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There are at least three possible ways that documents
are distributed by relevance: informetric (power law),
inverse logistic, and dichotomous. The nature of the
type of distribution has implications for the construction
of relevance ranking algorithms for search engines, for
automated (blind) relevance feedback, for user behavior
when using Web search engines, for combining of out-
puts of search engines for metasearch, for topic detec-
tion and tracking, and for the methodology of evaluation
of information retrieval systems.

Introduction

Relevance is a key concept in information science—and
“a key headache,” Tefko Saracevic (1999, p. 1058) adds. For
Saracevic relevance is “the attribute or criterion reflecting
the effectiveness of exchange of information between people
(i.e., users) and information retrieval (IR) systems in com-
munication contacts based on valuation by people” (1999,
p. 1059). A relevance distribution is a distribution of docu-
ments (e.g., full texts or bibliographic records) sorted by
relevance judgments. These relevance judgments are both
user (or expert) judgments and weighting attributes (e.g.,
weighted keywords in a record or the number of citations of
an academic document). There is extensive literature about
relevance in information science (see, e.g., Greisdorf, 2000;
Journal of the American Society for Information Science,
1994; Mizzaro, 1997; Saracevic, 1975; Schamber, 1994),
and there are some remarks on relevance distributions as
well (e.g., Spink & Greisdorf, 2001, p. 163; Greisdorf &
Spink, 2001, p. 845; Lavrenko, 2004, pp. 27–31).

The nature of the “right” relevance distribution has impli-
cations. (1) The notion of relevance is crucial for all those
processes called relevance ranking. If we do not know how
documents are generally distributed by relevance, it is not

possible to create a reasonable algorithm of relevance rank-
ing. (2) It is also crucial for search engine users to make the
decision about many of the top ranked documents they should
read. (3) If a retrieval system works with automated, blind
relevance feedback, it is important to know how many docu-
ments of the first ranking procedure are to be considered in the
second step and are to be analyzed. (4) If we want to model
score distributions for combining the outputs of search
engines for metasearch, we need to know the nature of these
distributions. (5) For topic detection and tracking, i.e., finding
similar documents (e.g., news) on the same topic, relevance
models are useful. (6) Evaluation exercises in information re-
trieval (e.g.,Text Retrieval Conferences [TReC])usuallywork
with a dichotomous view of relevance. So it is possible that an
information retrieval system whose scores approximate the
“right” relevance distribution (whichever it is) better than
other systems does not receive a better evaluation assessment.

Relevance Distributions

There are (at least) three possible kinds of relevance
distributions, (1) a dichotomous view, (2) an informetric
view, and (3) an inverse logistic view.

In Figure 1 the Y axis represents the degree of relevance
(between 1 und 0) and the X axis the documents of rank 1, 2,
3, and so on. In our example we see a hypothetical distribu-
tion of 20 documents. In fact, when using Google or Yahoo!
a much higher number of hits can usually be expected. So
our rank 10 may be rank 1,000 or 10,000 or even higher in
real search results lists.

The Dichotomous View of Relevance Distribution

In the dichotomous view, the users prefer a binary decision
(Janes, 1991). A document is either relevant or not relevant to
a specific query. In the dichotomous view, some documents
are relevant (with a 1), all others are irrelevant (with a 0). All
Boolean information retrieval systems implicitly work with
this assumption. Of course, no relevance ranking is possible
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here; other criteria for sorting (such as date) are usual. Most
of the professionals in information research prefer this
dichotomous view. Although, for example, some information
service providers (DIALOG, Lexis-Nexis, or Westlaw) have
introduced relevance ranking functionality (see, e.g., Tenopir
& Cahn, 1994), most information professionals do not use it
in their practical work. For Janes (1993, p. 113) the dichoto-
mous view could be an artifact because when evaluating
retrieval results people make these yes-no decisions because
they have been asked to do so as part of a research study.

Maron and Kuhns (1960) argued that relevance is not a
1/0 decision and, on the basis of this assumption, introduced
their probabilistic model of information retrieval. In this tra-
dition, Robertson (1977) put particular emphasis on the
probabilistic character of relevance. Spink and Greisdorf
(2001) found hints for “partial relevance” in their user stud-
ies. The probabilistic IR model, the factual perception of rel-
evance by users, and the very practical reason of designing
relevance ranking in Web search engines led to the opinion
that the dichotomous view of relevance distributions is not
very helpful.

The Informetric View of Relevance Distribution

In the tradition of the laws of Zipf, Bradford, and Lotka
there is a general law of informetric distributions that
follows the formula

(Egghe & Rousseau, 1990, p. 293; Stock, 2000, p. 130),
where C is a constant, x is the rank, and a is a value ranging
normally from about 1 to about 2 (in Figure 1, it is 2). For
large sets this power law proves to be correct in many exam-
ples (see, e.g., Saracevic, 1975, pp. 329–331). The maximal
value in relevance distributions is 1, so here C is 1 as well.
The law tells us that if the document of rank 1 has a rele-
vance of 1, then the second ranked document must have a
relevance of 0.5 (with a � 1) or of 0.25 (with a � 2), the
third 0.33 (a � 1) or 0.11 (a � 2), and so on.

f 1x 2 �
C

xa

The Inverse Logistic View of Relevance Distribution

In a research project concerning the relevance of scien-
tific documents in relation to given topics (Stock, 1981) we
found out that about 14.5% of all documents in the hit list
had a weight of 100 (i.e., a relevance of 1), very few items
had values between 99 and 31, and about 66% of the docu-
ments had values between 30 and �0. The relevance judg-
ment was made by the indexer. This example may stand for
another kind of relevance distribution. Data by Spink and
Greisdorf (2001, p. 165) lead in the same direction. Here we
see several documents having a 1 or a close to 1 value on the
first ranks, then in the middle there are relatively few items,
followed by a large set of documents with low relevance
weights. If one looks at the function one can see a graph sim-
ilar to the logistic function but here it is mirrored. So we
speak of an inverse logistic function. The mathematical
expression of this function is

where e is the Euler number, x is the rank, C� is a constant,
and the exponent b is approximately 3. In our example b is 3
and C� is 0.0015.

The size of the hit set. There is evidence that both views,
the informetric and the inverse logistic, work in certain hit
sets with many documents. In smaller sets these laws are not
valid in all cases. The smaller the set the smaller is the prob-
ability that there will be an informetric or an inverse logistic
distribution. In small hit sets it is very probable that there is
no regularity of relevance distribution. If a retrieval system
output consists of three hits, one discussing the searched
topic on half a page in an article of 10 pages and two men-
tioning the topic only in short footnotes, then you cannot
decide whether this follows an informetric or an inverse
logistic function (in Figure 1 our three documents could be
positioned in the area of our ranks 4 to 6 in the informetric
function or at ranks 13 to 15 in the inverse logistic function)
or whether there is no regularity at all.

Implications

Implications for Blind Relevance Feedback

In the probabilistic retrieval model one needs relevance
information to calculate the relevance of a document under
a specific query. It is possible to present to users a list of
hits generated by another retrieval model (say, Google-like or
Kleinberg-like link topology or Salton’s vector space model)
in the first round and let the user decide whether a document
is relevant for him or not. Now we have relevance informa-
tion and can analyze the words in the texts that are mentioned
either as relevant or not relevant. There is another possibility
for obtaining relevance information. Croft and Harper (1979)
work without user judgments. In their pseudorelevance
feedback model there is a basic assumption: the top-ranked

f1x 2 � e�C ¿1x�12b

FIG. 1. Possible relevance distributions: informetric, inverse logistic,
dichotomous.
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documents are relevant and lower-ranked items are not. Here
the relevance feedback procedure works “blindly” and auto-
matically. But which top-ranked items are to be considered?
If there is an informetric distribution, the system should ana-
lyze only a few documents, but if there is an inverse logistic
distribution (and a large hit set), the retrieval system should
analyze all documents at 1 or close to 1. So a good strategy
under the informetric view is a bad decision under the
inverse logistic view.

Implications for Topic Detection and Tracking

Topic detection and tracking (TDT) includes the segmen-
tation of a news stream into stories about a single topic, the
detection of a new topic, and the monitoring of the news
stream for additional stories on a known topic. For this last
aspect of tracking one can work with the Croft-Harper
pseudorelevance feedback model. “When we estimate a Rel-
evance Model for some story, we mix together neighboring
document models” (Lavrenko et al., 2002). How many doc-
uments are neighbors? It is the same problem that we just
mentioned concerning the blind relevance feedback.

Implications for User Behavior

Using AltaVista data, Silverstein, Henzinger, Marais, and
Moricz (1998) observed that 85.2% of all users prefer to
look only at the first result screen (with 10 records). Spink,
Wolfram, Jansen, and Saracevic (2001) observed slightly
different user behavior: about 28% of all users of the search
engine Excite pay attention only to the first 10 hits, 19% to
the first 20, and 12% to the first 30 hits. There is one main
finding in all research projects of user behavior with Web
search engines: users prefer just to click on the first 10 to 30
links. If the inverse logistic view were true (and if there is a
big hit set), this user behavior would be wrong because the
user could not see documents with top relevance. But if
the informetric view is true (and if the query was perfect and
the relevance ranking algorithm works ideally), the observed
user behavior is strongly rational. Under the informetric
view (even with very big hit sets) you can expect the best
hits at the top of the distribution—and looking only at the
first 30 entries is a time-saving action that is sufficient for
most information needs of end users.

Implications for Data Fusion in Metasearch

Algorithmic search engines rank hits by machine rele-
vance “judgments,” so that the most relevant item is ranked
first, the second most relevant is ranked second, and so on.
For every document a specific score is calculated, but differ-
ent search engines work with different algorithms. If we
want to merge hit lists from different search engines, we need
a function to put a document ranked xth by search engine 1
into a combined list of all documents found by all search en-
gines. According to Manmatha and Sever (2002) and Man-
matha, Rath, and Feng (2001) it is possible to map the scores

of a search engine to probabilities and sort the merged list by
the calculated probability. Another possibility is to work with
ranks instead of scores or to work with both ranks and scores
(Hsu & Taksa, 2005). A necessary condition for this mapping
is a model of score distribution. And this model depends on
the “right” model of relevance distribution.

Implications for Evaluation Tasks

The most common measures of recall and precision of
retrieval systems are based on the dichotomous view of rel-
evance and (in the past) on a binary view of retrieval results
(either a document is retrieved or it is not). “These assump-
tions can, and need to, be questioned: relevance might be not
binary, and IRS (Information Retrieval Systems) usually
rank the retrieved documents and, sometimes, show their
weight” (Della Mea, Di Gaspero, & Mizarro, 2004, p. 30).
The second problem can be solved by the introduction of a
cut-off value: evaluators consider only the first x documents
of a ranked results list und calculate both the average preci-
sion of the top x hits and the rank-specific precision values
(precision@1, precision@2, and so on). In a recent study Lo
Grasso and Wahlig (2005) work with x � 20. But the first
problem is still open. So it is not possible inside, e.g., the
framework of TReC to study whether a system approximates
the “right” relevance distribution or not. Perhaps there is a
solution in the average distance measure (ADM) of Della
Mea and Mizzaro (2004, p. 533), who introduce a user rele-
vance score (URS) that measures the relevance of a docu-
ment with respect to an information need of a certain person.
URS is an expression of subjective relevance judgments,
which assumes various values between 0 and 1. The system
relevance score (SRS; also in the [0, 1] range) is the objective
relevance “judgment” of a given IR system. The new
retrieval effectiveness measure ADM is the average distance
(or difference) between URS and SRS. With the help of URS,
SRS, and ADM it will be possible to begin evaluation
research concerning the kinds of relevance distribution as
well. (There is a practical problem if search engines do not
show their relevance scores.)

What Now?

The methodology of measuring effectiveness of IR sys-
tems by using the binary view (e.g., by TReC) can be very
problematic, for it does not permit one to observe and to
analyze the specific natures of nondichotomous relevance
distributions and the behavior of IR systems to adapt to these
natures.

There are completely different implications, e.g., for
rational user behavior using search engines, for working
with blind relevance feedback and for constructing ranking
algorithms for search engines if the informetric or the
inverse logistic view of relevance distribution is right (the
dichotomous view is not applicable on the Web).

Is only one view correct and the other false? Perhaps
both views are false, and there is no general regularity in
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relevance distributions at all. Or are both views true for
different kinds of relevance? And what role does the size of
the hit set play? Our “key headache” leads not only to the
known question “How many relevances in information re-
trieval?” (Mizzaro, 1998), but also to “How many relevance
distributions?”
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