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Abstract

The TF×IDF weighting function is a well-known and proven model
in modern information retrieval systems. The model allows docu-
ments to be ranked by relevance based on the frequency of terms
issued by a user’s query. Despite the fact that it yields good results,
an clarification for its success is not so obvious. Attempts have
been made to explain the model in terms of statistics or common
sense. This paper tries to find similarities and differences with the
theory of network analysis. A simplified network model based on
the principle of an electrical circuit acts as a guide to gain under-
standing of the model’s operation. The correctness of this model
is tested by implementing it as a function of the Terrier Informa-
tion Retrieval System, whereupon it is evaluated against Terrier’s
predefined TF×IDF model. Results show that the precision of the
network model is not as high as a TF×IDF model would typically
achieve. Nonetheless the network model shows a new approach for
calculation of the document score based on multiple termed queries,
which improves the precision of the top 10 results.
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1 Introduction

Information retrieval is a field of research which exists for multi-
ple decades. Over the years, several retrieval models have been
invented, allowing the users of an information retrieval system to
query for relevant documents [Singhal, 2001]. The omnipresence
of search engines like Google, Yahoo and Bing are proof of the
definitive success of retrieval systems. The definition of an infor-
mation retrieval system is very broad. A system based on just a
simple matching model does not necessarily take responsibility for
the ranking of results: the first document retrieved is not necessar-
ily the most relevant. This is not problematic as long the result sets
keep small. With data volumes growing over time, ranking mod-
els became an important aspect in the field. A user will not take
time to evaluate thousands of documents returned by a system: the
results must be ordered by relevance. Key in ranking functions is
term weighting [Salton and Buckley, 1988]. Term weighting is a

technique which tries to determine which terms are important and
which are not. A document containing a few important words might
therefore be correctly designated as being more relevant than a doc-
ument containing more, but unimportant words. A well-established
model among term weighting is the term-frequency × inverse doc-
ument frequency (TF×IDF) term-weighting function. This ranking
model (which sums up the scores of individual terms) is a result of
years of reasoning and trail-and-error. Although offering quite re-
markable results, an in-depth understanding or explanation of its
success is not trivial. Over time, insightful attempts have been
made to understand the success of this model in terms of statis-
tics [Hiemstra, 2000, Robertson, 2004]. This paper interprets the
TF×IDF model in terms of electrics and circuit analysis. Based on
this interpretation, a simplified model based on Ohm’s law is eval-
uated against TF×IDF. Electric circuits can be analyzed by using
network models. The concept of network models is however not
a new approach to information retrieval. Turtle and Croft [1990,
1991] already closed the gap between the worlds of information re-
trieval and network analysis. Nonetheless the perspective of their
work, which is based on inference networks, differs from a typical
electrical circuit analysis. Ohm’s law is chosen as a starting point,
ignorant of previous work based on Bayesian networks. Hopefully
this will provoke new insights in ranking model research.

1.1 Contents

In the following section, a short overview of ranking models is
given. Section 3 elaborates on TF×IDF (and its variants) more in-
depth. Thereafter, section 4 describes the commonalities and dif-
ferences found with the analogy of circuit analysis. The section is
meant to create a bridge to the next section, while clarifying the ori-
gin of the idea to express term frequencies and relevance in terms of
resistance and potential. Section 5 shows how the circuit approach
would work, on which section 6 draws its conclusions.

2 Retrieval and ranking models: an overview

The standard boolean model of information retrieval, which dates
back until the 1960’s, is a very simple approach to determine
whether a document could be relevant or not and is therefore still
contemporary [Manning et al., 2008]. Unfortunately, this model is



only appropriate to tell whether a term occurs within a document.
Documents are usually returned in natural or random order. Already
in early history, attempts have been made to improve the standard
boolean model, in order to add better ranking / term weighting ca-
pabilities. As such, the Vector-space model emerged [Salton et al.,
1975], and other proposals followed [Salton et al., 1983]. This is a
common trajectory of research. Starting with a simplified model al-
lows step-by-step improvement. In electrical circuit analysis, this is
a very common practice. To save time and effort, models are always
simplified as long the net results lies within acceptable boundaries.
If not, the model is refined. The added complexity hopefully im-
proves the model’s precision, like it is in information retrieval.

2.1 Types of ranking models

Ranking models have been researched over time to improve the or-
der in which retrieval systems return their results. Since these mod-
els are not trivial at all [Hiemstra, 2001], large varieties have been
developed. They can roughly be categorized as follows.

Constant ranking
This type of ranking model applies the same score to all doc-
uments. The standard boolean model is a trivial example of
such model.

Term frequency
Term frequency (and optionally additional inverse document
frequency) involve counting the number of term occurrences
in documents. Improved variants like BM25 are also part of
this category.

Machine learning
Machine learned ranking (MLR) is a method of which a rank-
ing model is constructed based on training data, feeded to ma-
chine learning algorithms. First records on MLR were pub-
lished by Fuhr [1989]. Its operations falls beyond the scope
of this paper.

Static ranking
Static rankings are fully independent from queries. Boolean
matching determines the result set, which is ordered by a pre-
calculated score. This ranking method is primarily well suited
for web-scale search engines because it reduces the process-
ing power required per query.

3 The TF-IDF ranking model

The TF×IDF function calculates the weight of a single term (t),
given a set of documents (d) in which it occurs as a part of a superset
(D) which is the entire corpus. TF×IDF is the product of the term
frequency (TF) and the inverse document frequency (IDF):

tfidf(t,d,D) = tf(t,d)× idf(t,D)

Both tf and idf exist in different varieties [Manning et al., 2008].

Common expressions for the term frequency tf(t,d) include:

Boolean
The term frequency is 1 iff the term occurs in d. Otherwise it
is 0.

Natural
The actual number of times the term occurs in document d.

Logarithm
The term frequency is determined by tf(t,d) = 1 +

log( f (t,d)). If the term does not occur, the term frequency
is 0.

Normalized
Often, the natural term frequency is normalized to prevent
long documents of getting relatively high term frequencies.

For the inverse document frequency, a constant value can be chosen.
This will result in just using the tf term, rather than tf×idf. Usually
the idf function is defined as:

idf(t,D) = log
|D|

|{d ∈ D : t ∈ d}|

Herein is |D| the total number of documents. A high score is given
to a term which occurs often in one particular document while being
sparse in other documents.

4 TF-IDF using a physical approach

Research done by Turtle and Croft [1990, 1991] continues on the
idea of expressing documents and search terms as an inference net-
work. Their work proposes a model in which they estimate the
probability that a users information need (a query) is met given a
document as ‘evidence’. The estimation is based on properties of
the network, which consists of document nodes, text representa-
tion nodes and concept representation nodes. The query, which is
also a network, is analyzed based on the links between both net-
works. Terms and concepts corresponding to a query are modeled
as a vertex between the networks nodes. Without going further into
the details of the networks properties, the research makes clear that
certain characteristics of the TF×IDF can be explained in terms of
network behavior. The principle of network analysis is what is at
stake in the next subsections.

4.1 Term frequency as potential

The idea of a normalized term frequency can be expressed as a
property of a network node. The example in Figure 1 shows five
documents, of which two documents contain the term a, in both
cases multiple times. In other words, the term frequency of a for
documents I is 3 and 2 for document II. Looking at most ranking
functions, this yields higher scores for document I and II, because
the term frequency is often seen as a strong relevance indicator.
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Figure 1. It is assumed that documents I and II are more rel-
evant because of their higher term frequency w.r.t. documents
III and up.

Continuing this thought, we might think of term frequency as the
document’s ‘potential’ to become the most relevant. If we con-
sider the terms to be ‘charges1’, then document I and II tend to
become more negative than the others. If the charges were evenly
distributed, the potential of each of the documents had been zero
(potential is a relative value). Now that the charge distribution is
concentrated on the first two documents, the potential of all of the
individual documents changes. Note that this approach shares prop-
erties with the normalized term frequency from section 3. The po-
tential of an object is both influenced by the number of charges and
the area of the object. The bigger the area, the lower the concen-
tration of the charges, which decreases its potential. In this, the
analogy with the document length can easily be found.

4.2 DF as a negative influence on potential

The inverse document frequency tells something about the impor-
tance of the term in question. The more common a term, the less
weight should be addressed. Also, when a term does not occur in a
document, the inverse document frequency is not relevant. In other
words, the document frequency inversely contributes to the poten-
tial of the document. This can be considered a kind of ‘resistance’
that the term’s score experiences. An absent term in a document
corresponds with an infinite resistance for that term.

4.3 Putting together potential and resistance

The proposed measure of the relevance of a document based on
potential and resistance is the basis of a well known rule in circuit
analysis: Ohm’s law. The rule is described by

I =V/R

By using this formula, it is possible to calculate the expected
amount of current I that would flow from one network node (the
document) to another (the query node). Depending on the potential
of the nodes and the resistance of the vertices between them, the
current varies.

1Since electrons are negative charges, so do we consider the
terms

4.4 Network analysis

A flowing current between nodes caused by their difference of po-
tential tells us something about the network. Using the same ap-
proach as Turtle and Croft, a query can be made a part of the dy-
namics of such network. In fig. 2 a single termed query is intro-
duced as a central node between the other document nodes. The
amount of current flowing from a document to the center can be
seen as its ranking score.

Figure 2 shows such a network for a query containing the term a.
Like in the example of fig. 1, documents III, IV and V do not con-
tain the term in question. This is modeled by assigning an infinite
resistance to resistors R3, R4, and R5. The other resistors are given
a resistance of 2 each2. That is, the number of documents in which
a occurs. So in case term a could have occurred in 3 documents,
each corresponding resistor would have been 3. The resistor at the
bottom acts as a normalizer to the term. By adjusting its resistance,
the net current is influenced.
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Figure 2. The term t of query q is part of the network (common
node in the middle) and connected to documents I and II. The
resistors R1 and R2 take the terms’ document frequency into
account.

For those who did not notice the circuit layout very well in fig. 2 (or
for those who do not have an electronics background): the picture
shows a typical voltage summer [Nilsson, 2001].

4.5 Multiple terms

The example in the previous section is based on a query containing
a single term. Ideally, a user might want to issue multiple termed
queries. Multiple query terms can be introduced as additional nodes
to the network. The final score of a document is based on the super-
position of all query terms. Each term contributes to the total score
if it has a posting of the document in question. Every query term
has its own link to a document by its own ‘resistor’. This results
in a current flowing to each individual query term node. Of course,
the total score of the document-query combination must be a single
value. A simple approach would be to sum the magnitudes of the
term resistors:

R+ =
N

∑
i=1

si

2Dimensions are omitted since they are not of main concern



The final score of the document is then expressed by the current
over one single resistor described by I =Vd/R+. This is similar to
how the score of the TF×IDF model is usually handled: the sum
of the individual query term scores determines the final document
score. This is however not a realistic approach to real network be-
havior. A central node representing the query must be used to con-
nect each individual query term node. fig. 3 shows a circuit with
this central node Q introduced.
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Figure 3. Query Q consists of multiple terms (q1 and q2) which
are individually connected to document nodes.

This central node represents the query itself and is therefore con-
nected to each query term node q1 and q2. Note that there are no
resistors shown between the query node and each term node, but
those can easily be introduced: by differentiation of these ‘term re-
sistors’, the weight of the individual terms could be altered. Cal-
culation of the net current flowing from the document nodes to
the central query node requires more advanced network analysis
methods. A well known heuristic is the parallel resistor theorem,
which describes how to replace two or more parallel resistors for
one equivalent resistor. In the situation in fig. 3, this means that the
parallel resistors from Q to a document node d are substituted by
an equivalent resistor, omitting the influence of other nodes. Sub-
stitution of two or more parallel resistors can be done by taking the
inverse of the sum of the inverted values:

R|| =

(
N

∑
i=1

s−1
i

)−1

This formula gives a more realistic value for the actual resistance
acting between the central query node and the document. Figure 4
shows an example of resistor substitution for query Q consisting of
two terms q1 and q2 for one document (I).

5 Simulation

In section 4, we studied TF×IDF by trying to apply the laws of an
electrical circuit to the model. Keeping a strict eye on the math of
TF×IDF, there are clearly differences in the way a circuit behaves,
although the physical view on the matter felt quite natural. The
goal of this section is to discover the differences in precision of
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Figure 4. Example of resistor substitution of two resistors (left)
for one equivalent resistor R|| (right).

three models: TF×IDF, Ohm using summed scores, and Ohm using
scores based on the equivalent resistance.

5.1 Test Setup

The evaluation was done using the Terrier IR Platform [Ounis et al.,
2006] with indexed MEDLINE citations which were used during
Text REtrieval Conference (TREC3) in 2005. Terrier has a built-in
Java port of the TREC Evaluation program, which allows weight-
ing models to be evaluated in terms of precision and recall, based
on predefined topics and relevance feedback information. More on
this topic follows in section 5.2. Besides an evaluation tool, Terrier
also ships with various weighting models including a TF×IDF im-
plementation. This model is out of the box already optimized with
pre-set constants, differing from the model described in section 3.
This model is defined as:

TF× IDF = kf
k1 · tf

tf + k1(1−b+b ·dl/dlavg)
log

|D|
df +1

Besides Terrier’s predefined TF×IDF model used for evaluation,
the Ohm model was implemented conform section 4 and added to
Terrier’s weighting models. This model is defined as:

Ohm =
tf
dl

df−1

This formula can be derived by substitution into Ohm’s formula
given in section 4.3. The score is dictated by the current. The
potential equals the term freqency (‘charges’) over the document
length (‘area’) and the document frequency acts inversely: like a
resistor. An explanation of symbols uesed can be found in table 1.

The Ohm model was evaluated using the two manners described in
section 4.5. One is by summing the scores of the individual terms
(denoted as ‘Ohm single termed’) and the second approach entails

3http://trec.nist.gov/

http://trec.nist.gov/


kf KeyFrequency: the term frequency in the query
tf The term frequency of the term in the document
|D| The number of documents in the corpus
df The document frequency of the term
dl The document’s length
k1 Terrier constant: 1.2
b Terrier constant: 0.75
Table 1. Symbols used in implemented WeightingModels

the parallel resistor approach to better express a realistic network
behavior for multiple terms (‘Ohm multiple termed’).

5.2 Evaluation

A short look at the ranking models already reveals clear differences
between both. First of all, the TF×IDF model is more complex
in a sense that it has more terms, which include constants. These
constants, k1 and b, are used to fine-tune the model. Secondly, the
TF×IDF model is proportional to the key frequency: the term fre-
quency of the query. The Ohm model on the other hand, is neither
influenced by properties by other terms in the query, nor by prede-
fined constants.

It is to be expected that the TF×IDF will address the best precision,
since it is already studied and evaluated during multiple TREC con-
ferences. In order to quantify the differences between the models,
a TREC evaluation was done for both models.

Figure 5 offers visual insight of the precision at x for both models
by running an evaluation for all queries in one test run. Please note
the log scale at the horizontal axis.
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Figure 5. Evaluation of the models TF-IDF and Ohm (using
scoring functions for both individual terms, and multiple terms
combined).

6 Conclusions

Results show that the simplified Ohm network model cannot com-
pete with the thoroughly optimized TF×IDF model. Although both

models share similarities in sense of proportionality of term fre-
quency and inverse document frequency, the additional terms of the
TF×IDF model certainly cause a significant difference in precision.
Despite that Ohm achieves a lower precision, the model might still
be useful. The function result is easier to cache since it does not
depend on the number of documents and the average document
length. When a document is added to the corpus and index, only
the terms involved need to be recalculated. In case of TF×IDF, the
whole cache must be invalidated, which might not be an option for
high-traffic websites with regularly changing content for example.
Nonetheless this does not mean that the Ohm model can be consid-
ered a constant ranking model (see section 2.1). When calculating
the score based on the parallel resistor theorem, the final score de-
pends heavily on the combination of terms in the query. Throughout
the results, the use of this scoring function for multiple terms com-
bined does not achieve better results. Only the precision at the top
10 is slightly better compared to the other Ohm model which sums
the individual term scores.

6.1 Differences and inconsistencies

The method used to calculate the net current flowing to the cen-
tral query node is not as accurate as it could be. Due to limita-
tions of Terriers design, it was significantly easier to adopt a heuris-
tic approach, rather than using additional network simulation soft-
ware. More realistic results require the use of Kirchhoff’s laws (i.e.
Kirchhoff’s Current Law and Voltage Law). This requires special-
ized software and is certainly not trivial. In the field of electrical
circuit analysis using software, simulation is more often used rather
than exact numerical analysis.

6.2 Future work

This research only considers passive aspects network analysis,
solely based on term frequency and document frequency as stated
in section 4.4. No attempts were made to experiment with other
properties of the voltage summer, for example by exchanging com-
ponents or by introducing dynamic behavior. As made clear in sec-
tion 6.1, looking at a ranking model by means of an electric network
is more a thought experiment than a way to explain the ‘physics’ of
information retrieval, as it can be done with real electric networks.
Sequacious research should investigate the relevance and existence
of more suitable network components to explain the behavior of in-
formation retrieval models. As depicted in the previous subsection,
a network’s behavior could for example be simulated instead of be-
ing calculated. The challenge would be to adjust existing software
in this field to automatically generate large numbers of networks
based on a collection of documents.
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