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ABSTRACT In this paper, we examine the results ofapplying Term Frequency Inverse DocumentFrequency (TF-IDF) to de-
termine what words in a corpusof documents might be more favorable to use ina query. As the term implies, TF-

IDFcalculates values for each word in a document throughan inverse proportion of the frequency of theword in a particular document to the 
percentageof documents the word appears in.  Words withhigh TF-IDF numbers imply a strong relationship with the document they appearin, 
suggesting that if that word were to appear ina query, the document could be of interest tothe user. We provide evidence that thissimplealgo-
rithm efficiently categorizes relevantwords that can enhance queryretrieval.

Introduction
Before proceeding in depth into our experiments, it is useful to 
describe the nature of the  query retrieval problem for a corpus 
of documents and the different approaches used to solve it, in-
cluding TF-IDF.

Query Retrieval Problem
The task of retrieving data from a user-defined query has be-
come so common and natural in recent years that some might 
not give it a second thought.  However,  this growing use of que-
ry retrieval warrants  continued research and enhancements to 
generate better solutions to the problem.

Informally, query retrieval can be described as the task of 
searching a collection of data, be that text documents, data-
bases, networks, etc., for specific instances of that data. First, 
we will limit ourselves to searching a collection of English docu-
ments. The  refined problem then becomes the task of searching 
this corpus for documents that the query retrieval system con-
siders relevant to what the user entered as the query.

Let us describe this problem more formally.  We have  a set of 
documents D, with the user entering a query q = wl, w2, …, wn   
for a sequence of words wi.   Then  we wish   to return a subset 
D* of D such that for each d є D*, we maximize the following 
probability:

P(d | q, D) (1)

(Berger & Lafferty, 1999). As the above notation suggests, nu-
merous approaches to this problem involve probability and sta-
tistics, while others propose vector- based models to enhance 
the retrieval.

Algorithms for Ad-Hoc Retrieval
Let us briefly examine other approaches used for responding 
to queries. Intuitively, given the formal notation we present for 
the problem, the use of statistical methods has proven both 
popular and efficient in responding to the problem. (Berger & 
Lafferty, 1999) for example, propose a probabilistic framework 
that incorporates the user’s mindset at the time the query was 
entered to enhance their approximations.  They suggest that the 
user has a specific information need G, which is approximated 
as a sequence of words q in the  actual query. By accounting for 
this noisy transformation of G into q and applying Bayes’ Law to 
equation  (1),  they show good results on returning appropriate 
documents given q.

Vector-based methods for performing query retrieval also show 
good promise. (Berry, Dumais & O’Brien, 1994) suggest perform-
ing query retrieval using a popular matrix algorithm called La-
tent Semantic Indexing (LSI). In essence, the algorithm creates a 
reduced-dimensional vector space that captures an n-dimension-
al representation of a set of documents. When a query is entered, 

its numerical representation is compared the cosine-distance 
of other documents in the document space, and the algorithm 
returns documents where this distance is small. The authors’ 
experimental results show that this algorithm is highly effective 
in query retrieval, even when the problem entails performing 
information retrieval over documents written in different lan-
guages (Littman & Keim 1997). If certain criteria are met, they 
suggest that the LSI approach can be extended to more than two 
languages.

The procedure we examine with more detail is Term Frequen-
cy Inverse Document Frequency (TF-IDF). This     weighing   
scheme  can   be   categorized   as   a  procedure, though its 
immediate results are deterministic in nature. Though TF-IDF 
is a relatively old weighing scheme, it is simple and effective, 
making it a popular starting point for other, more recent algo-
rithms (Salton & Buckley, 1988). In this paper, we will examine 
the behavior of TF-IDF over a set of English documents from the 
LDC’s United Nations Parallel Text Corpus. The purpose of this 
paper is to examine the behavior, strengths, and weaknesses of 
TF-IDF as a starting point for future algorithms.

An Overview of TF-IDF
We will now examine the structure and implementation of TF-
IDF for a set of documents.  We will first  introduce the math-
ematical background of the algorithm and examine its behavior 
relative to each variable. We then present the algorithm as we 
implemented it.

Mathematical Framework
We will give a quick informal explanation of TF-IDF before pro-
ceeding. Essentially, TF-IDF works by determining the relative 
frequency of words in a specific document compared to the in-
verse proportion of that word over the entire document corpus. 
Intuitively, this calculation determines how relevant a given 
word is in a particular document. Words that are common in a  
single or a small group of documents tend to have higher  TF- 
IDF numbers than common words such as articles and preposi-
tions.

The formal procedure for implementing TF-IDF has some minor 
differences over all its applications, but the overall approach 
works as follows. Given a document collection D, a word w, and 
an individual document d є D, we calculatepronouns, and prepo-
sitions, which by themselves hold no relevant meaning in a que-
ry (unless the user explicitly wants documents containing such 
common words). Such common words thus receive a very low 
TF-IDF score, rendering them essentially negligible in the search.

Finally, suppose ƒw, d is large  and  ƒw,  D  is  small.  Then log 
(|D|/ ƒw, D) will be rather large, and so wd will likewise be large. 
This is the case we’re most interested in, since words with high 
wd imply that w is an important word in d but not common 
in D. This w term is said to have a large discriminatory power. 
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Therefore, when a query contains this w, returning a document d 
where wd is large will very likely satisfy the user.

Encoding TF-IDF
The code for TF-IDF is elegant in its simplicity. Given a query 
q composed of a set of words wi, we calculate wi, d for each 
wi for every document d  є  D.  In  the simplest way, this can be 
done by running through the document collection and keeping a 
running sum of ƒw, d and ƒw, D. Once done, we can easily calcu-
late wi d according to the mathematical  framework   presented   
before.   Once all wi, d’s are found, we return a set D* containing  
documents d such that we maximize the following equation:

Σi wi, d (3).

Either the user or the system can arbitrarily determine the size 
of D* prior to initiating the query. Also,  documents are returned 
in a decreasing order according to equation (3).

This is the traditional method of implementing TF-IDF. We will 
discuss extensions of this algorithm in later sections, along with 
an analysis of TF-IDF according to our own results.

wd  = ƒw, d * log (|D|/ƒw, D) (2),

where ƒw, d equals the number of times w appears in d, |D| is 
the size of the corpus, and ƒw, D equals the number of docu-
ments in which w appears in D (Salton & Buckley, 1988, Berger, et 
al, 2000). There are a few different situation that can occur here 
for each word, depending on the values of ƒw, d, |D|, and ƒw, D, 
the most prominent of which we’ll examine.

Assume that |D| ~ ƒw, D, i.e. the size of the corpus is approxi-
mately equal  to  the  frequency  of  w  over  D.  If 1 < log (|D|/ 
ƒw, D) < c for some very small constant c, then wd will be small-
er than ƒw, d but still positive. This implies that w is relatively 
common over the entire corpus but still holds some importance 
throughout D. For example, this could be the case if TF-IDF 
would examine the word ‘Jesus’ over the New Testament. More 
relevant to us, this result would be expected of the word ‘United’ 
in the corpus of United Nations documents. This  is  also the 
case   for   extremely  common   words   such   as articles,

Experiment
Data Collection and Formatting
We tested our TF-IDF implementation on a collection of 1400 
documents from the LDC’s United Nations Parallel Text Cor-
pus. These documents were gathered arbitrarily from a larger 
collection of documents from the  UN’s 1988 database. The 
documents were encoded with the SGML text format, so we de-
cided to leave in the formatting tags to account for noisy data 
and to test the robustness of TF-IDF. We simulated more noise 
by enforcing case-sensitivity. Due to certain constraints, we 
had to limit the number of queries used to perform informa-
tion retrieval on to 86. We calculate TF-IDF weights for these 
queries according to equation (3), and then return the first 100 
documents that maximize equation (3). The returned docu-
ments were returned in descending order, with documents with 

higher weight sums appearing first. To compare our results, we 
also performed in  parallel  the brute force (and rather    naïve) 
method of performing query retrieval based only on the term f ! , 
dv Naturally, this latter  method  is intuitively flawed for the larg-
er problem of query retrieval, since this approach would simply 
return documents where non- relevant words appear most (i.e. 
long documents with plenty of articles and prepositions that 
might not have any relevance to the query). We will provide 
evidence that TF-IDF, though relatively simple, is a big improve-
ment over this naive approach.

3.2 Experimental Results

Return Pos. Document # Sumf , d Sum md

1 64 139 1.83

2 879 136 4.52

3 1037 121 2.08

4 324 107 0.91

5 710 98 7.22

6 161 93 3.95

7 1175 87 0.24

8 402 86 5.13

Table 1. First eight documents with highest f . d returned by our 
naive algorithm for query =“the trafficking of drugs in Colom-
bia”. The high Ji., d comes mostly from long documents with 
plenty articles and prepositions. These documents had very low 
w, scores and are mostly useless to the query.

Query Retrieval of Naive
 

Let us now consider the results from running  TF-IDF on our 
data. In this case, documents at  the  top  of  the list have a high 
sum of md, so a query containing w would likely receive docu-
ment d as a retun  rn  value.
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