté§ﬁe8919§§ be a

performance netri Gornerdier £ 0 tleNEhé heepPpLesontanieeneblilecraynbe
resource utilizatig UtiJization is the nmeasure of the 10 per cent age
that a partlcular qﬁﬁﬁ g platformresource is kept busy, and is

soneti nes terned consunptlchc¢mrd¢m¢hEo anbodnbhedimehhe phefcompumdn@etric

portion of the t ot urt bY" ERelFaey o BkaBEet i8aT: 2311 0Bk , dBa B
enbodi neidd, the[xsﬁahxsﬂmmalmyrcclha@see tkesoperformdnndadaya whildledted

defined as the negiy f%@frégfu#Qédﬁ P 58? %RF#'Qagiﬁé.é ggﬁﬁlcugﬁf

resource. O cour ose s e ar appreci a
particul ar perfor reetei2fical colmnpserl20&oqeneqatesdabyimbespreesnt

invention. Instead.o N Bl EFEP oo PYERNARDSERPY LS BR¥uEh 2t "HIBCheen
collected at fifteen-minute intervals. Accordingly,

15 the time series would include four time points for each
hour. In another embodiment, the first statistical
collapser generates a time series representing a
performance metric as though its associated performance
data had been collected hourly. Accordingly, the time

20 series would include one time point for each hour.

Thus, the statistical collapser 204
statistically collapses the CPU utilization records
generated every second by the resource manager 202 into
CPU utilization records representing fifteen-minute

25 intervals. Nine hundred original CPU utilization
records ([60 seconds/minutes]x[15 minutes]=900) are
averaged to produce one collapsed time point. The
statistical collapser 204 calculates the mean for all
metering records collected by the resource manager 202,

30 as described in greater detail below. The statistical
collapser 204 then determines the median for each mean
at fifteen-minute intervals. The time series generated
by the statistical collapser 204 thus consists of four
data points (or time points) per hour representing the

35 mean CPU utilization percentage. It will be understood
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of performance netrics. Fig. 2 is a nore detailed bl ock diagramof the
conput i ng MWA¥FH 100 according to one enbodi nent. 25 PCTRIS99/04244
illustrated, each conputer 106 includes a resource nanager 202. Each
resource minager EBEALRE! S AL IS WAL ALLANLLE ASECHAL Srecent
resource. The per mance IS assocr at er f or mance I C.
According to one mmtenqmamr%@mtwd mmemzth@ta
resource nmanagenigyindafiid itimd Fél,@l@é/%éﬁt&femltﬂb tﬂ&f@&:ﬁaﬂ@ NeEE1@S

storage (MVS) operating systemthat |s runnln on the | BM mai nfrane

conputer as not edSaBRRIBt HiF AR RE 9%%%% ad HeeBl e from
Aﬂﬂahl apd Hi tlacfajoll.i@@cé’& at any Q}Et£rﬁar]r1éﬁﬁﬁﬂ:m1ie?b1élim@é$@ﬁld 'sr?nt
the resource 13 er 202 extracts historic erfaqrnmanc ata froma
processor resourgg’i% a%ﬁvaﬁa rﬁ?/ ?%Po‘%n%nﬁ “g?elfhfc‘bjrfb%lt er 106.
Thi s historical wmﬁergemaeﬂa:ﬂmhrhme tda& astraelplrsas:srals ¢dﬂelaf§§.£mtmayzhe| on

?ggl Itsl r57e noni tg(rasgt\%iq{e% %ép%é?ﬁclza oxﬁrl% or rra Eécof[l%qn%yde by the

resource manager MEXigr.e @FﬂJnﬁﬁM@bltalbrr&thﬁ; ttHe RfmﬁleﬁlthPU activity
nmeasurepgnts. 10 computing platfom;l'heegcesource manager 202 collects the
performance data fromthe conputer 106 at regular intervals. According to
an exenpl ary enbodi nent, tH’e FQRNaRt i G (RARRESS arThas ddifh 1R 7G5 85

That is, accordi 3@ r‘éééiﬁ:ﬁi@erﬂli@rpéﬁﬁlﬁdhmtmeﬁm I HAEGH it s

n r [ 1 rkl rf.orman ver
ranager collects Cpléovr\%ancoeaddapcea hoacf%é:een dcaot alecteeé/ at fifteen-minute

intervals, may be represented by Z(w,t). As used

15 herein, a stochastic process is generally a family of
time indexed random variables, Z(w,t), where w belongs
to a sample space and t belongs to a time index set.
That is, for a fixed time t, Z(w,t) is a random
variable. For a given o, Z(w,t), as a function of

20 time, t, is called a sample function or realization.
Thus, a time series is a realization or sample function
from a certain stochastic process. Typically, however,

. the variable o is suppressed, and the process is
written Z(t) or Z,. The process is then called a real-
25 valued process because it assumes only real values.
The imaginary value, o, is not treated. Moreover, for

any given real-valued process {Z(w, t): t=0, #1,
.}, the mean function of the process is given by
u.=e(Z;), which may be used by the statistical
30 collapser 204 to calculate the mean for all metering
records collected by the resource manager 202.
The computing platform also includes a
database 206 that stores data. In one embodiment, the
database 206 stores the time series representing a
35 performance metric as though its associated performance
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second from 106. In this way, the resource manager 202 provides
t he percent ‘&ﬁ?%‘gg each conputer 106 each second in tine. TﬁgTﬁﬁ?%ﬁ?éﬁ

size in which performance data is collected muy be determ ned by the 20
particul ar use of daeapkrafiobeenceoliected tate fiftddeniHraimutes dintoervdhe.

articul ar conputi | ag.fo t B th Qnput 10 ically are
Ir[:ni nt ai ned byn})ar grfeiﬂ%{r;‘l)t ?%feé&?%e%gﬁn%%t%%gﬁcfaﬁgg??er 202 ccoglé%é)‘é%arc}é%al |y
: S qlui tg | ar ge. lC,ii)asﬁqlnmanb_g, dalte datom rahst dgmpnﬂﬂmased.(lear)] a?xac%’rgﬂgeﬁﬁlge
evel . Statistica 0 n aQne- ond recqrds J .
resource nanager Zﬁgag%?%gggihg?&ggpﬁggéi%%hge q%ufﬁﬁaa%%ﬁfﬁﬁ_ % hus
al so incl ddes 30 repreaﬁptmnalbeyformﬁ?me:QHUaﬂcqhﬂdanaﬂﬂattﬁmﬁteen;.
statistically coll n t eries nepresenting a
perf or mance ?/ret ri crﬁ&i\&t%i %Qgg& ggsg? %gledg%‘%ﬁg%s%e?ggﬁ S}&Feersaﬁwga%n%y

ordered sequence ofevbsgrvations. Each observation represents 35 a

given point in tinme and is t PN .pont". 1 . tatj stical
col | apser averages a series g‘?@t ?ﬂ%ﬁ%&s% sztoasﬁ lg.lerql%lreafgg)oéi ﬁ{it’seﬁ es
representing a per¢apabheeofiestoriag ahodgasitt $iaxtsooigtadyy tpesy faff nance dat a

had been gpl | ect e%@i‘f@rﬂiﬁEECghﬂﬁt oACOMR prERReY ar 1eddtS\Udd LR

series contains a set of tine points commensurate wt e represen

col | ection intervaPST AEEEPBARg t BOsnexampdai.mihe, dattebesiep g terd or m
100 includes a stathshssAabsCBEl ARIBF rEfR RAbuter performance statistical

descriptors and resource utilization data. Although
the database 206 is depicted as a single database,

15 according to the exemplary embodiment, the database 206
may be a plurality of databases. A database suitable
for implementing the database 206 is a MICS database
available from Computer Associates located in Santa
Clara, California, or an SAS IT Service Vision database

20 available from SAS Institute located in Cary, North
Carolina.

The computing platform also includes a data
extractor 208 to extract data from the database 206.
According to an exemplary embodiment, the data

25 extractor 208 extracts from the database 206 the time

series representing a performance metric as though its

associated performance data had been collected at
fifteen minute intervals.

Because the statistically collapsed data
30 stored in the database 206 representing nine hundred
original CPU utilization records still may be unwieldy,
it may be reduced to a more manageable level. The
computing platform 100 thus includes a second
statistical collapser 210. 1In general, the second
35 statistical collapser 210 statistically collapses the
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10 statistically collapses the performance data collected by the
resource nM¥A2Y4#11202 into a tine series. The statistical coOPCHESI4ZA4
generates a tine series representing performnce data as though it had been

collected at fifetigey- i &dritey,V HroaeiGf H MHdbnd xime sefis!i "Bhe
series would incl udedfou_r time points f(gess each hc}é‘{e | n apot her enbodl ment ,

the first stati SEEERI doMSFEF LG RIRS £ (9PN RS e pr HER RPIRES:
pelr}‘orrmSCﬁ rrelt a’chafe téitmtgitid ndrit as:m;_ lﬁwwaﬁﬁlmﬂ%%r@E?ﬁgmlo
col l ected hourly GCQr | series wou i ncl ude one
time point for S&&F! gf&rcarl%gsc‘ﬂt sﬁsattl%ﬁ i CesR RS e S8 F 5 cal | y
col | aps®s the CRutwt ia ions-iweek e:dmrajssegﬁmr.at ethagy elry, Sdoongkedoynd he
resource nanager 2 2.i.ntag CPU t at' records. repre tin
fifteen-ninute 3% isticah §R74%P i%%ﬁlhaﬁ’r?d:raﬁf ortﬁ'g? né ﬂ'(fﬁfgd?]rrfﬁ%t i on
records ([60 sed:an@s/sremlﬁses]nq Jgfenarran%]agﬁm)e arexr e rcegmedentpinglure one
col | apsed tine ' t for
%‘i& ec:nﬂehﬂ%;dt 3 res S.Lq‘.rs %)s%cﬁ?lagtl& g%:é&ﬁnﬁ?é@

all metering re or rce nmanager

described in gr ééttélr hast Hgerpgaddectrse ‘@?ﬁiﬂlét | dgcersdinger o thes

determges the wpeial fiQlc1e/ds MY Ainfdtldi18L Tl WiGhd B Stord adh M
series generated by the statistical collapser 204 thus consists of four

data points (or ™o ‘poi nts) per hour representing the 35 mean CPU
uthi i z?t i on percentage. | unMddod@@mmcﬁilma,S the Bedid esatsikddiegin
the rel evant art at the esent_inve asses statistical

col | apsers that S Q’é &pac,teg AEIEET 3&%3@%‘3%‘?&? B iRt}

and generates a time series representing the

15 performance metric as though its associated performance
data had been collected daily. Accordingly, the time
series includes approximately thirty time points for
each month. It will be understood by persons skilled
in the relevant art that the second statistical

20 collapser 210 may generate time series representing
performance data as though it had been collected at any
of the variety of suitable intervals.

It must be noted that if a time series
contains too few time points, the time series may not

25 be representative of the particular data under
analysis, including, but not limited to Internet
metering data, marketing data on the success or failure
of product offerings, telephone usage patterns, cash
flow analyses, financial data, customer survey data and

30 product reliability, customer survey data on product
preference, etc. For example, if the time series in
the above example embodiment contains too few time
points, the time series may not be representative of
actual resource performance. That is, peak usages (or

35 spikes) may not be detected if too few time points are
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as though i | at ed performance data had been 5 collected at any
of a varietbﬁggﬁgﬁﬁ%able intervals. The interval size and cor?@@éﬁ?ﬂﬂﬁﬂf
nunber of time points generated by the statistical collapser may be

det erm ned by t he tpden .culBrensfond, tdampkiiorimbecvaks rwkhichhexpantiecul ar

resource, the parighehl Heabk may ir%&’@ﬂéf@llplf’%ﬁi)égé?gt fne rakgaagt i
process, such as the tinme serieés representhga; € perfornmnce Netric as

though its perfor Méide ZRfiPhad Bt (e BtereRIOF | Fimerpainbseinntbeval s,
may be represent ediie He¥ids mify e Bdtermined oy ete Past PEhRaE GsBl 8¢ESS

[ I fam,| f i nd d daoam vari aples, Z(c,t), where w

bol angs 1D 5 camolael FRES SRR CE RAS 1 e (ST HALAT SEeSORkaP | Shef or &
fixed time t, Z([@rafﬂtﬂdu]ié&]: acomptoim g/epsiaabf@rmFoatcailgig@niiméltra;ce, y

Z 1), f ti 0 inme, t._is.called a s unction
o$ [ ?gg i z?’;tt on. aTﬁug’?mLFO%niarrenegtg?‘?ré% “.‘%"E%g%a‘fk??%t’r%nr%?l’%%ﬁb tEREL 1 on
froma certain stoomddtaring ddeshelppienland ¢bfwveivenassvafi ahee [eLr]

' d, ' ' T r ss is then

| S suppresse gg%&&b%ﬁ&%ﬁ‘%?ﬂ%%ﬁ'f&g%ééﬁré) s ZhoniLSr 8 %8

called a real - process because 11 asSumnes on real val ues.
The i maglhary val perflemednce sambtacticaitetes fdbremckrcofiputanyl@évenThe

brocese s g ven BT AR AREYE e phe maTE e BEAEPEFRCa
30 col | apsel 0204 aspurdesiparf atmances $yroatheninerihg appoopsiate
2 dat abase. 206 | hEC e ua el Wifg Hhom ISR ML B SERNELR s BelbC:
the time series rdprddentgamputids platfguem b francks ndes¢riledt hough its
associ at sl perfor G Haince metrics to be monitored include, but are
not limited to, CPU consumption percentage, disk drive
usage percentage, Internet traffic, users logged on to
the Internet, network communication packet traffic, and
users logged on to a particular server computer, for
20 example.
Suppose further that the computing network
102 typically includes entities such as a configuration
management team and a performance management team. The
configuration management team would plan the computing
25 platform 100's growth and modernization. Accordingly,
weekly data points would be adequate for these network
planning purposes. Daily data points may be more
appropriate for use by the performance management team,
however. This is because the performance management
30 team would be concerned with maintaining the computing
platform 100's error-free performance. Accordingly,
the performance management team would be concerned
about peak usages (or spikes) in resource consumption
of the computing platform 100. Monitoring spikes in
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30

|lected at fifteen-mnute intervals. That is, after the

P02 collects the performance data from t he PEBMSIYR244 106

atistical collapser 204 generates the tinme series 5

iy RRa ity Gld e B0 fddeeadi it d tsLyal s, the

res the time series. The database 206, i n one enbodi nent,
SHRFg R, TG 1eXaMRAL i gabyt es of 10 per f or nance dat a

and can process at |east oefgail AR BREOH,. ondWmBv@IHEE: dhecKlat abase

ands of nmi nframe co ter perfor tistjcal,
PEEBSPe AT G GENEHAE S ATOTALE P H SRR DR | s
dglserdpttaasdn the follodaon diamndm. t Ehee xsgharge

HRVERERD A £, Db, 0B Rhe 0,20 Sl e

at abase 2 .avail able fr. AS |.nsti.tute l.ocated in
BRI RRRY e Y S A &
aiod 1fapwex BH4dat ahas & t204 s tAcalr dgld dpsean 204enpl ary

data .25, t 8 ext ts f t he, d 206
Etaskicang Ya PR dh e Eaond GRPHaS SR G o8 o

fidd cememicmtee clata  atwiiidit dan stioned iimterfddles ofBecause
é C%%%ﬁg?%%a%%&%.%%4 of tﬁ%‘ﬁé%%ﬂé%é'E%éiat%ﬁﬁ§?x59§
extractor 208 extracts the performance data 304 from
the database 206 and provides it to the statistical
collapser 210. The statistical collapser 210
statistically collapses the fifteen-minute data into
one-week data.

As described above, the records 302 are
metering records for PR/SM computers. Accordingly, the
records 302 include.both a percentage logical processor
busy wvariable “LPCPCSSU” from a PR/SM LPAR
configuration file from the computer 106, as well as a
percentage CPU busy variable “CPU PCBSY” from the
computer 106 hardware utilization CPU activity file,
which variables are well-known. According to one
embodiment, a set of one-week records 306 represents
([4 records/hourl]lx[10 hours/daylx[5 days/weekl]l=200) two
hundred records. The four records per hour variable
represents four time points. The ten hours per day
variable represents a prime ten hour operating shift
for the computing platform 100. The five days per week
variable represents a prime operating work week for the
computing platform 100. In other words, the one-week
interval records 306 are each a collapse of two hundred

20
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origi nal §t | zation records still may be unwieldy, it may be reduced
to a nore ne aféﬂié | evel . The conputing platform 100 thus i RETAS2M04244
second statlstlcal col | apser 210. In general, the second 35

statistical collapsgf, 2d0. dﬁ%ﬁ-&hét megwaioklaa&%ag %@‘Sr% in t'hrStfltl'é“’sM
series, producing @ secon I e ser secon me Séries incudes
second set of timeoHothmesdatabase @Rbodi nent, the second statistical
col I apser 210 statistically ﬁg#%@@sgﬁa£h§ EhﬁéeggrQEQUBﬁal g%u%enéx%ﬁ%
into a one-week tinme series. e second statistic col lT'apser 210
averages the fiftecererveekeintasvadr fasaanesydhedafsoma coliapsdngedhe

representisng a perf@fﬂ@@ﬁ%ﬂﬁaﬁéclﬁee&bamgaatas aﬁ&eeh:a&ﬁq Re ftpydmance data
had been col |l ected weekly, Accor t he series Jincludes

appr oxi mat el y fourc?mﬁﬁr%bPEFsofoPngaEHbﬁéﬁWﬁntkntgﬁétﬁémeepﬁ§$9ﬁamﬁsqiﬂ?

second statisti cal s@@ti@asem?grosaae&aga&*yt heAf stbeeetﬁbauugr lsitaR: iterdres
and generates atine series re mance rTEtI’IC as

t hough its aSSOC|af%@ep%??b?ﬁaﬁ%egag?ﬁaﬂég EggﬁISSFlgétgdtdEFIf
Accordi ngly, the twhhikckeases shothdssiapproxesatehy tefingd abevegi nis for

each nontjly. It wil oQd S ed. i h I

that the g%cond st‘!l ?Hggﬁ gg 2 uRXfB |§H§5§55§% qn @h%ngﬁgﬁli%%@hégéles
representing perfodﬁﬁh@énqathea§lmﬁo§gﬁlﬁﬁ had been coIIected at any of the
variety of suitable interval $¢ hhsPUBE BSt@@t%HaEhébw'Elﬁet%@%fa§“é¥%

contains too few tinme points, the time series nmay not
statistically stationary. The computing platform 100

thus includes a time series analyzer 212 to determine
whether the time series generated by the statistical
collapser 210 is statistically stationary. According
to one embodiment, the time series analyzer 212
analyzes probability values for a plurality of X? (chi-
square) tests to make this determination. “Chi-square
tests” as used herein generally define generalizations
and extensions of a test for significant differences
between a binomial population and a polynomial
population, wherein each observation may fall into one
of several classes and which furnishes a comparison
among several samples rather than just between two
samples. Such chi-square tests include a test of
residuals, tests of hypotheses, tests of significance,
tests of homogeneity, tests of association, goodness of
fit tests, etc., as is known in the relevant art. In
the embodiment where the resource is computer 106 and
the performance metric is CPU utilization, the time
series analyzer 212 determines whether there is a
statistically significant correlation between a
particular CPU utilization value and the value for CPU
utilization for the previous time period by reviewing
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25 be representative of the particular data under anal ysis,

i ncludi ng, w4tz |imted to Internet nmetering data, markePCHgsodaddon t he
success or failure of product offerings, tel ephone usage patterns, cash

fl ow anal yses, financial data, customer survey data and 30 pr oduct

reliability, custo surve at a_on. produc reference c. For, exanpl e,

If the ti rrg sercf%rsP%aEh%n a%%‘gec%‘ﬁ%ﬁb%ég%n%éﬁl h%%%ct?om gf-"ﬁtsletgog'léeﬁ/ltsiq’pne

poi nts, the ti mhiserdusremyahoes beo¥ epreseht bot veesiduslaaForesber ce

perfor mance.  Thamds.o AEa0 4220664 OfedBectivel P! kEfiL EBYuRR! - det ect ed
I nt t aken. S |

If too fewtine p S are Therefore,” sanpling |.ntervas'v\,hich
excl ude such peméenmyte ndee deqesss rebresesdon hef reabiatdont RMPRML RBon.

Thus, the nunbeetofof i 4RO Nt STA i PEi &k IBr SeEbBSmARYDPe ¢dekeryi ped by the
particul ar use Qf 5 t(gﬁe erfé)rrran e nejrig, the Bartlcul ar _resource,
the particul ar ‘&ﬁrﬁﬁq?ge%l FloF IR O THRT 13 LAe R a2 BONG uBpBEE Afnet wor k
manager that i sdeSOonsidcof@s foNi¢PUiwgilheabebayi oroanliakteateyeness
of the computin Iatfq{n1100.resourges nDnAtors t he &g Eisti eﬁiornance
and activities THPWR RGPS 198 OThe=REreRThet woFR ﬁﬁﬁégg ¥racks

t he conputing pihe fdrgwddd o shveedsm pgiven nevices by gat hering the
appropriate performance data from each ggopopent or network elenent in the
conputing platform100. As described, 1 " performance netrics to be
moni t ored i ncl sden Butlsrgieicrtunpes 1@fl $EPTEPU cBRdEInpYibh peFBENPhge, di sk

drive usage peregntadfred Nteided wo@id e NERE SaéoBEed 80 toeblsml Nt ehnet,
net wor kK comruni cati on packet traff%c, and users Iogged on to a particular
server conputeﬁ kent, nine sets of scores are free“to vary

statistically while one set is fixed in value.

Table 1

ChiSquare Values for the Autocorrelation Test of
Residuals for the Computer 106a.

T, chi- pF Prob.

Lag Square

6 12.50 4 0.014 -0.071 0.172 -0.233 0.055 ‘0.027- 0.340

12 16.53 10 0.085 0.112 -0.012 -0.008 -0.016 0.159 0.143

18 24.26 16 0.084 0.178 -0.166 -0.089 | -0.169 0.034 | -0.071

24 35.15 22 0.037 0.309 -0.041 -0.077 -0.104 -0.101 -0.011
Table 2

Chi Square Values for the Autocorrelation Test of Residuals
for the Computer 106b.

T, Chi - DF Prob. Auto

Lag Square correlations

6 3.57 4 0.467 0.008 0.030 -0.019 -0.009 -0.173 -0.164
12 11.93 10 0.290 -0.206 0.046 -0.007 -0.148 0.043 0.235
18 15.70 16 0.474 0.065 ~-0.058 0.108 -0.080 -0.000 -0.148
24 21.22 22 0.507 0.050 0.044 -0.039 -0.074 0.213 0.024
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20 . exanpl e. Suppose further that the conmputing network .cally

I ncl udes enwa)agf?g"?uch as a configuration nmanagenent team ang‘l”\gﬁ]&é*&}?ﬁance
managenent team The configuration nanagenent team woul d plan the conputing
25 pl atform 100's growth and rmq.gw_iezgt ion. Accordingly, weekly data
points woul d be adequate for these network planni ng purposes. Daily data
poi nts may B®inSmeappfopigsafers bpe AREARPTERL2BET OT9PnCE REmb@ddent t eam
however. This is because the padrothkancempEiragameat 30 t eam woul d be
concerned with maintaining the computing platform 100's error-free

perfor mance—Accordrot Y- —triTe PeT formancemanagement—teantwottd—be

concer ned phout®beak| Bsageq W $pi kes) i TR SEORRELABESNNpt i on of the
conput i ng ¥4t i PR 100 Modi torimg -spikes in 19 . the conputing platform

100 woul d feacil| iztsat e}l bad dhvasdizng,-o-Ptr exanplweoo7Rgf-eopd 0tB2F éo..os, ones4
enbodi ment| of [t hespr gsent ifnvaat il opogener at sy aGCyr aloes P 4bi | Lz adol QNoDss

descri pt or g7t he ol Tow g TEm e T ESOUr Ty THN 202 or—tte
conput er 1pE cloir Pt ¢ he-gd r e dahe s dataBU End A8 ldleM !'frio'*ghér £
of one-secbid jn¥t &y | Eez recarid®o3(020-083 t he s ak-P4dt i ca409fcqh [cayig el RO%. |The7s

statistical collapser 204 10 statistically coll apses the one-second
records 302 into fifteen-mnute data, which is stored in a file of
performance data 304 of the database 28blerHe data extractor 208 extracts

the perfor mange sdakfe 3k JdOFokhendat alRrserE08: SO TRV bdeRebiadl d he
statistical for the Computer 1064.

T, | chi- DF Prob. AUTO CORRELATION

Lag | Square s .

6 3.04 4 0.551 -0.014 0.166 0.092 -0.088 -0.011 -0.089
12 6.39 10 0.781 -0.116 -0.021 0.035 -0.113 0.125. -0.078
18 7.65 16 0.959 -0.025 0.107 -0.014 -0.053 -0.037 -0.008
24 10.66 22 0.979 -0.037 -0.043 -0.029 0.003 0.141 -0.085

As described above, few time series are
statistically stationary. Accordingly, the time series
analyzer 212 confirms that the time series representing
CPU consumption at one-week intervals are likewise not
statistically stationary. That is, the time series
analyzer 212 confirms that there is a statistically
significant correlation between one value of CPU
utilization and the value of CPU utilization for the
previous time period.

Such correlation is undesirable according to
the constraints of one embodiment because the time
series thus contains statistical artifacts extraneous
to the data represented by the time series. The

5 correlation within the time series therefore should be
broken. This is accomplished'by differencing the time
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15 col l apser 210. The statistical collapser 210 statistically
col | apses Wfigodidshizeen-mnute data into one-week data. As depgfiyesshakove,
the records 302 are netering records for PR/ SM conmputers. Accordingly, the

20 recor %éggww A%%& I%resa%&gégaé? pJ ocessor busy

vari abl e "LPCP _froma ' con ron fiTe fromthe conmputer
106, as wel | astatpgattiralige CRINMRBIY i tericm) CRBLfLerensine

conputer 106 haguareimd idd A |40 G ald Vidyidd | €160 time sdfi&d

variabl es are wel |l -known.  According to one enbodi nent, a set of one-week
records 306 repgnedgraar (U2 asragehdihe Guif enrnesiANS e stirek] =200)

two hugdred regRyidi:s B fihin rAG € et Wyt dead | ordme B £8e it smd our
time points. The ten h&ﬁs per da Stﬁ'ba variable represents a prime ten
hour oper ati ng PO - f ut%e’(ﬁf&i%‘?i hIRR4 iR (ere Yl IRRIIRr week
vari abl e reprepeit e Hie eaydinery Wodedeakhd alififfweramrglitvaighgyd at f orm
100. In other t he .ane-week Jdnterval recor 3 are each a coll apse
of two hundred Oqﬁ’U fqrﬁ%léé%%trﬁoﬁhtfe{]?%toé}a%/é{elf occgrstt%qg}%r%%‘e‘?'n the file 304
of the database 206. Recd |ditfiferendinge maried mrstl dyodetaniredndakeek
interygl data f apsy fi =g |t erval
dat a. YéAccor di %%lagtcﬁ%e t(r:rf)gr?snﬁgatji nts dc}%%%?%rsbcoacﬁtﬁent‘fﬁﬁeﬁirbségtt{hirgeﬁp%% od
must be statisPod@tisy salagtathr s Aedilatasstthanupbanfomaipts ne series is
general |y regardadAsed fridie 3R itSmaMi i & whe BRdrendiRfess. as
defi ned above, s . ) .

determines how robust the resulting construct is.

Tables 5-8 list weekly data points selected using one

15 embodiment to represent CPU utilization for the
computers 106a-106d, respectively, in the “mean CPU

busy” column.

Table 5

20 Week Mean CPU Forecast Lower 95% Upper 95%
Busy Confidence Confidence

Level Level

11 APR 96 98.91

19 APR 96 98.92 98.51 82.82 114.2

25 APR 96 96.08 98.29 82.60 114.0

03 MAY 96 96.38 96.83 81.14 112.5

25 09 MAY 96 96.45 96.73 81.04 112.4

17 MAY 96 97.49 96.54 80.85 112.2

23 MAY 96 92.54 96.77 81.07 112.5

31 MAY 96 83.06 94.39 78.70 110.1

06 JUN 96 99.28 90.04 74.35 105.7

30 14 JUN 96 92.33 96.86 - 81.17 112.6

20 JUN 96 87.31 93.62 77.83 109.3

28 JUN 96 95.70 91.21 75.52 106.9

04 JUL 96 83.09 94.63 78.94 110.3
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10

unchanged by a uniformincrenent

in the tinme paraneter defining

the tine seW®@%/441t12 nust be noted that few tinme series are stPETYEIPORHy
stationary. The conputing platform 100 thus includes a tine series analyzer

212 to detgrdy %ng\gthpr gyegsti ne{ser bgssgener At ed“p}é‘lt he st tisltiioc.gl
col | apser 240—s—statistical y—stat-enary—Acept-a-ig—te—enRe—gRboafert—th
tinme serieq @ndlyze6 2(12 dhadlyzes|proB8bPBity yal uts.-Zdor a pljur dl04t.p of X2
(chi - squarle), testg.tof m I's dete tronf uare tlest S used]
e R T N AR R T QL gfvare Testye 3
si gni fi cant| 26 fsfuer eacep bgtyeen aibi nemiag poppl attoregdand a gol yeanital
popul ati_on, WeTEerT_cagim gpsServacion m Y. 1art [ nto, ONe ol Several. Classe
and whi éh fllniAURed6a FonBAr8&on 4nond%@derallsa rat her| t t27-Pust
bet ween twg @am@begs SJch-;ghyg squdr e ggsss i nc ud65§1 43est of resme}uahs
tests of h ]:JULIICDCO, ste—of—st i Ilbal"lbc, tepsts—of llmlugcu T Ly, —t-ests—of
associ ati on 159@@§n8§s bf T2t92 estg, efd:-18as i knAwfI n the lrel &aldi art.
In the enbg erp t source | ut pr d t he |per fo@r gance
metric is ( ﬁ%'?@ﬂj 3 ‘ f e sg§ggngna VPV o) detmgingg “whether
there is a|2%taust B6al |y 3493ﬁf|cc1nt 8668l ati pn b'éQWeBen a pgrtildzl.ar CPU
utilizatio [he_vaJ ue 1qr T T1zRTT O r tne prel trne
peri odalg)y PQﬁafg%ﬂ% EE 9¥ 1Y ol atli on hr B ovati an’ﬂ atisti \l'm%d |l es 1-
list chi- qum@mpabaes fogsard est |f or gpesidual b f orq jdee corrtherls)s.z
106a- 106d, rebpeLL1VE|V?’The cotunm—DE=
20 SEP 96 73.85 91.%90 76.21 107.6
26 SEP 96 86.22 82.43 66.74 98.12
04 OCT 96 82.94 87.58 71.89 103.3
15 10 OCT 96 92.51 85.93 70.24 101.6
18 OCT 96 83.35 89.86 74.17 105.6
26 OCT 96 85.14 85.66 69.96 101.3
09 NOV 56 74.62 86.21 70.52 101.9
15 NOV 96 94.73 81.41 65.72 97.10
20 21 NOV 96 86.17 89.92 74.23 105.6
05 DEC 96 95.41 85.98 70.29 101.7
13 DEC 96 93.33 89.77 74.08 105.5
19 DEC 96 99.11 88.64 72.95 104.3
27 DEC 96 72.55 90.92 75.23 106.6
25 10 JAN 97 75.15 79.16 63.47 94.85
16 JAN 97 79.68 80.06 64.37 95.75
24 JAN 97 86.72 81.81 66.12 $7.50
30 JAN 97 98.05 84.64 68.95 100.3
07 FEB 97 94.21 89.33 73.64 105.0
30 13 FEB 97 92.53 87.44 71.75 103.1
21 FEB 97 77.12 86.48 70.79 102.2
27 FEB 97 82.73 79.56 63.87 95.25
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refers to the degrees of freedom of variation anong a set of scores. In
parti cul ar "DF" refers to the degrees of freedom ofporwssedszan anong
&@9@94#9 :

a set of ecords for CPU utilization. To illustrate, suppose t here
is a set er—seeras—Stattstteat an tdegrees _of _fTeedo |ve2
DF=n- 1, wh@ﬁ MAR 9t hd n®%6é7 of scorBs78Thus] wifR-32set of dres
there wou 3b I3 oegraege of freedgnm I'n effe@ty,,oin ne ser ofg .geor es pre
free to va ati-stHealhy "h'!c efe—set—s—fitxet—+mr—vatue T Tabt =t
Chi Squar e | Yal ues $r |t he85ATocor |k el o383 Test] of 6RedPdual s for $3r&2Conpuf er
106a. T, ] Prab., .Lag 12.5 0.014 4371
0172 - pagper e TRAs g SAES, LﬁL 88-78 por o ST
-0.0125 - E-OQOQPR-Q 016 7®..2%59 O 14376L.86 24. ¢6 §6.19.084 | 0. 198 55
-0. 166 . =0 0 O34 - 2.,0.037 0.
-0.041 -(Q1873PR.-%7 1d4 843101 1:5I/2$ahl e 2" Ruare Vil .,393‘95 -f%gz,; the
Aut ocorr el Eitgl ggRTﬁt of dae.%iodual 5 fogl,tlh_e corrput é5. 1®6b To| Chde.80DF
Prob. Aute—tag corTetatTons—6 3. D7 7 %;}%/
0. 008 @6038R 9"0 019 82.68009 | - 07988 _0 164 $3-191 03 |0 0
-0. 206 . 0.]007, 148| 0. 8433 0. 235 1%4 35 70 13 Ozt 0.P65
0 058 oliRaMRY e (Tl N . e Pk TR e L
0. 044 10-0/Q39MaY09D74 O7&58 0.p24 2P.21 64.52 95.90
24 MAY 97 . 77.10 59.99 94.21
01 JUN 97 . 76.62 59.26 93.98
07 JUN 97 . 76.19 58.78 93.60
15 JUN 97 . 75.77 57.95 92.7%9
15 21 JUN 97 . 75.37 57.95 92.79
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data was collected from the computers 106.

embodiment,

a date/

date/time stamp in the “week” column.

time stamp.

. 71,77 :
information iné%cating the time that the per%ormance

In one

each data point in the time .series includes

Note that Tables 5-8 include a

The

date/time

stamp provided takes a form that in one embodiment is

not as compatible with the system and method as desired

and therefore must be converted to a more usable form.

According to one embodiment, the computing platform 100

includes a time point converter 214, which utilizes a

data set and converts the time series date/time stamp
to a number of seconds equivalent to the value
represented by the date/time stamp under the data set.
A data set suitable for implementing the time point

converter 214 is available from SAS in Cary, North
Carolina, which converts a date/stamp. to a decimal

number.

autoregressive modeling tool 216.

One feature of the system and method is an

34
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97 is given by 92.25 - 79.76 104.7

§f=¢ll& +¢p§5 +a, or ¢P(B)§,‘=az,

where ¢,(B)=(1-¢,B-...1-¢,B"). Thus, the
20 autoregressive modeling tool 216 takes the times
series, Z,, and regresses the value of Z at time t on
its own past values plus a random shock value, i.e.,

Z,=m+n, Z,.,+...+0, or equivalently, n(B)Z =o, where

25 n(B) = 1- Z;;'nij, and 1+ z:,.b‘f|<°°-

The autocorrelation function becomes
P“¢1Pk-1="1*, where k>1, and where P,=1. The inverse
autocorrelation function becomes
Prtn —'Y'Y—/L(',‘)""‘—-I-— -nY
30 Yoth T
and the partial autocorrelation function becomes

_ p =0, k=1
b = 0, forkz2

The resulting autoregressive modeling tool

-t (w)e' kdw

35 216 may be a first order mixed autoregressive

35
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15 parameters (AR) of the mean CPU utilization (MU) for

the computers 106a-1064, respectively. The column “T

Ratio” indicates values for a “T” test of validity for

a particular statistic. For example, the T Ratio

indicate whether “t” values are less than or equal to a
20 given level of confidence.

Table 9

Conditional Least Squares Estimation of the Time
Series for the Computer 1l06a.

25
Parameter Estimate Random T Ratio Lag
Error
MU 0.899507 0.17365 2.30 0
MAl, 1 0.51935 0.05436 18.40 1
ARl, 1 0.73434 0.04533 4.99 1
30
Constant Estimate = 0.2757353
35
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104.1 24 JAN[97 97. % 96, 49 838, 82 6427350
JAN 97 yPRdg 1 Oad1503 0.21884 91| 7-99 10413 0% FEB 97
95. 2010 96. 66 88. 99 104. 3 13 FEB 97 100.0
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89. 15 Lo Byt inabd £ aagyitaT 96. 90 89. 22
104. 6 07 MAR 97 95.01 96. 96 89. 29 104.6 13
MAR 97 99. 24 97. 04 89. 36 104. 7 15 MAR 97
90. 65 15 97.13 89. 45 104.8 20 23 MAR 97 97. 45
97.18 89. 51 104.9 06 APRab¥e 11 98 57 97. 27
89. 60 104.9 12 APR 97 98. 83 97. 35 89. 68
105.0 Conditional Least Squares Estimation of the Time
20 Serles for the Computer 106c.
Parameter Estimate Random T Ratio Lag
Error
MU 0.87759 0.09295 2.99 0
MAl, 1 0.99100 0.08170 12.24 1
25 AR1l, 1 0.77904 0.15489 5.51 1
Constant Estimate = 0.25564741
30 Table 12
Conditional Least Squares Estimation of the Time
Series for the Computer 106d.
35 Parameter Estimate Random T Ratio Lag
Exror
MU 0.77650 0.04372 1.75 0
Mal, 1 0.99240 0.06205 16.12 1
AR1l, 1 0.83932 0.11828 6.02 1
40
Constant Estimate = 0,07628922
37
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conputers 106. |In oné_enbodi nent, each data ﬁOInt in_the tine series
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An ARIMA (1,1,1) construct in one embodiment
forecasts the level of CPU utilization. This
represents that the ARIMA construct has one (1)
autoregressive term, one (1) nonseasonal difference,
and one (1) lagged forecast error in its prediction
equation, :
2=+ Z( - 1) +9:(Z( - 1) - Z(c - 2))~Bre(z - 1),
where 8, is a moving average parameter and ¢, is an
autoregressive parameter. The ARIMA (1,1,1) construct
for forecasting the level of CPU utilization is
equivalent to an ARMA (1,1) construct, while forecasts
the change in CPU utilization. The ARMA construct has
one (1) autoregressive term, one (1) nonseasonal
difference, and zero (0) lagged forecast errors in its
prediction equation, (1-¢,B)Z,=(1-0,B)a,, where 9, is a
noving average parameter, ¢, is an autoregressive
parameter, B is a backshift operator, and a, is a zero
mean white noise process. Accordingly, the
autoregressive moving average for the'computef 106a is
given by (1-B) cpubusy,=0.89909+(1+0.51935 B)/
(1-0.73434 B) a,. The autoregressive moving average

for the computer 106b is given by (1-b)

38
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stanp provi aegehakgs @ formthat in one enbodinent is not as %ﬁ%’ﬁ%@zﬁ
0 a

with the system and nethod as desired and therefore nust be c

nore usable form 25 Accordi ng to one enbodi nent, the conputing
platform 100 i ncl ugedust =08 76665t (Le0udBEe 314 (l\Mmi .G so3)l isges Theata set
and converts the ti series date/tie sta nlig) of s con

equi valent to the ogggrreepsrselse%tnéoan@g tahv aﬁ‘ﬁmﬁﬂ ?ﬁgcdéfa
set. 30 A datizyesetbys ul-ahl e:ﬁtthusygaIOeBﬁmSBﬁgJHﬂe 99 1roed pﬁl/n(tl converter

214 is available f S 4y Cary

date/stanp. to a é)(ram r?a% I{?rrbe“fr 61%@0 EeltaEtour Qjeﬁgqh ngog}tléfr%o%\(%fﬁ%tﬁof IS an
35 3wt or egr edwi \commuey P Gdols 2bren by ohke- Ehbodl rrent 34 t he
aut or egr essi ve ”D%?d[k:msa; agl 73 gol_,.s(lq@plglggqot %)/I]q_hq)t %t3|9"3tj stationary
time series repres fa per ormance metric as though its per *or mance
data had been collected in weekly intervals to forecast the 5

performance of the computing Iatiﬁ&} s s i

tool 216 is selected by cal cul atingeg
aut ocorrgpation, and partial aut ocorre atlon unctlons, and conparing these
functions to theoretical corprgatd mﬁm@gi@mld;@ chart @Xp&ctemécfzﬁlhg,
vari ous autoregressive construct For exa ' cess, if o a
finite nunber of £t §R§¥ﬂ9¥rﬁﬁﬁziﬁﬁFe§s¥P ?%9??5%n§6€e?VTE§%§ef£P¥ku§ep,
then the process iin gﬁf@r@mcydmmstotefe@h@rpm&anegiménwoﬂodemaek aoder

, which is 15 deno AR An regr r
P starts éﬁ215¥50e§£)400 wﬁ%%g g ngggivgmggg teg order p

15 passes to task 404. Task 404 extracts performance data
from at least one of the computers 106. In one
embodiment, the resource manager 202 extracts the
performance data from its associated computer every
second.

20 Task 406 statistically collapses the
performance data into a first time series. In one
embodiment, the statistical colapser 204 generates a
time series representing a performance metric as though
its associated performance data had been collected at

25 fifteen minute intervals. The database 206 then stores
the fifteen minute time series. The data extractor 208
extracts the time series representing performance data
collected at fifteen minute intervals from the database
206. .

30 Task 408 statistically collapses the first
time series into a second time series. In one
embodiment, the statistical collapser 210 generates a
second time series representing performance data as
though it had been collected weekly. Task 408 then

35 determines whether the weekly time series is
statistically stationary. If the time series is
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is given b err aut oregressi ve nodeling tool 216 takes the tines
series, y”éa?‘?é“%’égresses the value of Z at time t on its oRATVASYOR4H ues
plus a randon1shock value, i.e., [err] or equivalently, n(B) [err]where

[err] The aut oC el ik N G0 REATE S HH 'dasiheres kats caddeydief gn P, =1.
The inverse autocorrelation function becones 30 [err] and

the partial aut 8&5ies &9 Jhe FHAS RV FRVEEHSY 2A% resul ting

autoregressive nodeling tad, ¥ the otHkr MRhde thd itile Wekeredr xed
aut oregressive 35 | construct In particular, the autogﬁﬁ%e35|ve nndellng

tool 216 that tFEayStEfally RAHAFEHPARATY (Hheh itAsk 410 CORYPTHS
aut or eg§ essi ve ithiee gtaltath HiRa 1Y, aeT-agatidldyy) tivdelsdi doresast the

| evel of nean CP tilizat,ion for each co er 106 over time. In
anot her enbodi rré"#ta%ltsl% tatrﬁ%lé’ﬁ{aﬁre l%titétl r‘Fﬂj-‘ftG e P Imy be
an aut or egr essi eadhp\ting qmarrage a(sAMlarmrhﬂ abﬁm.e cofitsdy ucdsk praEdi ct a
novi ng aver age garaneter 3 coeffl ient of the

| agged aut or egr SORFE SR I\“4¥¥i¥| €?4&9n%£¥nF%9ﬁnﬁﬁ =106 and

its estimated valask 4m0es\e:10mssttrhﬁct®rmmw edinet  seerrisaEidro eshertinabl e
012 LEL L he ! sieselon ASIdPAY | Ol AR A UAR LAY S (M
converts the date/time stamp associated with each data
point in the time series to an equivalent data point
suitable for use in the autoregressive modeling tool
216, as explained above.

15 Task 412 applies the autoregressive modeling
tool 216 to the time series to generate forecasts of
the computing platform 100 resources, Task 412 also
generates recursive forecasts whereby actual future
performance data is fed back into the autoregressive

20 modeling tool 216 to calibrate the system and method.
Task 414 completes the process 400. This process
provides a turnkey solution to CPU utilization
forecasting that can be implemented easily by any
system network manager.

25 Referring back to Fig. 1, the computing
platform 100 may include a results processor 104. The
results processor 104 generates representations of
performance data extracted from the computing platform
100. The results processor 104 generates information

30 for use in written reports that document the results of
the process 400. 1In the embodiment where the
performance metric is resource utilization and the
resource is a central processing unit of the computers

106, the results processor 104 produces reports and
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15 LS (AR) of the mean CPU utilization (MJ) for_the conputers
106a- 106d, resp%@??%ely. The colum "T Ratio" indicates val ueBCTEP42400

test of validity for a particular statistic. For exanple, the T Ratio
I ndi cat e whet her Ytraphdlaads raprdsesstdthiihOro e qushpd ©1iord® of act@ayYeopuy

| evel of confidengg. I | td |, .Least Squares Estimation of the
Time Series for tﬁgléé?‘r%lﬁggr% %ﬁ%’g{ tdfgpgg?é‘r?ﬁae?& Eé???ﬁﬁ%ts‘ Random
T Ratio Lag Error MHPor example,0.TBIUlEs 5-8, BUNRBH5 are teRt(dAl
0O MAI, 1 0. i 4 1.ARL 1
0.73434 0. 0ad5srosentafii¥ Froduced b ke sesuits effleadar 10¢.
Tabl e 10 Tondi t i oRgraldadhatyFabdessSt-iSraenressnt ehdiGRU Serikbzdbiohhe

Conput er 106b. 5 ey I3 I é&
Lo Error M) PR _(r?.c%g%?ﬂ@%ﬁ é"}’sel_z‘!Sﬁ‘&sHE%‘.‘°’z71°ér"“R}?‘S © o M, 1
0. 48501 0. 195espectivelyy Tables S-ﬁ,mmqluﬁe a “"forerdy4t03column,

0.21807 7 .98 “lower 95% HonGamY 1feid1& Tudh 1831462 »upper

95% confidence level” column.

10 Fig. 5 depicts an exemplary graphical
representation produced utilizing one embodiment of the
results processor 104. The graphical representation
500 corresponds to the data contained in Table 1 above
of CPU utilization for the computer 106a. Graph 502

15 represents actual CPU utilization. Graph 504
represents forecast CPU utilization. Note that the
Tables 5-8 and the graphical representation 500
illustrate that the forecast performance metric
somewhat accurately represents actual CPU utilization.

20 Graph 506 represents the upper ninety-five
percent confidence interval. This confidence interval
provides an estimated range of values which is likely
to include an unknown parameter. For example, for each
weekly time point taken, ninety-five percent of the

25 time points will include an unknown parameter. Graph
508 represents the lower ninety-five percent confidence
interval. ©Note that the forecast values fall within
the ninety-five percent confidence intervals. The
graphical and textual representations demonstrate the

30 greater accuracy and reliability which the present
invention proyides over conventional forecasting
systems and methods.

Referring back to Fig. 1, in one embodiment,
the results processor 104 is external to the computing

35 network 102, as represented by the results processor
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15 Table 11 - Condi ti onal Least Squares Estimation of the Time 20
Series for YR&"# 3 hut er 106c Par anet er Esti mat e RPCTAFR99/04244 T
Ratio Lag Error 0. 87759 0. 09295 2. 99

0 MAL, 1 0. 1&%§%910%n abn foll%::ln?ag:e cé%m?e%t e reélwlfi.ss

0. 77904
30

stant Estinate 0. 25564741
processor 104 is intermwy dd Xherefimwriaig Lre%tlsMOJSquh@%s

0. 77650

Estimation of th [ ]ﬁseé t QUMHLES ]:éq)qge Par anet er
Estimat e Rgnd fé%r%esré (Hy tife ag “Error % 104b.

0. 04372 1.75 The mrstexn and methpd 0 be 1mmmm5ed in
16.12 s 1 ARbutkr softwar® 8383%n a cdhphdd28.  altedh the
40 Const ant Estlmsua!p’u s%%ngZZ 37 The autoregre55|véano |ng tooI

216 "fits the daS¥stem m%%WWe&%t%We%%r‘%ﬂ% |1'&ﬁ=if4"€ﬁ‘?é%|%s of

di fferent atuoregr eeubigatdsl 0T S tdhd Bdftaraatd 0GRHd ahff ke

functions conput ed romthe ti series. The utor r
nodel i ng toolrm Gmﬂiﬁ?%eéiég’t & 695‘3}{&%} qe“'(?r?‘ Wk IP C%S}%gll\f/fgq cent
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on a computer program product {(such as an optical disk,
a magnetic disk, a floppy disk, etc.) or program
storage device (such as an optical disk drive, magnetic
disk drive, floppy disk drive, etc.). After reading
this description, it will become apparent to a person
skilled in the relevant art how to implement the system
and method using computer systems and architectures.

Although specific embodiments of, and
examples for, the present invention are described
herein for illustrative purposes, various equivalent
modifications are possible within the scope of the
invention, as will be recognized by those skilled in
the relevant art. The teachings provided herein of the
present invention can be applied to other computing
platforms, not necessarily the exemplary computing
platform described above. For example, the teachings
provided herein can be applied to UNIX machines as
well,

In a telecommunications environment, aspects
of the present invention.generally can be applied to
Internet metering data, marketing data on the success
or failure of product offerings, telephone usage
patterns, cash flow analyses, financial data, customer
survey data on product reliability, customer survey
data on product preference, etc. Moreover, aspects of

42
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10 . enbeeigRri;0f the present invention is therefore adv ver
conventional systens and nethods that rely on |inear regressig§&§g§£&34g

mul tivariable regression techniques, which may carry a | ower confidence
level . An ARIMA (he presgrt rieyenbionecanbbdi appiied not onflyr dcasts the
| evel of CPU utiligigld IE‘peﬂ?bﬁméﬁ@éeﬁ58£§ct89tatESmﬁBEQHgC %EEB?%BhQﬁuﬁpe

(1) autoregressive ter one nponseasonal difference, one | agged
forecast error in3% < éﬂ?%¥+ t%ﬁ%atPBﬁ ajpo to a plurallty Pérr] where

01 is a novi ng avejadfomrdetRet 2ids | eshth &8 amsaua@&ew a%at;\ée paraneter.
The ARIMA.(1,1,1) construct for forecasting.the |evel 8 g utilization is
equival en? to an AMEFAEATC g Y?Eﬁ?g éﬁ?ggl?0r853§§s 9gged on Qe nge
in CPU ut|I|zatloﬂnté&neﬂ%%ﬂétwmskruummhnicabéoﬁé)paoketegraffuwe tagydm
one 1), 1onscasonale b 45068, o0l £o5ar (Ol gauag-Lareoast Sagbadn 'S
[err] is an autor dfrestysiegand methodanayealss be utbadkedi to ﬁpmemaat
and aferr] is a Ze&r&éé@ae{hd"ﬂcbé)? %%ﬁf@fﬁ&ﬁéé m&EEoEd! @akycohgﬁg Fagion
aut or egr essi ve novi ng aver age e conputer a s given F %&
cpubusy[ 8Pr] =0. BQW‘ZLWIB’%L%B marf?qm@nqs@anweaentTﬁérﬁeﬁs%gressu ve

moving average 35 for Tﬂi@séoém&'t6thé968haﬁ%€éVéaane( habk 3 the
cpubusy, =0. 75565+(,1+0. 48501 71 0§ﬁ e autoregre55|ve mVvi ng
average for the compiErid l%??eﬂ b ?1a%§V8pGEE§§?e §??§§¥Pf¥@n99100
B)/(1- In general in the following claims, the terms used

should not be construed to limit the invention to the

15 specific embodiments disclosed in the specification and
claims, but should be construed to include all computer
platforms that operate under the claims to provide a
system and method for computing resource forecasting
unitization. '

20 From the foregoing it will be appreciated
that, although specific embodiments of the inwvention
have been described herein for purposes of
illustration, various modifications may be made without
deviating from the spirit and scope of the invention.

25 Accordingly, the invention is not limited except as by
the appended claims.
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0. 77904 B)vghg The aut or egressi ve noving average for 5 t he computer
106d is gi ‘V I(1 B) cpubusy, =0. 77650+( 1+0. 99240 B)/ (1-0. BCDRB9B) 248 . || .
Aut or ear essi ve Forecastina of Conputing Resources: 10 Fig. 4 depicts a flow
chart of a collecting, collapsing, and regressing process 400 suitable for
use in one enbodi nent of the present invention. Task 402 starts the process
400, where control immediately 15 ﬁ%ﬁ%ﬁﬁto task 404. Task 404
extracts performance data fromat | east one of the conmputers 106. In one
enbodi mgnt, the resource nag 0 S f nce_data fromits
aSSOC|g§ed conput er everyngécogé - éoﬁéﬁE?ﬁ& piQEfB%& $3§§n20

statistically caplupsbityhefpeesournense damethodofarf Eosecastiéngeries. In
one enbadi ment, é'f s St ahbShk é&tCBIEaE’ﬁﬁ B?ﬁf‘aﬂfe rBEe:?e?og&:EBsseEhSS
representlng a perfornmance trlc as tho I'ts SSOCIa perf ornance data
had bee# coIIecﬂ@%th@dzgomprlSlngftb@nshﬁnﬁt@fFntervals The dat abase 206

then stgres the fifteen n1egifeétﬂ§gsgflgﬁteghglgagamgggggctgmeQS extracts
the ti serles re resentlngaggo ormance data cQllected at fifteen m nute

i ntervaPs from tFRIRLELBASR I@oresource; an Task 408 statistically
C%l:, | 3pses thehfi rst time sspprlylmg\tanaaaieobeglréssﬁvéembdahhg €661 to
enmbodi the statis al _co ser erates_a_seco i series
representing per ?n%%%% ﬁg?é.ﬁggfﬁ%ﬁgﬁ gﬁgﬁc%eﬁnfEBFFaﬁFea%mggﬁly. Task
408 thef 35 metmierufnéhewpbmh@lityeoﬂeek$gurcas series is
statistically stationary. If the tinme series is 39

1 2. The method according to claim 1, further

2 comprising the step of statistically collapsing the

3 collected metrics to produce a first time series.

1 3. The method according to claim 1, further
comprising the step of outputting the forecast of the

3 metric.

1 4. The method according to claim 1, further
comprising the step of extracting the first time series

3 from the database.

1 5. The method according to claim 1, further

2 comprising the step of statistically collapsing the

3 first time series to produce a second series.

1 6. The method according to claim 1, further

2 comprising the step of ensuring that the first time

3 series is statistically stationary.

1 7. A system to forecast performance of at

2 least one computing platform resource, comprising:

44
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statistd cal lyo3bgfigpnary;—then—task 408 wites the tine seriegffsdoiiGadsd M
poi nt converter 214. If, on the other hand, the tinme series is
statistically non-stationary, then task 410 converts 5 t he
statistichlly non-stationar tdompuddme plat fom aesaurce Ihavingi abhat¢asine

series by, differepglng 883 indd® RATHLc A% XP! ai ned above. After task 410
generates the statistically stationary tine series, task 410 wites the

converted time series to théh ghonpdressivyingdebing teel for repeiving
poi nt corwerter 234 repPeydrtdtivmde/dHd st fiimasee Ghat el vaAd each data

point in the tinme seri, to an. equivale ata point, suitable for use in

t he aut or%gr essi vBrl‘?(Yd'a%i% & r%ffasat é’gé e&tﬁ & mepf‘ai%gorm

Task 412 @pplies tesomrtoer.egressive nodeling tool 216 to the tinme series to
generate forecasts of the conputing platform 100 resources, Task 412 al so
generates recursive forecasts whereby actual future performance data is fed
back intolthe autoregressive.20 The systsielohclabh 2l6vheredhi bhate t he
system angl met hod 5, tashe Al LR ISR {14 tEtS&fe?é 0%y dbts ﬁé@&f@é
provides a turnkey solution to CPU utilization forecasting ? at can be

i npl ement®d easi | OB DEh R RSEAGMMRASAGHIT re@ber . 25

Referring back to Fig. 1, the conputing platform 100 may i nclude a results
processor, 104. The results processor 104 gengerates representations of
performante data extracted f+tomk %W‘?ﬁfg AT of mWoBreetRBsul t s
processor2 104 geneidicdedrdsyited invdedling tool Ois Us® awtorédtessieports

t hat docu§|ent the irnecselfglxtasceoé moving average modeling tool.

1 - 10. The system of claim 7, wherein the

2 performance metric represents utilization of at least

3 one computing platform resource.

1 ) 11. The system of claim 7, wherein the

2 performance metric represents one of redundancy or

3 efficiency of at least one computing platform resource.

1 12. The system of claim 7, wherein the

2 performance metric represents utilization and the

3 computing platform resource comprises a central

4 processing unit.

1 13. The system of claim 7, wherein the
performance metric represents users logged on to the

3 Internet.

1 14. The system of claim 7, wherein the

2 performance metric represents Internet traffic.
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t he process 400. In the enbodi mrent where the performance netric i s resource
utilizati orW@AY441k& resource is a central processing unit ofPCIAEIYBRAt er s
106, the results processor 104 produces reports and 40 gr aphi cal

represenfations of conparisons of Al (PYdddddnatdon Mdth &Y aspect
utilizat]jon forecasts. For exanple, Tables 5-8 above, are textual

[
representations PodudddaRtihe e SAMRMYTE fopgy repources.Racal | t hat
Tabl es 538 repregmipriikangU utilization performance netric for the

conputeri 106a-106d, respectively. Tables 5-8 include a "forecast” col um,
a "l ower*95% confi dence | eveFe5BSMH M3RPST " upper 95% confi dence | evel "
columm. 30 a Figsth sdetiictsical excdipimrer grapdiieshlto the

representgation pr ut ..z one enbodi nent of the results processor
104. Theégr aphi cé%%r%%%%gsgdrﬂﬂéﬁ%% 500 corresponds to the data contained in

Tabl e 1 Above of CPU utili Zattiige fs@ries apeipaey coosd.edatpHispfimst

represengs act ualgtGQRY tiidd1Zz ld1aRps F2RMP04 represents forecast CPU
utilization. Note that the Tables 5-8 and the graphical representation 500

illustrale that the forecasiPhHAIQLAES HHG MO idith 0% GRMRIAY to

represepgs act ualthePyild |deraldsomnadzer.’ G aph 506 represents

the upper ninety-five percent confidence interval. This confidence interval

provi des an estinmated range of values which is likely to include an unknown

parameter. For exanple, forléeaclTheeaitsten rmequaiding deeclaimetsy,- five

ornen O 1N 2turcner YU dVddeddide Wl P WL FAEL T
statistical collapser.

1 17. The system according to claim 15,

2 further comprising a data extractor coupled to the

3 database.

1 18. The system according to claim 15 further

comprising a second statistical collapser coupled to

3 the data extractor.
1 19. The system according to claim 15,
2 further comprising a time point converter coupled to
3 the time series analyzer.
1 20. The system according to claim 15,
wherein the first statistical collapser comprises a
3 fifteen minute time series generator.
| 21. The system according to claim 15,
wherein the second statistical collapser comprises a
3 weekly time series generator.
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508 represengsq P,Qg";ower ni nety-five percent confidence interval. Note t
the forecast values fall within the ninety-five percent Conf|B€H@§NMM%M
intervals. The graphical and textual representations denonstrate the 30
greater atcuracy and reliabi2d:y THe céysbem piesendingvest caifr 98i,des over

conventi opal fore n 0, r back to Fig. 1, in
one enbod?nent t%%&%g%g1ﬁé§%ﬁ%§g§§%?P§%% gﬁa%ﬁ?éfnééggﬁl§ﬁ3 8oﬁﬁﬂ%ing 35
network 132, as r samdsentdif fgreneeresul ts processor 41 WO 99/ 44112
PCT/ US99/ 04244 104a. In an alternate enbodinent, the results processor 104
is internal to the conputi n%etwork 102, as represent ed bi the results
processor1104b. The system 1o EalehATAOTeHRG Bg Fhagm 15,

conput er 3of t war e whéy ih KON SFegrdh s BVaahehY1ih etéasﬁtesinﬁeéseet hed
may be Ir‘r?| enent ed USIGF%[ har dwar e or, a conbi nati on_of ., hardwar e and

sof tware,>and nmay 3 %ﬁﬁﬁﬂ¥§lW?V%P%oﬁ%%Y%Qeéﬁg@%%+B? BPR&r processing
system In an enbodi nent where the |nvent|on is 10 i npl enment ed using
software, ;the software may st q,ed on ut e ro rod (such as
an opti ca} di sk, a magneti c%eﬁ‘ Qf fsf%g oré{"gg)g n?)gb g%\'storage
devi ce (52|ch as amnwhepteionlthi mmrmemmtmodellskgdtwe cbmpphpedi sk

drive, et . Aftef ¢ [ﬁ,lz:éq F’I:g, i i 1

appar ent ?o a perséh ski {E& nt nte%fés%%fﬁgﬁ%gﬁo%??gééﬁg%é§%2?8§E§°°1'
system and net hod using conputer systens and architectures. A though
specific gnbodi ments of, anths. 1In a computing platform having a

2 plurality of resources, a method for forecasting at
3 least one aspect of the plurality of resources, the
4 method comprising the steps of:
5 statistically collapsing a metric of a
6 computing platform resource; and
7 applying an autoregressive modeling tool to a
3 series of the statistically collapsed metrics to
9 produce a forecast of the metric.
1 26. The method according to claim 25,
2 further comprising the step of collecting at intervals
3 the metric from the computing platform resource.
1 ' 27. The method according to claim 25,
2 further comprising the step of storing the series in a
3 database.
1 28. The method according to claim 25,
2 further comprising the step of extracting the series
3 from the database.
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exanples for, the present invention are described 20 herein for
i | lustrati MOWMb3ses, various equival ent nodificati ons ar ePEHRISIIM4R44ni t hi n
the scope of the invention, as will be recognized by those skilled in the

rel evant art. The teachi nggg pr %g%%@l&gr&ﬂ% pggsgﬂ;uhnyg{nt ion can be
he

applied to other_ conputing 25 | forms, not necessari |
exenpl ary conputiHg-HRRIGARE bR |t[§'é%i %tfﬁi?/é’f F%Fatéksawgll’hﬁoﬁ%ﬁ%%@s

provi ded herei n tgan e tebicdldd o esthicepatntel | . In a

t el econmuni cati ons environnment, aspects 30 of the present invention
generally can be applied to Internet netering data, marketing data on the
successlor failure of prodm:.t dﬂﬁenﬁe@mdtaimﬂimulsragel@mt%ns, cash

flowanlyses f I St p c el Labikity,
custon‘er survey %’?ﬁap ddt z oﬁb; &%cﬁ érjlé erence % th {:Ié%véeé? b
aspect s3of 42 pmm@atlstlcally stationary.

PCT/ US99/ 04244 the present invention can be applied not only to a single
performance netric of a corrputl ng platform such as CPU utjlization, but
also tola plurality of per¥lor mitfte® RANTEELNG RIAEECHR HAWRI A usage 5

per centzge, | nt gaglalsey fde, réW&é@,Q%Fn%d@ ﬁdiﬂﬁ Bro@IORiG A0EPLks
conmuni gations p raffic users nt.o articul ar_server
for exafple. é’afcgisttéam M%t%g: foé?%ot%t Olf tooFeESeSt these

and ot hér perfommmcei reedmp s ey tdonfstgepsatofon 10 managenent or
perforngmce managemnent p“rzpeoée%.%in@eases&rhdeé)t&?rméﬁ?{%sréﬁjeggn@ﬂ% 59 t he

6 least one computing platform resource;

7 calculating a set of mean or median values

8 based on the series of metrics;

9 determining a set of mean or median values

10 for each calculated set of values;

11 collating the determined values to produce a

12 series of data values representing the series of

13 metrics; and

storing the series of metrics in a database.

1 32. The method according to claim 31,
2 further comprising the step of collapsing the stored
3 series of metrics to produce a first time series.
1 33. The method according to claim 31,
2 further comprising the step of collapsing the first
3 time series to produce a second time series.
1 . 34. The method according to claim 31,
2 further comprising the step of applying an
3 autoregressive model to the second time series.
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invention i L f the above-detailed description. In general, in the
fol |l owi ng cﬁgégggh%ﬁe terms used shoul d not be construed to ITGVPSP4244
invention to the 15 speci fic enbodi ments disclosed in the
specification and clainms, but should be construed to include all conputer
pl atforns that operate under the clains1z$gwcw1de a system and net hod for

conputing resource forecasting unitizati 20 From t he
foregoing it will be appreciated that, although specific enbodi nents of the
i nventi on have been described herein for purposes of illustration, various
nodi fications may be nmade wi thout deviating fromthe spirit and scope of
“ the invention. 25 " Accordingly, the invention is not limted except as
by the appended clai ns. 43 CLAI M5 1 1. In al@8nputing
pl atform Having a 2 : praral1ty of resources, a nethod tor torecasting
at 3 | east one aspect of the plurality of resources, the 4
nmet hod conpri sing the steps . 5 collecting at intler S
a metric ffronfa o ccﬁﬂ@%ﬁn P atTorn1reybU#%%; and 7 02
appl ying an a#toregressive nodel ijng tool to 8 the collected nmegrics
to producd a f{oreoeputest tihe 9 Coraputet of the plurality gpgpesoprces.
1 2. Thq method according tp claiml, further é
conpri sing t he—step—ef—stdtistic +=hg the B col | gct ed
metrics tog produce a first tine series. 1 Reswts ThHe ngt hod
according fto claim 1, further Processor
/1060 /106d
Computer Computer
/ 104a
Resuits
Processor

FIG. 1
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2 co rising the step of outputting the forecast of th
metric. 1 WO99/4411 4. The nethod according to cl al?ﬁ'lf{US*(?ﬂ“Her 2

conprising the step of extracting the first time series 3 fromthe
dat abase. 1 5. The 2§&?Od according to claim1, further 2
conprising the step of statistically apsing the 3 first tine
series to produce a second series. 1 6. The net hod
according to claim1, further 2 conprising the step of ensuring that
the first tine 3 series is statistically statiogary. 1

7. A systemto forecast perfornmance of at 2 | egst one conputing

pl at form resource, conprising: A(g, 1111111 1211111 1111
L M S * W 99/ 44112

11111 * C

PCT/ USQ9/ 04244 1 8 N\& computi ng pl atform havi ng at
| east 2 one péNfornance metjri g, apd 3
aut or egr essi ve nodel it reé?iv ng 4 ar tion of the
performance nmetric a ovi%ji ng a forecast of uting
L

platform6 res ——— TP claim?7,
wherein the 2 e pdejing tool is an essive 3
novi ng aver age nodel © 9. Th of claim?7,
wherein the 2 auto egre55|ve fbde ing tool is an essive 3

i nt egrated noving average¢ nodeling tool. 1

The system
of claim7, wherein the

3 X N
Y N £ N .g__>§
oo 2
5 sz (> OF
- ES E<
3 2 :
= 2 N
O (o] -
© ~ (O]
S i
B 03
= .?.8
3 e
w [0
oD
=
1 58
<=
S
s 3
~
oy
() 3= e
N o 2
N o 17,1
C [¢)]
g g
= < =
(&) =
g 3 3
5 2 @
£ 2 i
E o
o

SUBSTITUTE SHEET (RULE 26)

T



2 . per metric represents utilization of at |east
conmput i ng pW%@m esour ce. 11. The syst é’rﬁT(S‘FS98/I°‘<‘;ﬁ4f‘r1 7
wherein the 2 perfornance nmetric represents one of redundancy or 3

efficiency of at |east one conputing pl gtlkorm resource. 1
12. The systemof claim7, wherein the performance netric

represents ut ilizatian and the 3 rnmpu'rj ng pl atformresaource

conpri ses 3 deptral 4 processing uhit. [l 13. he
syst em of 'EJ\ai*-:k,n 7, wherein the 2 perfor@apge nmetricfrepresentsjusers
| ogged on to tgle 3 Internet. 1 ,\g —34. The syst efn of
claim?7, Wner%n the 2 performance netric|repregsgnt§ | nternet
traffic. 45 WO 99/ 44112 ) <P 8
PCT/ US99104244 1 a5 A sysjen toffgrdcast at |east|one
aspect 2 of a plurality of co\ﬂqbut'ﬁng platfor oufces, 3
conpri sing: 4 ares Durgemnamgatg; 5 a
first statistjical collapser coupled f{o ﬂr& a resqur Ee manager ; |7
a tinme serieg analyzer coupled to th¢ AL IEE: N 2 4tigtical coll gpser;
and 9 and aut or egr eSstvg—To ~mpr{t &@l| cpupl ed to 1(
the tinme seriles anal yzer. 16. The systenyaccord}{ng t§ ql af m 15, further
conpri sing aldatabase coupled to the firgt stat|stiteed—coll apser. 1
17. The systlem according to cl aig\ 5
S .
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2 further conprising a data extractor coupled to the 3

dat abase. WO 99/44112 18. The system according to ECAUPT¥2t4rt her
2 conprising a second statistlcal col | apser coupled to 3 t he
data extractor. 1 The system according to claim15, 2
further conprising a time point convegi coupled to 3 the tine
series analyzer. 1 The system according to claim15,
2 wherein the first statistical collapser conprises a 3 fifteen
mnute tine series generator. 1 21.. The, system accordi ng
to claim15, 2 wherein the second statistical col ser conprises a 3
weekly tine series generator. 46 WO 99/ 44112

PCT/ US99/ 04244 1 22. The systen1%&§ording to claim15, 2
wherein the tinme series anal yze TPT series

differencer. 1

wherein the autoregressive node
aut oregressi ve novi ng average noutte 24. The
system according to claim15, 2 ! ereln the aowtregressive nodeling

tool conprises an 3 aut o egr % aled novi ng average nodel i ng
tool. 1 25. ed%’%%hjggh form having a 2
plurality of resources, a rreth)d f Ead? at 3 | east one

tphe 4

aspect of the plurality of resoOurces, rret hod conprising the
Steps of: 5 STF)Tiinr‘nl\l coll ')f a netric of a

Collapse One Second
Performance Data
into Fifteen Minute

Data

+ 408

Collapse Fifteen
Minute Data Into
Weekly Data

+ 410

Generate Statiscally
Stationary Time Series

* 412

Tp ?rAutoregresswe
Time Series

414

FIG. 4
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| at f orm resource; and 7 an
autoregres%é%bﬁl ing tool to a 8 series of the stat |F2‘{?rl’%%?P

col | apsed netrics to 9 produce a forecast of the netric.

26. The nethod according to claim 25, ﬁ, further conprisi ng the step
of collecting at intervals 3 t he tsicfromthe conmputing platform
resource. 1 27. The nmethod according to claim 25, 2
further conprising the[step of storing the seri = PSR B~ dat abase.
28. The method accordilng to cfaith 2%, 2 fITrYPHRE tPhpri sing the step
of extracting the serig¢s 3 romthe databe—:-—a&%nm&l R N IV N——
11 fll1 29. The net hod accog di hg o claim 25, Igei"‘ﬁorrprl sing the
step of statistically ¢ollapsigng ghegseries to p Q@gg@mget of points. 1
30. The method accordijng to aim 26, 2 fradem Zorpri sing the step
of ensuring that the s¢t of 3 0| nts is stEtIEREILY stationary. 1
31. In a conputing pldtform aviing . r.a&bw;.a resources, a
met hod for producing ajseries of data v3 g Xof> e he corrputl ng

pl atformresources, thg 4 thod conpri si ng Zﬁg‘szgﬁs of :

receiving a series of retrics esenting at 6 ~nos neast one corrputl ng
pl atformresource; 7 cal cul ati ng 'aNSGtN%f* mean or nedi an
val ues 8 based on the s 6f netrics; 9L Sogamar

.. —«mz4mm>
determ ning a set of ngan or val ues — NmEd@on
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10 - for .each cal cul ated set of vaI ues; 11
the determ nedPéhges to produce a series of data val @8
representing t ri es of Y%RLDWLE,ﬁEﬁhI&?E‘:JéH’EP%‘%T‘%g t he S
metrics S )
e oS R ARORARS SerrteaTion pumtisnep uvneire PRTEF oot
seri p6Ddhternationsit Batent Slagificatinde a firs{ tilre) besiadenal Phblication Number: W(BQ9I44112
The (ret kpggFaccording to claim 31, 2| A2 further conprising the s
col | apsing the first 3 tine seri eé@&wﬁwwa'd’ébl&a@é%ﬁd tstPéP"%ﬂ%ém%”)
34. [The nethod according to clalm 31, 2! furtsher conpr i S|Sng the step
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(54) Title: SYSTEM AND METHOD FOR EXTRACTING AND FORECASTING COMPUTING RESOURCE DATA SUCH AS CPU
CONSUMPTION USING AUTOREGRESSIVE METHODOLOGY

(57) Abstract

A system and method for extracting and forecasting computing resource data such as workload consumption of mainframe computing
resources using an autoregressive model. The system and method foresast mainframe central processing unit (CPU) consumption with
ninety—five percent accuracy using historical perfomance data. The system and method also provide an upper ninety—five percent confidence
level and a lower ninety—five percent confidence level. The system and method retrieve performance records from a computer platform in
one second intervals, statistically collapses the one second performance data into fifteen minute performance data, statistically collapses the
fifteen minute performance data into a one week performance data, and generates a time series equivalent to collecting performance data
at one week intervals. The system and method ensure that the resulting time series is statistically stationary, and applies an autoregressive
construct to the time series to generate forecast of future CPU utilization, as well as to generate reports and graphs comparing actual vs.
forecast CPU utilization. Because the system and method rely on electronically generated empirical historical computer performance data as
an input, they provide a tumnkey solution to CPU consumption forecasting that can be implemented easily by any system network manager.




