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Abstract

Transaction processing systems are judged by users to
be correctly functioning not only if their transactions are
executed correctly, but also if most of them are completed
within an acceptable time limit. Therefore, in this paper,
we propose a definition of availability for systems for whom
there is a notion of system failure due to frequent violation
of response time constraints. e define the system to be
available at a certain time if at that time the fraction of
transactions meeting a deadline is above a certain user re-
quirement. This definition leads to very different estimates
of availability measures such as system downtimes as conr
pared with more traditional measures. We concludethat for
transaction processing systems, where the user’s perception
is important, our definition more correctly quantifies the
availability of the system.

1 Introduction

Transaction processing systems of today, such as ticket
booking systems, product ordering systems, or troubletick-
eting systems are real -time systens, i.e., correct functioning
of the system is not only determined by whether the trans-
action was executed correctly, but whether it was compl eted
within a certain amount of time. That is, the transaction
response time is an important performance metric. This
metric isalso themost important user-perceived metric, and
often the one by which the user judges the quality of the
transaction processing system. For instance, if a simple
guery on atypical library database takes 5 minutes to com-
plete, the user may consider the query transaction failed.
The maximum acceptable delay, in this case, could be 30
seconds. Thus the transaction has a 30 second deadline to
complete, or else it is considered failed. However, unlike
hard real -time systems[10], the user would not consider this
one deadline violation as leading to system failure. How-

ever, if such a deadline violation happens very frequently
within a certain timeinterval, the user will judgethelibrary
database system to be non-operationa. For example, if the
deadlineismissed by, say, 15 out of the last 20 transactions
in a 30 minute interval, the user will consider the system
failed. In thispaper, we propose that the correct measure of
availability of atransaction processing system is this user-
perceived availability which is very strongly based on the
performance, especially the response time performance of
the system.

In practice, a common “performance requirement” for
transaction processing systems, is often in terms of the
transaction response time, e.g., “90 % of al transactions
must complete in 20 seconds’, which quantifies the perfor-
mance from the users's perspective. A separate “availability
requirement” is also usualy specified for any transaction
processing system, which could bein terms of maximum al-
lowed downtime per month. However, such an availability
requirement is incomplete until a definition is provided of
when asystemisconsidered available. When thetransaction
processing system is a multiple server system, this defini-
tion of availability isusually made in terms of the minimum
number of servers that should be operational. Such a def-
initionisimplicitly based on a notion of performance; i.e,
it impliesthat having a certain minimum number of servers
operationa, guarantees a certain minimum level of perfor-
mance. An approach to unifying performance and availabil-
ity metrics in this manner has been presented by Levy and
Wirth[4]. Intheir approach, they use two descriptorsof the
dtate of the system : the “ congestion state” (number of jobs
in a system, etc.) and the “availability state” (e.g. number
of operational servers). The availability of the system isde-
fined asthe probability of beingin any one of theavail ability
states of the system where aminimum performance require-
ment is met, where this performance requirement could be
a user-perceived one such as the response time.

Although our basic argument is the same as the one
by Levy and Wirth, we take their approach a step further
by eliminating the intermediate definition of availability in



terms of the minumum number of servers and link the avail-
ability definition even more explicitly to the user-perceived
performance. Further, in the context of transaction pro-
cessing systems, we focus on one particular metric, i.e., the
probability of a transaction missing a deadline. Thus we
define availability as the probability that the system is func-
tioning at aminimum performance level as perceived by the
user. Specifically, we define availability as the probability
that at any timea required minimumfraction of transactions
arefinishing withina given deadline. Aswe shall seeinthe
analysis presented in this paper, such a definition accounts
for failure caused not only dueto failures of the servers, but
also the temporary degradation of performance due to tran-
sient overl oading of the system, which may not last long, but
may still result intheuser perceiving the system astemporar-
ily unavailable. This resultsin an availability number that
is substantially different from the availability as cacul ated
by traditional approaches.

Performance-based reliability measures have been de-
fined before for hard red-time systems, by Shin and Kr-
ishna[8]. However, in that definition, even if a single task
missed its“hard” deadline, thisevent leads to a system fail-
ure. Muppala, Woolet and Trivedi [7] discuss modeling of
both hard and “soft” real-time systemsin their paper. How-
ever, the soft real-time systems considered in their paper fail
only when dl the servers fail. Thus their is no notion of
performance-based failurefor the soft-real-timesystems. In
this paper, we have considered systems, where one trans-
action missing a deadline does not lead to system failure,
nevertheless, thereisa“softer” notion of system failure due
to frequent violation of response time constraints. We be-
lieve that this class of systems represent a large number
of transaction processing systems that are currently opera-
tional.

Another characteristic of transaction processing systems,
which affects the performance-based avail ability, is the fact
that the rate at which transactions arrive to this system can
vary significantly. In other words, transaction arrival rates
havetypical peak periods, during whichthearrival ratecould
be even twice as much as the average and even five to ten
times the rate at off-peak periods. System failure is then
determined not only by the number of servers that failed,
but the load on the system at the time they failed. Such
a periodic behavior of transaction load has been modeled
by Shin, Krishnaand Lee in [9], where they present a very
general methodology to formally derive resource control
strategies for distributed systems. Our focusin this paper is
different : we study the effect of peak and non-peak hours
on availability when the definition of availability explicitly
incorporates the performance of the transaction processing
system.

In therest of the paper, we first propose our formal defi-
nitionof availability of transaction processing systems (Sec-

tion 2), then describe our model for computing availability
(Sections 3 and 4), and then provide an illustrative example
(Section 5). In Section 6, we describe an efficient approx-
imate method for computing availability, and also provide
some more examples. We summarize and conclude the pa-
perin Section 7.

2 Definition of System Availability

Let us describe a system to be available at time ¢, if
the expected fraction of transactions arriving in the small
interval (¢,¢ + 6t) that will misstheir deadlinesislessthan
agiven constant ¢. For an infinitesimally small 6¢, thisalso
meansthat the systemisavailableat timet, if the probability
that a transaction, arriving at this time, misses its deadline
islessthan ¢.

Thus the performance/availability requirement on the
system is given in terms of the response time distribution
of a transaction. If D(t) is the random variable denoting
theresponsetime at timet (i.e. the responsetime seen by a
transaction that arrives at timet), the system is considered
availableat timet if

PrD(t) > d] < 6. ()

Hered isagiven“soft” deadline, and ¢ isgivenasarequire-
ment. The problem isto compute the availability at timet,
given that the system is defined to be available at timet by
Equation (1). Define Fy(t) as

Fa(t) = PriD(t) < d. 2
Then availability, A(t), a timet, isgiven by
A(t) = Pr[Fa(t) > 1-9]. (3

With such a definition of availability, we capture thein-
herent dependence between performance and availability in
one eguation. We term this measure as the user-perceived
availability. The key observation about such a definition
of availability is that it takes into account the possibility
of transient system failure (i.e. unresponsiveness) triggered
purely by transient overloads caused due to the random na-
ture of transaction arrivals. Thus, it will take into account
the possibility that even though there are no server failures
inthe system, there could be atemporary system failuredue
to atemporary overload.

The computation of availability at time ¢ will proceed as
follows : let the state of the system at time ¢ be denoted
by S(t). (Thisstate description will include the operational
state of the servers, and the state of the transactionsin the
system.) Let P;(t) denote the probability that S(t) = S;.
Now, let Fy; be the probability that the response time of a
transaction islessthan d, given that the systemisin state S;
at the time of arrival of the transaction. Then define



[ —— 1, if Fd|z’>1_¢
= 0, if Fgy <1-¢. 4

Then, if Q isthe set of al states that the system can be
in, the user-perceived availability isgiven by :

Aty =Y riPi(t). (5)
5:€Q
which represents summing over all probabilitiesof beingin
the states in which the probability of missing adeadlineis
lessthan ¢.

To compute A(t) as given by Equation (5), we first need
to compute P;(¢) and then r;,. To compute r;, we need
the response time distribution of a transaction, given that
the system isin a certain state at the time of arriva of the
transaction. Also, for steady-state availability, we need the
limiting values of these quantities. The next two sections
explain how we do these computations.

3 TheModd for State Probabilities

Consider adistributed system of V identical servers. Let
the transaction processing rate of each server be p. The
transaction arrival rate at timet is A(¢). Each server failsat
the rate v and can be repaired at the rate . Let us assume
that thereisonly onerepair person available for the servers.
The incoming transactions join a common queue, and are
served in afirst-in-first-out manner, each server processing
one transaction at atime. We assume that the arrival rate
followsaperiodicpattern with aperiod of 24 hours. Inevery
24 hour period we assume we have three different periods
of varying loads. This is based on the typically observed
transaction arrival behavior which has a “peak”, period, a
“medium” period and a“low” load period. More formaly,
wedefine A(t) as:

At) = X, 0<t<to
= )\z,t0<t§t1
= A3, t1<t <24 (6)

wheretg and ¢4 are constants.

Furthermore, we assume that in each period, transac-
tionsarrive according to a Poisson process. We a so assume
that the failure, repair and transaction processing times are
exponentiadly distributed. We assume that there is a lim-
ited buffer space, B, for queueing transactions in the sys-
tem. Under these assumptions, the model for the duration of
timefor which the arrival rateis constant isa homogeneous
continuous-time Markov chain with afinite state-space.

Thesystem statecan bedescribed by a4-tuple(l, m, p, q),
where! isthenumber of serversthat are operational but idle,
m isthe number of servers that are failed, p isthe number
of servers busy processing transactions and ¢ isthe number
of transactionswaiting in the queue. A Markov model with
this state description can be generated; however, for large
buffer size and number of servers, this model can become
quitelarge. A higher-level specification language such as a
Sochastic Reward Net (SRN) [1], along with atool such as
SPNP[2], can beused to generate theinfinitesimal generator
matrix corresponding to this Markov chain.

We generate three different Markov chains, correspond-
ingtothethreedifferent arrival rates A1, A, and A3. Weterm
these as the “Phase 1", “Phase 2" and “Phase 3" Markov
models respectively and denote the infinitesimal generator
matrices corresponding to these three Markov models by
Ql! QZ! and QS-

These Markov model scan be solved in phasesto compute
the overall probability of the distributed system being in a
date S; a time ¢t. Now, it is clear that for ¢t < ¢g the
probability vector at timet issimply given by :

P(t) = P(0)eQ,

where P(0) istheinitid state probability vector and P(¢) is
the state probability vector at time¢. For tg < t < t3, the
state probability vector at timet isgiven by :

P(t) = P(tg)e (=10 = p(0)eQuto, Qelt=t0),
Fort, <t < 24,wehave:
P(t) = P(ty)e (=1 = p(0)eQitoe Qalti=10) Qs(i-t1)

Generaizing from the above equations, we have for ¢ =
24n + s,n > 0,0 < s < 24, n isanon-negative integer :

P(t) = PO)E"eQ:, 0<s<t

= P(O)E"teterz(s_to) to< s <ty

= P(O)E"teterz(“_to)eQ3(s_“), 1< s <24
()

where E = [eQuto+Qa(ti-t0)+Qa(24-1)] These proba-
bilities can be computed using a tool such as SPNP [2],
which uses sophisticated numerical techniques based on
uniformization for efficient computation of transient proba-
bilities.

Note that the matrix E is the stochastic transition prob-
ability matrix corresponding to the discrete-time Markov
chain (DTMC) embedded at the points 0,24,48,.... This
DTMC isfinite, aperiodic and irreducible and therefore the
matrix E* hasalimit asn tendstoinfinity. Let

E= lim £™.

n—00



The rows of matrix £ are identical and correspond to the
steady state probability vector IT of the embedded DTMC.
Therefore P(0)€ isaso equal to II.

Thenast — oo, the continuoustime probability is given

by :

tlim P(t) = lim P(24n+s)
= I, 0<s<to (8)

HeQﬂerZ(s_to) to<s<ty (9)
= Me@toeQalti=t0) Qals—t2) ¢ 5 < 24,

(10)

Thus, it is clear that the steady-state probability is peri-
odic with a period of 24 hours. Let us denote the steady-
state probability vector a a large t, t = 24n + s, by
7(s),0 < s < 24. Equations (8)-(10) provide us with the
steady-state values of the state probabilities, =(s), which
can then be used to determine the steady-state availability
of the system.

4 Modd for Response Time Distribution

The previous section showed us how to caculate the
P;(t)'s and their steady-state values. In this section, we
show how we calculate the ;’s. For this purpose, we must
calculate the response time distribution of the transaction,
given that the system state at the time of its arriva is i.
We use the tagged job approach [5, 6] in computing the
response time distribution. In the tagged job approach we
use the PASTA [11] property of Poisson arrivals, i.e. the
property that “Poisson arrivals see time averages’. Thus,
the probability that a transaction arriving at timet sees the
system in acertain state ¢ is given by the state probability at
timet, whichis P;(¢). This P;(t) can be computed using the
model described in the previous section. For the response
time distribution, we build another Markov mode! (termed
the “tagged job model”) where apart from the regular state
description, we additionally keep track of a “tagged job”
(or tagged transaction). Thus the system state will now be
described by ({,m,p,q,tw,ts,t.,t5), Wheret,, is1if the
tagged jobiswaitingin the queue, and O otherwise, ¢ is1if
thetagged job isbeing processed by aserver and O otherwise,
t. is 1if the tagged job is completed, and O otherwise, and
ty is 1if the server fails while processing the tagged job
and O otherwise. Suppose we want to compute the response
time distribution of a transaction, given that the system was
in a particular state S; = (L, M, P,Q), S; € Q, a the
time of its arrival. We proceed by setting the initial state
of the tagged job modd to (L, M, P,Q,1,0,0,0). This
state represents the arrival of a tagged job to the system,
when the state was (L, M, P, Q). The transitions between

states should be such that the tagged job gets a server only
when al the @) jobs that were in front of it get servers,
S0 as to represent the FIFO queueing discipline. Note that
we do not model new arrivals of transactionsto this system,
because transactionsarriving after thetagged transaction are
irrelevant to the computation of response time distribution
of the tagged job. The tagged job is either processed or
there is a server failure during its processing. Thus, either
t.=1ort; = 1. Statesinwhicheithert, = 1ort; = lare
made absorbing states. (We can generatethisMarkov model
also using a Stochastic Reward Net specification.) Notethat
since no new transaction arrivals are modeled, we do not
have different “ phases’ of Markov modelsin this case.

The probability that the responsetimeislessthan , then,
is the probability of the tagged job Markov chain being in
a state where t, = 1 a time u. This can be found by
solving thetagged job Markov model for itstime-dependent
state probability. Denote the state probability vector for the
tagged job model with initial state S; € Q, by R, and
let R'¢(u) denote the probability of being in any of the
absorbing states where t, = 1 a t‘i me u. Thus, for the
specified deadline d, we can find R'¢(d). Then, r; is 1 if
R'¢(d) > 1 - ¢ and 0 otherwise. We can now find ;s for
al i € Q, by creating a tagged job model corresponding to
eachi € Q.

The availability at timet, isthen givenby >, 7 Pi(1).
Since the steady-state probabilities of this system are peri-
odic, the steady-state avail ability of such a system will aso
be periodic with a period of 24 hours. Let A(s) denote the
steady state availability at s hours after the beginning of a
24 hour period. Then, A(s) isgivenby >, 7;m;(s), where
#(s) isgiven by Equations (8)-(10).

5 Example

Consider a distributed system with five identical servers.
Each server can process 1200 transactions per hour. Each
server hasamean timeto failure (MTTF) of 4000 hoursand
a mean time to restore (MTTR) of 4 hours. The transac-
tion arrival rateis 600 transactions per hour from time O to
10 hours, 4000 transactions per hour from 10 to 16 hours
and 2000 transactions per hour from 16 to 24 hours. The
maximum number of transactions waiting to be processed
in this system can be 50. The system is considered to be
failed at any timeif at that time the probability that atrans-
action has aresponse time of lessthan 9 secondsislessthan
80 %. Given this definition, we would like to compute the
steady-state avail ability of the system.

We solvethemodel as described in the previoussections,
i.e. tocomputethe steady state probabilities, we use thefirst
Markov model. We do this by first computing the DTMC
steady state vector asfollows: we set theinitia stateto that



which has all servers operationa and no transactionsin the
system, and compute P(10), P(16) and P(24) as described
in Section 3, and repeat this process by setting the initial
state probability of the Phase 1 Markov model to P(24) and
then re-computing P(10) and so on. After iterating thispro-
cess a few times until convergence is achieved we set I1 to
the converged value of P(24). Then setting theinitia prob-
ability of the Phase 1 Markov model to IT, the probability
7 (s) may becomputedfor 0 < s < 10, by solvingthe Phase
1 Markov moddl for time-dependent probabilitiesfrom O to
10 hours. Similarly, by setting the initial probability of the
Phase 2 Markov model to x(10), and solving the Phase 2
Markov model for time-dependent probabilitiesfrom 0 to 6
hours, we get 7(s) for 10 < s < 16. Finaly, by setting the
initial probability of the Phase 3 Markov model to (16),
and solving the Phase 3 Markov modd for time-dependent
probabilitiesfrom 0to 8 hours, weget = (s) for 16 < s < 24.

Once we have the state probabilities, we can computethe
availability also as described in the previous section, using
the tagged job model. Since we are mainly interested in
steady-state availability, we compute it by using the vector
w(s). Thiswill give us the steady-state availability A(s),
0<s<24
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Figure 1. Steady-state Av%ilability for a 1-day
period

Figure 1 shows the instantaneous avail ability over a pe-
riod of one day, when the system has reached steady-state,
for this example.(Though the curves look perfectly vertical,
asif there are discontinuitiesin the plot, thisisthe effect of
granularity of the plot, and in fact there will be a gradual
change in the availability at 10 and 16 hours). Note that
the availability in the 6-hour pesk period in the middle of
the day is, as expected, significantly lower than the avail-
ability during the other hours in the day. The availability
in each interval quickly reaches a steady-state in that inter-
va : that availability is 99.9999982 % in the first interval,
96.986841 % in the second interval, and 99.994225 % in the
third interval.

To calculate the downtime per month (30 days), we can
integrate numerically, the curve shown in Figure 1. Thus

24
Downtime per month = 30 x (24 — / A(s)ds) hours.
0

The downtime per month using this calculation in this
case, is 325 minutes (5.4 hours). If the availability require-
ment isthat downtime be less than one hour per month, this
mode! tells us that five servers are not enough to meet this
requirement.

5.1 “Implicit” Modd Approach

We can compare this approach with a more simple ap-
proach for caculating availability with an implicit notion
of performance, as discussed in Section 1. For using this
approach to compute the steady-state avail ability of the sys-
tem, wemust first determine the minimum number of servers
that is required to be operationa for the system to be con-
sidered available. This is determined by using a separate
performance mode.

For each of the time-intervals where transaction arrival
rate is constant, we can use an M /M /c mode (assuming
that buffer space is large enough) to compute the steady-
state response time distribution of the system for each ¢,
c=1,...,5wherecisthenumber of servers. Theresponse
time distributionof the M /M /¢ model is given by aclosed-
form expression which can be foundin [3].

For the arrival rates = 600, 4000 and 1200 per hour, the
probability of the steady state response time being less than
9 seconds is shown in Table 1 for the number of servers,
c=1,...,5  Itisclear from the table that for the first

¢c=1|c¢c=2|c¢c=3|c=4|c=5
A=600 | 060 | 093 | 095 | 0.95 | 0.95
A =4000 0.78 | 0.93
A =2000 055 | 092 | 0.95 | 0.95

Table 1. Response Time Probabilities Using
M/M /e model

10 hours, a least 2 out of 5 servers are required to meet
the performance requirement; for the next 6 hours, al five
serversarerequired and for thenext 8 hours, at | east 3 servers
are required. This evaluatesto 5 x 10~10 % unavailability
inthefirst 10 hours, 0.5 % unavailability in the next 6 hours,
and 10~° % unavailability in the next 8 hours.

Thisis egquivalent to 54 minutes of downtime per month
(30 days). If the availability requirement is for the down-
timeto be less than one hour every month, then thisanalysis
tellsusthat five servers are enough for meeting the require-
ment (albeit closaly). Thus, thereis asubstantial difference



between the estimates made using this implicit model, and
estimatesmadeusing explicit user-perceived avail ability. As
described earlier, the user-perceived availability takes into
account the possibility of system failure purely due to not
meeting the response time requirement, which may or may
not betriggered dueto server failures. Therefore, thedown-
time estimate, in this case, was larger using this method as
compared with theimplicit model (thisis not always true).
The issue of whether performance degradation due to the
random nature of arrivals and due to queueing should be
“counted” while estimating downtime is a debatable one.
However, we argue that irrespective of whether the cause
was a server failure or ssimply atemporary congestion, the
user will perceivethe degradation of theperformance. If this
perceived degradation is substantial enough, it will resultin
the user determining the system to be“unavailable’. Thusif
a user-perceived definition of availability isto be accepted,
we believe it must reflect this perception as accurately as
possible.

6 Approximate Method for computing User-
Perceived Availability

The method for computing availability using Markov
models as described in Section 3 and Section 4 has sev-
eral disadvantages. First, if the buffer space for waiting
transactions is large (which is likely in modern systems,
where memory is fairly cheap), the number of states gen-
erated will be smply too large and the model will become
essentially unsolvable. Second, the tagged job approach for
computing response-time distributionisatediousonewhere
theresponsetimemode must besolved for eachinitial state,
for al states generated in the steady state model. Therefore
asimpler way to compute the user-perceived availability is
necessary.

We do this by following the expected approach of de-
composing the model into a server failure and repair model
and the transaction arrival and service model. We solve the
transaction model for response time performance in steady-
state assuming that the number of operationa servers and
the transaction arrival rate does not change in a short time.
Such an approximation isacceptabl e becausethetime-scales
of the failure-repair events and the duration of "phases’ are
orders of magnitude higher than the time-scal es of transac-
tion arrivalsand service. Notethough, that we do thiswhile
gtill keeping the availability definition strictly in terms of
the user-perceived performance. Thusthoughwe use atwo-
level modd to solve for this availability, our definition of
availability does not change to being “two level”.

Let us first compute the probability at any instant in the
steady-state of thetransaction model that the systemisavail-
ableasdefined by Equation (1), given that thereare ¢ servers
operationd at that time. For doing that, we basicaly use

Equations 2 through 5 of Section 2. The first quantity that
can be computed is Fy);, which is the probability that an
arriving transaction misses the deadline, given that the sys-
tem isin state S;, where S; = ¢ is now simply the number
of transactions in the system. Recall that we assume ex-
ponential service time u for the servers. Thus, given ¢
transactions in the system and ¢ servers, the response time
D isa EXP(u) random variable, if i < ¢; and D is the
sum of an ERLANG(uc,i — ¢ + 1) random variable and
an EX P(u) random variable, if i > ¢. Let

Funp(t) = 1— e=#, (11)
and '
Pty =1-3" () ment, (12)
=0 7
Then
Fai = Fegp(d), Vi<ec

= (Ferl @ Fe:cp)(d) Vi >c (13)

where @ represents the convolution operator. Given the
Fy);’s, ther;’s can be found using Equation (4).

To find the probability of having ¢ transactions in the
system we assume a smple M/M/c model. (Since, as
mentioned before, transaction buffer sizescan be quitelarge,
we assume an infinite buffer space)) If a = A/u,, where A
is the transaction arrival rate, the steady state probabilities
foran M/M/c model wherea < ¢ aregiven by :

c—1 ak at -1
Mo = [Z T m] (14)
k=0 c
al
4!
a‘j .
n; = mno J=>c (16)

Now, it is clear that there will be a certain threshold
K dfter which al r;’swith i > K will be 0. Then, the
conditional steady-state availability is given by Ef{:o r;M;.

Recall that this entire calculation was made under the
condition that there are ¢ servers operational and that the
transaction arrival rateis A. Denote the availability derived
in such away by A. x, and let (). denote the probability
that there are exactly ¢ out of N servers available. Let
q = n/(y + n) denote the availability of a single server
Then

Q.= C!(NLic)!qc(l —q)Ne (17)



Then, Ay = Y2, A.,Q., is the availability of the
system under a certain load A. Assuming the transaction
load pattern as described in Section 3, the downtime in
minutes per day isgiven by :

[ (1— A)\l) X to+ (1 — A)\z) X (tl — to)
F(1— Ay) x (24—11)] x 60. (18)

Thefollowing showsthe approximate method of comput-
ing user-perceived availability, in astep-by-step algorithmic
manner :

1. Firstcompute Q. fore=1,..., N.

2. For each transaction arrival rate A = A1, A, and A3, do
the steps 3 thru 7.

3. For each number of servers ¢ = ¢q, ..., N, where ¢g
is the minimum number of servers for which A < ¢op,
do steps 4 thru 6.

4. For:=0,1,2,..., compute r;, by computing Fy; as
showninEquation (13), until »; iszeroforsomei = K,
after which al r;’swill be zero.

5. Fori=0,..., K, computeI;, the steady-state proba-
bilities.

6. Set A\ =YK M,
7. St Ay = SN AcaQ..

8. Computedowntime minutesper day as shownin Equa-
tion (18).

Using the approximate model for computing, the steady-
state user-perceived availability for the example system in
Section 5i1599.9999 % for thefirst 10 hours, 96.9861 % for
the next 6 hours, and 99.9943 % for the next 8 hours. The
downtime estimate is 326.16 minutes per month. Thus, for
the given failure, repair, transaction arrival, and transaction
service rates, this approximation is very good.

6.1 Examples

The approximation alows us to answer what-if ques-
tions quickly, and therefore alows for efficient evaluation
of design dternatives. Thus, for example, in Section 5, we
determined from the user-perceived downtime measure, that
five serverswere not enough to meet the maxi mum one-hour
downtime requirement. Using the approximate method, we
can carry out the same calculation for N = 6 servers. The
downtimeinthiscaseturnsout to be 27.9 minutesper month,
which meets the requirement. Therefore, we conclude that
we need six servers to satisfy the downtime reguirement.

Asanother example, consider the same system, but with
adifferent load pattern. We consider avery sharp peak hour
load onthesystem: let usassumethat A; = 600 transactions
per hour from 0to 10 hours, A, = 5500 from 10to 14 hours,
and Az = 600 again from 14 hoursto 24 hours. For thissys-
tem, with the same performance-availability requirements,
wewould liketo determine the number of servers necessary
to again meet a maximum one hour per month downtime
requirement. Using the approximate method, we determine
the downtimefor N = 5,6 and N = 7 servers. The fol-
lowing table shows the downtime estimates in minutes per
month using the approximate model and the implicit model
for these three cases.

N | User Perceived | Implicit Model
5 3436.8 7200

6 506.4 43

7 404 0.15

Table 2. Comparison of User-Perceived Down-
time vs Implicit Model Downtime in minutes

Thus we need 7 servers to satisfy the downtime require-
ment in this case. Note that unlike other cases, when we
have 5 servers, the implicit model downtime estimate is
larger than the user-perceived downtime estimate. Thisis
S0 because the steady-state probability of missing the dead-
line when the load is 5500 transactions per hour, and there
are 5 servers, is0.62 which isless than 0.8. Thus according
to the implicit model, with 5 servers the system cannot be
considered available, and therefore, the system is unavail-
able for 4 hours, which is 7200 minutes per month. The
downtime in the rest of the day when there is low load is
amost negligible. The user-perceived availability in the
four-hour pesk period is, on the other hand, 52.3 %. In this
case, this measure is alowing for the random occurrence
that the number of transactionsin the systemislow, evenin
the peak period, and when the user may perceive the system
to be “available’. Therefore, user-perceived downtime is
smaller than theimplicit model downtime, in thiscase.

7 Summary and Conclusions

In this paper, we presented a formal definition of avail-
ability for transaction processing systems for which an in-
formal notion of system failure due to degraded system
performance aready existed. The definition is simple, ex-
plicit and is a natural representation of the users's perfor-
mance/availability expectation of atypical transaction pro-
cessing system. We presented a Markov model that can be
used to computethe availability as defined inthispaper. The



Markov model was solved numerically, using existing tools.
We al so presented an approximate method of computingthis
user-perceived availability.

We conclude that this measure more appropriately re-
flects availability as actually perceived by the user and
should be the measure of choice for systems for which the
user perceived availability isimportant.
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