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We examine a model in which the user of an online sys- 
tem continually updates his/her estimated probability 
of success, and quits or continues according to the ex- 
pected utility of each action. The prior distribution of 
the unknown probability is a beta distribution, with 
mean determined by the a priori expectation of success, 
and variance determined by the confidence with which 
the user has that prior expectation. The stopping crite- 
rion depends upon the accumulated number of positive 
and negative reinforcements, and is a straight line in a 
suitable coordinate system. 

The user of an information-retrieval system reasons at 
two different levels. At the “working” level, she decides 
what steps to take next in carrying out the search at hand. 
At the “monitor” level, she simultaneously decides 
whether to continue the search at all or to terminate it. 
The same is true of a researcher in a library, an auditor 
reviewing financial records, or a detective of any kind. In 
this article we propose a very general model for the “mon- 
itor” process and apply it to the information-retrieval sit- 
uation. We show that there is a very simple cutoff crite- 
rion which determines whether the search will be 
terminated. 

The resilience of the searcher to repeated failure is 
found to depend in a natural way on both the a priori 
estimate of success and the believed precision of that a 
priori estimate of success. In other words, a person who 
expects a 50% chance of success a priori will be more re- 
sistant to failure than one who expects 20% chance of 
success, and a person whose estimate of 50% is marked 
by a high degree of certainty will be even more resistant to 
failure. 

The entire analysis is based on a Bayesian formulation 
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in which we use the most natural, i.e., the beta distribu- 
tion, model for the prior uncertainty in the probability of 
success. This model has two parameters [l] which can be 
converted naturally into the estimated probability of suc- 
cess and the precision of that estimate. This model is 
“natural” in the sense that its form remains invariant as 
new information is added. The model also incorporates 
the notion of expected utility and takes account of the 
utility, generally negative, of continuing a search and the 
utility of various possible results for the outcomes of tak- 
ing the next step. 

The Bayesian Model 

The Bayesian model is a powerful technique for esti- 
mating an unknown probability. When a probability is 
unknown we can only say that it may assume any of sev- 
eral values. Since a probability must lie between 0 and 1, 
the natural starting point is to say that it is somehow dis- 
tributed between 0 and 1. For example, it might have a 
unform distribution. In the Bayesian method, an as- 
sumed distribution for the unknown parameter is revised 
(“updated”) as new information is received. This infor- 
mation comes in the form of events whose precise nature 
is governed by the probability to be estimated. In our par- 
ticular example the two possible events are that the next 
item retrieved is good or that it is bad. If the probability 
that an item is good is “p, ” then finding a good item 
should cause us to update our assumption about the 
value of p in a way that makes it larger than it was before. 
Mathematically, the Bayesian updating procedure takes 
the initial probability distribution f(p), multiplies it by 
the probability of the observed occurrence, whatever the 
value of p might be, and then readjusts the normalization 
so that the new function is again a probability distribu- 
tion. In the example given, the updating due to a good 
document replaces ,f(p) by pf(p ), and renormalizes it by 
dividing by the original expected value of p, <p > , giv- 

ing pf(pV<p>. 
This is a powerful and popular technique for dealing 

with unknown probabilities. To summarize, the un- 
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known probability (p) is replaced by a distribution, 
which represents our present state of ignorance about 
that probability. This is called the prior distribution. The 
distribution is then updated according to a rigorous 
mathematical procedure. Objections to the Bayesian 
method, and the objectors are numerous, point out that 
all of this mathematical rigor is built on a foundation of 
sand, since our original assumptions about the distribu- 
tion of the parameter may be entirely wrong. 

In this case, the fact that the assumptions may be 
wrong are not a grave impediment. We are using the Bay- 
esian model to describe whether, and under what circum- 
stances, a searcher holding a certain view about the prior 
distribution will give up on a search. Thus, whether his 
original view is right or wrong, the model ought to be ap- 
plicable. In what follows, we consider only two possible 
events, the finding of a good item, which introduces a fac- 
tor p, and the finding of a bad item, which, correspond- 
ingly introduces a factor (1 - p). 

The Decision Model 

When a person has a choice C vs C’ and there are two 
possible outcomes R vs R’, the decision C or C’ is, in a 
“rational Von Neuman-Morgenstern scheme,” made by 
evaluating the expected utility of each of the two alterna- 
tives and selecting the one with the larger utility. It is per- 
fectly clear, by introspection alone, that people do not ac- 
tually perform this calculation moment by moment 
during their working days. However, those who are more 
successful, and who get more utility out of their working 
days, probably subconsciously do something close to it, 
That is, they are continually aware of new information 
which comes to them, and they revise their estimates of 
the value of continuing with a given course of action. 
Thus the model we consider is not fully prescriptive of 
human behavior, but it is very likely to be descriptive of 
the broad features of this behavior. The expected utilities 
are given in terms of the conditional probabilities 

P@ (CA PW’ ICI, PW IC’), and P@ I C’), as Eqs. (1) 
and (2). We use the fact that p(R ) C) + p(R ’ 1 C) = 1 and 
P(R ] C ‘) + P(R ’ ( C ‘) = 2 to simplify: 

v(C) = ~6’ 1 W(R) + P@ ’ I 00 ‘) + v,(C) 

= p(R Ic)[v(R’) - v(R’)] + v(R’) 

+ vo(C), (1) 

v(C’) = p(R 1 C’)v(R) + p(R’ 1 C’)v(R’) + vo(C’) 

= p(R IC’)[v(R) - v(R’)] + v(R’) 

+ vo(C’). (2) 

Here, v. is an intrinsic value (or a cost, if v. < 0) of the 
indicated choice. The conditional probabilities are them- 

selves unknown. They will be estimated using the Bay- 
esian model. In our particular case R stands for “rele- 
vant information retrieved,” or, from a behavioral 
viewpoint, “positive reward.” Thus, R ’ stands for “non- 
relevant information retrieval,” or “negative reward.” C 
represents the choice to continue, so that C’ represents 
the choice not to continue. The conditional probability of 
retrieving either relevant or nonrelevant documents is 0 if 
the searcher quits, so that v(C’) = vo(C’). 

The fact that v. may depend on how much searching 
has already occurred and on the history of the search so 
far introduces some computational complexity, but no 
conceptual difficulties, and will not be discussed here 
(see [2]). Letting p = p(R 1 C), we can write v(c) = 
v(CJp) = vo(C) + [v(R) - v(R’)]p + v(R’). The 
parameter p is assumed to be governed by the beta distri- 
bution 

P(p = t) = (constant) * P-l * (1 - t)b-l = g(t;a,b), 
O_(trl, a, b integers. (3) 

In this distribution the expected value of p is E(p) = 
a/(a + b). Given this uncertainty about p, the expected 
value of v(c) is given by 

I 
dr v(C, t)g(r;a, b) = v&C) + v(R’) 

+ [al@ + Hl[v@) - v(R’)l. (4) 

With repeated trials, the shape of the distribution g 
changes. At any step, if the prior distribution is repre- 
sented by g, then P( p = r ] R ) is proportional to tg(r). 
Similarly, P(p = t ] R ‘) is proportional to g(t) (1 - t). 
Hence with an accumulation of S successes and F fail- 
ures, the initial distribution g will be multiplied by t or 
1 - I, according to Bayes’s rule, S and F times, respec- 
tively. 

g(t;a,blS,F) = constant * tafS-’ (1 - t)h+F‘-‘. (5) 

The expected value of the choice to continue is then given 
by 

v’ = vo(C) + v(R’) + 

(a + S)/(a + b + S + F)[v(R) - v(R’)]. (6) 

We assume that v(R) > v (R ‘). Hence the condition to 
continue is that (a + S)/(a + b + S + F) remain large 
enough, i.e., 

(a + S)/(a + b + S + F) > 

[vo(C ‘1 - vo(C)]/[v (R) - v (R ‘>] = 7~. (7) 
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Thus, the condition for continuing is that the slope of 
the line joining the point (F,S) to the point -( b,a) ex- 
ceed the value a/( 1 - a). This critical value depends in a 
natural way on the relative value of the retrieved informa- 
tion and the cost of continuing. If the cost is high, the line 
is steep. If the value of retrieved documents is high, the 
slope is small, and the searcher can tolerate a large num- 
ber of failures before quitting. 

Examples are shown in Figure 1, where the region be- 
low the line is the region in which one should quit. The 
region above the line is the region in which one should 
continue. It is easy, although somewhat cumbersome, to 
reexpress the parameters a and b in terms of the a priori 
estimate of the probability u/(u f b) and an estimate of 
the precision of this probability. With reference to stan- 
dard tables we see [3, p. 930, row 26.1.331 that the vari- 
ance of this a priori estimate is given by Eq. (8). 

variance = (a f b)/[(a + b)2 (a + b + l)]. (8) 

The standard error of the a priori estimate is given by 
the square root of this variance. If both the parameters a 
and b are multiplied by a positive number Q2, the result 
is that the estimate of the prior possibility remains un- 
changed, but the estimate of the standard error decreases 
by a factor of Q. Hence larger values of u and b corre- 
spond to more precise estimates of the prior probability. 
The corresponding distribution function is more sharply 

I s 
-4 

FIG. 1. The quitting boundaries. A user begins at the origin (S = 
F = 0). He will tolerate failure, without success, until reaching the 
stopping boundary. The boundaries are shown for several values of 
p = a/( I - x). 

A: Prior Z/J (I = 20; b = 10 r = I/2 
B: Prior V\ L1 = 20; b = IO I = 4/11 
C: Prior J/.3 0 = 20; b = 20 r= l/2 
or Prior l/4 i, = 30; h = 10 r= l/2 

D: Prior V.1 <I = 40; b = 20 r = 4/1I 
Note that every line has more than one interpretation. For example, 
line C corresponds to a prior estimate of J/J, or an estimate of */.I, with a 
narrower uncertainty. Generally, the higher the prior (or. the more 
firmly it is “believed”), the more resistant the patron will be to discour- 
agcment. 

peaked. Similarly, relatively low values of u and b corre- 
spond to a broad distribution representing the fact that 
the prior belief specifies a certain mean but does not do so 
with great precision or, in the psychological sense, con- 
fidence. This effect is shown by the various lines in 
Figure 1. 

Note that each stopping boundary corresponds to infi- 
nitely many prior estimates of the probability of success, 
with different estimates of the variance. The origination 
points X and Y both refer to a prior of 2/3. For X (a = 
IO, b = 20), the patron can tolerate ten successive fail- 
ures (if rr, the value ratio is 0.5.); that is (a + O)/(u + 
0 + 10) = 0.5. But with (a = 20, b = 40) the line 
originates at y, and the patron can tolerate 20 successive 
failures. 

Realistic experiments [5] suggest that the density of rele- 
vant items, even in a well-chosen retrieved set, may be as 
low as 0.04. In this case an initial string of ten failures has 
a probability of (0.96)” = 0.6648. So a searcher with a 
totally unrealistic estimate of p = 2/3 and high confi- 
dence in that estimate (var = (10 X 20)/(31 X 30 X 
30)) = 0.007 has a 66% chance of giving up before get- 
ting a good document. If this original confidence is low, 
he will almost surely quit. For example, with a = 2, b = 
4 he will quit at the second or third failure, with probabil- 
ity 92% or 88%) respectively. 

Discussion 

Does this research have implications for real search 
strategy? It suggests that if items are examined serially: 
(1) it is important that the end user have either a realisti- 
cally low estimate of the chance of success or an unrea- 
sonably firm confidence in an unrealistically high esti- 
mate of the chance of success, and (2) it is vital that the 
system be as effective as it can in putting the relevant doc- 
uments to the head of the list. There is an interesting du- 
alism between this argument, stimulated by some obser- 
vations of Albert and Kraft [4] and the recent note by 
Bookstein [2]. Bookstein has suggested that a retrieval 
system obtain relevance statements from the user and 
continually update its estimate of some probability distri- 
bution. Although his particular example involved the no- 
tion of term independence, which is a difficult one to de- 
fend [6,7], the principle is, apart from that, a sound one. 
As the present article suggests, the system user interface 
may very well represent a dialogue between two Bayesian 
systems which are, or should be, updating their estimates 
of probabilities of success as a search progresses. 

It would indeed be interesting to attempt an experi- 
mental test of whether the user of the information system 
does follow this rational Bayesian model. There are a 
number of difficulties-obtaining prior estimates of the 
probability of success and the precision of this estimate 
(in order to determine the parameters a and b) as well as 
identifying whether an individual step in the process is 
regarded as a success, a failure, or merely neutral. De- 
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tailed study of transaction logs [8] shows that there are 
many events of a housekeeping nature which are to be 
regarded as neither successes or failures in a model of this 
type. 

This very simple model suggests that there is practical 
value in learning more about actual rates of success, and 
about end-user quitting behavior. 
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