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Abstract

In this paper, we describe a new approach
to classification of text documents based on
the minimization of system entropy, i.e., the
overall uncertainty associated with the joint
distribution of words and labels in the collec-
tion. The classification algorithm assigns a
class label to a new document in such a way
that its insertion into the system results in
the maximum decrease (or least increase) 
system entropy. We provide insights into the
minimum system entropy criterion, and es-
tablish connections to traditional naive Bayes
approaches. Experimental results indicate
that the algorithm performs well in terms
of classification accuracy. It is less sensitive
to feature selection and more scalable when
compared with SVM.

1. Introduction

With the phenomenal increase in information con-
tent on the Internet and intranets, the need for in-
telligent tools to organize the information into tax-
onomies or ontologies has become acute. Among the
plethora of techniques for classification of text docu-
ments that have been suggested in the literature, some
important ones are naive Bayes (Lewis, 1998; McCal-
lum & Nigam, 1998; Friedman et al., 1997; Langley
et al., 1992), support vector machines (Joachims, 1998;
S. T. Dumais & Sahami, 1998), rule-learning (Cohen
& Singer, 1996; Slattery & Craven, 1998), k-nearest
neighbor (Yang, 1999), and maximum entropy (Nigam
et al., 1999). While some techniques (Robertson 
Spark-Jones, 1976; Larkey & Croft, 1996; Koller & Sa-
hami, 1997) assume the multi-variate Bernoulli model
that uses a binary vector representation for each doc-
ument, other techniques (Lewis & Gale, 1994; Kalt 
Croft, 1996; Joachims, 1997; Li & Yamanishi, 1997;
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Nigam et al., 1998; McCallum et al., 1998) assume
a multinomial model that accounts for multiple oc-
currences of a feature in a document. A study done
by McCallum and Nigam (1998) shows that multi-
nomial model typically outperforms the multi-variate
Bernoulli model.

In this paper, we propose a new approach to classifica-
tion of text documents based on the concept of ’system
entropy’. We view a collection of labelled documents
as being generated by a joint distribution of two ran-
dom variables, one representing the class labels and
the other the words in the vocabulary. We define the
entropy of such a system, i.e., collection of documents.
Since the entropy of a well organized system should
be low, we argue that a new document should be in-
serted into the system in such a way that the updated
entropy (after insertion) is as low as possible, i.e., the
insertion should result in the maximum decrease (or
least increase) of the entropy of the system. We refer
to the resulting classification algorithm as the mini-
mum system entropy (MSE) classification algorithm.

The rest of the paper is organized as follows. In Sec-
tion 2, we define the entropy of a collection of labelled
documents and present our approach to classification.
In Section 3, we derive an approximate expression for
the change in entropy when a new document is inserted
into a particular class. Based on the approximation,
we show that the MSE criterion and the naive Bayes
criterion are related under some assumptions. In Sec-
tion 4, we present experimental results that compare
the performance of the MSE classifier with the naive
Bayes classifier and SVM on several standard data
sets. The experiments show that MSE does not re-
quire feature selection and has other advantages such
as scalability. We also present a study on the effect of
feature selection and the size of the training data set
on the proposed algorithm. Finally, Section 5 contains
the summary and conclusions.
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2. The Minimum Entropy Criterion

2.1. Joint Entropy of Two Random Variables

Let A be a random variable that assumes values a in
the set A, and let B be a random variable that as-
sumes values b in the set B. Let p(a, b) denote the
joint probability that A = a and B -- b. The joint
entropy, which is a measure of the uncertainly associ-
ated with the joint distribution of the pair of random
variables A and B, is given by

E(A, B) = - ~ ~ p(a, b)logp(a, b). (1)
aE,,4 bEfl

Similarly, the conditional entropy E(AIB), which is a
measure of the conditional distribution of A given B
is defined as

E(AIB) = - Z ~,P(a’b) i°gp(alb)
aE,.4 bEB

= - X:P(b) X:P(alb) l°gP(alb)’ 
bEB aE~4

where the last equality follows from Bayes rule, i.e.,
p(a,b) = p(alb)P(b ) = p(bla)P(a ). Here P(a) and
P(b) are the marginal probabilities of a and b. It is
easy to verify that (1) can be written 

E(A,B) = E(A) + E(BIA) = E(B) + E(AIB), (3)

where E(A) = ~-]aeA P(a) log P(a) an d E(B) =

- ~beB P(b) log P(b) are the marginal entropies of A
and B.

2.2. Entropy of a Collection of Labelled
Documents

Let D = {D1,D2,...,D,} denote a set of n docu-
ments where each document has been assigned a class
label from the label set C = {C1, C2, ..., Co}. Let
ni,i = 1,... ,c, be the number of documents with the
label Ci, with ~-’~.i~=1 n~ = n. We assume that the docu-
ments are modeled by the word set (vocabulary) ]4; 
{Wl, w2,..., Wd}. Each document Di is represented by
a d-dimensional vector xl = [xil, xi2,..., Xld], where
xlj represents the frequency of occurrence of word wj
in document Di. Let X = {Xl,X2,...,Xn} represent
the set of feature vectors corresponding to the docu-
ment set. In addition, we let kij = ~,,~ec, xij denote
the frequency of occurrence of word wj in class Ci, and
kj = ~i~=l klj denote the overall frequency of occur-

dfence of word wj. We define Ki to be ~j=l kij. If we
think of each class C~ as a bag of words, then Ki repre-
sents the size of bag Ci. We also define K = cX:i=l =

d
~-]j=l kj, and estimate the prior probability Pi of bag

C~ as KjK. Finally, we let pj = kj/K,j = 1,...,d,
and Pij = kij/Ki,i = 1,..., c;j = 1,... ,d, denote the
probability of wj occurring in X and ’Ci respectively.

If we view the collection of documents as being gen-
erated by a joint distribution of two random variables
W and C that assume values in )4~ and C respectively,
from (1) and (3), the entropy E(W, C) of the collection
becomes:

E(W, C) = E(C) + ~ PkE(Wk), (4)
k----1

where E(C) = - ~.~=1Pk logPk, and E(Wk) 
d 1--~j=lPkj Ogpkj. In (4), E(C) is a measure of un-

certainty arising out of assigning class labels to docu-
ments and E(Wk) is a measure of uncertainty arising
out of the distribution of the words within class Ck.
We refer to E(W, C) as the system entropy.

2.3. Approach to Classification

Let x -- [xl,x2, ... ,Xd], be the new vector to be la-
belled, and let L(x) denotes its length. The idea is 
assign it the label that gives rise to the maximum de-
crease in the overall entropy of the system. It is to be
noted that when we label the document x, we are es-
sentially labelling all the words in the document with
the same label. If we insert the document in class C/,
then the new probabilities of the system are given by

{~ if k =i,= (5)Kk otherwise
K+L(x)

and

I kk~.-Fz~

plkj K~+L(:,) if k ---- i,
= ~ if k ¢ i.

(6)
Kk

Since the assignment of the new document x is to the
class that gives rise to the largest decrease in entropy,
the discriminant function gi0 for class Ci may be writ-
ten as

a (x) = c) - c)), (7)
where E~(W, C) denotes the entropy of the system af-
ter x has been inserted in Ci. Since E(W, C) is inde-
pendent of Ci, the discriminant becomes

c

= -E;(C) is)
k=l

where E~(C) c , =-- ~,k=l P~logP~ and E~(Wk)
d ! t-- ~j=lPkj 1ogpkj" Since plogp = 0 when p -~ 0,

words that do not occur in the system will not con-
tribute to the entropy. The computational complexity
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of the proposed minimum system entropy (MSE) clas-
sification algorithm is O(cd), where c is the number of
classes and d is the size of the vocabulary. Note that
for any given i, E~(Wk) needs to be computed only
for k = i, since for the remaining values of k, E’(Wk)
remains equal to E(Wk). The algorithm can be quite
slow when c or d is very large. In the following sec-
tion, we derive an approximation to the discriminant
function that is computationally more efficient. The
approximate discriminant function also provides some
insights into the minimum system entropy criterion.

3. Approximate Algorithm for
Classification

3.1. Approximate Computation of Change in
System Entropy

In this section, we derive a second order approximation
to the change in entropy, AE, when a new document
is inserted into the system. Since entropy function is
not well behaved at zero (i.e., the derivative is not fi-
nite), a Taylor’s series expansion with respect to the
original pq’s can lead to problems. Therefore, we use
the new probabilities p~j as the basis for expansion.
(It is to be noted that when a new document is in-
serted into the system, some of the pij’s, which were
zero before the insertion, can assume small non-zero
values.) To accommodate the constraint on the prob-
abilities, without loss of generality, in the following we
treat P" or P~a as the dependent variable. In other

1 v’c-1 P’ and P~a 1 V’e-1 -’words, P’ = - z_,i=t ¯ i = - a_,j=l pq. This
implies that

c--I d--I

dP" = - E dP" and dp~d = - E dp~j. (9)
i=1 j=l

E~(W, C), the entropy when the new document is in-
serted into class Ch is defined by

C c d

~;(w, c) = - ~, ~,; log P; - ~ P~ ~p;,~ ~ogp;,~
k=l k--1 j----1

c

= E~(C) + EP~E~(W~)’ (10)
k=l

where P~ and/kj are defined as in (5) and (6). 
change, AE~(W, C), in entropy can be written as

c

AE~(W, C) ..--- AE,(C) -t-AE2(C) + E/YkAE~(W~’)’ (11/

+

and

t,E~(Wk)

However,

d

= ~ o,.,. ,
d d 2 t

1 .--..---., 0 E~(Wk)A , A-’
+ 5l[,l.,~ p~, .,s

/=1 j=l wZ"kl~l"kJ

(14)

oE;(c)
= -(l+log/Y~) op,~

02E;(C) = [ -~ if k---j,
OP~OP] [ 0 otherwise (15)

tv--c p,E,/W, ~
O t2.Jt=t t it l/] = E~(Wk) OR/,

o2 (E,L, P,’<(w,))= 0 (16)

OE~(Wk)
= l+logp~j andOp’kj

O~E;(W~) _ ~, -~ if l--j, (lr)
OP’ktOP’kj [ 0 otherwise.

By substituting (15), (16) and (17) in (12), 
(14) respectively, and by using (9), we obtain

k----1

c

AE2(C) = EE~(Wk)AP~ (18)
k=i

AE;(Wk) = -- E logp£jAp’kj -- -~
i=i i=t Pkj

Let L(x) denote the length of the test document x 
be classified. Let K’ = K + L(x), K~ = Ki + L(x),
and ki~ = kij + xj denote the number of words in
the system, the number of words in class Ci, and the
number of wj in class Ci respectively, after x has been



387

inserted in class Ci. If the new document x is assigned
to class Ci, then we have

{-L--~ (1 - P[) if 1 = i, (19)
otherwise.K’’

and

Ap~j = {

Plugging in (12)

--~7(xj-p~jL(x)) ifl=i, (20)
0 otherwise.

- (20) into (11), we obtain

AE,(W,V) = L(x) (logP"
K

L (x) - 
l=l

dP"+ (logp, + E;(w,))
j=l

N xj _ L (x) (211
2Ki 2 =7"

j=t Pii

Ignoring the terms that are common to all classes Ci,
and assuming that P~ = K~/K~ ..~ KI/K we can obtain
the following discriminant function g~ 0 for class Ci.

1d
9/(x) = ~xjlogp~j + L(x)logP~

$’=1

(22)
2KIKi 2K12 "\j=,

If we include only the terms that arise out of the first-
order approximation, we obtain

1 d 1
g/(x) = ~ E xj logp~j + ~n(x)log P/, 

j=l

which is equivalent to

d
! z$g,f(x) = p,n(.) II P’J (24)

j=l

It is to be noted that in (23) and (24) the summation
or product over 3" needs to be carried out only for j
such that xj > 0. Therefore the corresponding p~j are
guaranteed to be non-zero, and (22), (23), and (24) 
always well defined. This would not be true if we used
E(C, W) as the reference point to do the second-order
expansion. In general, for a given document, the num-
ber of non-zero entries in x axe much smaller than d.
Therefore, computation of the approximate discrimi-
nant g~(x) or gI(x), which has a computational 
plexity of O(cL(x)), is much more efficient than that
of the exact one. In practice, we have noticed that the
speedup can be over an order of magnitude.

3.2. Comparison with Naive Bayes

In the case of the multinomial model, the discriminant
function for class Ci may be written as

d ~.~
g,(x) P(L(x))L(x)IPI j~ =l :~ (251

Since the terms involving factorials are common to all
classes, we see that (24) and (25)are similar, except
that the prior probability is raised to the power L(x)
in the case of the first-order MSE classifier. However,
if the prior probabilities of the classes axe equal, then
the first order MSE classifier becomes identical to the
multinomial case. Moreover, the connection between
the multinomial model and cross entropy between the
probability distributions of the class and the test vec-
tor is well known (Baker & McCallum, 1998). 

dfact, in (23), the term ~j=t xj logp~j is essentially the
cross-entropy term, since xj is a scaled estimate of the
probability of word wj in the new document x.

In the case of the multivariate Bernoulli model, each
element in xi = [Xil,Xi2,...,Xid] is either 1 or 0 de-
pending on whether word wj occurs or does not occur
in document Di. The discriminant function for class
Ci may be written as

d

gi(x) = Pi HP~](1 -Pij)1-~’. (26)
j=l

Note that in this case, Pi is computed as ni/n, i.e.,
the fraction of documents labelled as Ci. Comparing
with (24), we see that minimum entropy classification
does not directly incorporate the negative evidence
provided by the non-occurrence of words. However,
for the special case when there is only one binary fea-
ture, E(Wi) may be written as

E(Wi) = -Pi0 logpio - Pit logp/t, (27)

where Pio is the probability that the feature is ’0’ in
class Ci and Pla is the probability that the feature is
’r. Moreover, if the new document to be inserted has
a feature value of x, we may write

and

K_l _ /q+a if I = i,K ~+t = -~ (28)K~ _ KI _ P_~ otherwise.K K+I -- K

Ap~o = ~ -- Ki+l-XKi+l = P~°+x-lj Ki

Ap~l ..~ ~ _ kil+ZK,+l = P’I--XK,
(29)

Ap~0 = Ap~t = 0 when l # i
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Hence, we obtain

K
log P[ + E;~(C) PIE~(W,)

l=l

1 ’ +~,logv~) (30)+~ ((1 - x)logp,o

Again, ignoring terms that are common to all classes
Ci, we obtain the diseriminant function

gi(x) ., , (1-.) = Pw~1(1 -pi#1-~) (31)
= l-’iPilPi0

Thus, the minimum system entropy criterion becomes
identical to the multivariate Bernoulli criterion.

4. Experimental Results

In this section, we provide empirical evidence for the
good performance of the minimum system entropy
(MSE) method. The experiments are based on com-
parisons with Naive Bayes and Support Vector Ma-
chines on several well-known data sets such as We-
bKB, 20 Newsgroups, and Sysklll Webert data.
In addition, to demonstrate the scalability of MSE, we
have also included results on the Internet directory,
dmoz 1

4.1. Data Sets

In this section, we describe the data sets and how we
used them. We did not use any kind of feature selec-
tion (stopword removal, pruning of vocabulary based
on information gain, de-tagging, removal of terms that
occur only once, etc.) or manipulation (stemming,
etc.) for any of the data sets. This is different from the
way some of the data was used in the previous works
by Nigarn et al. (1998) and Joachims (1998), where
the authors chose to perform different pre-processing
steps on different data sets based on whichever proce-
dure provided the best results.

The WebKB data set 2 (Craven et al., 1997) contains
Web pages gathered from the computer science depart-
ments of several US universities. As done by Nigam
et al. (1999), we have chosen the four most populous
and popular categories: student, faculty, course and
project, altogether consisting of 4,199 documents. We
removed the server headers before tokenizing the doc-
uments. We found that this data set has 80,897 unique
words.

The Newsgroups 2 data set contains 19,997 arti-
cles evenly divided among twenty UseNet discussion
groups (Joachims, 1997). There are five categories

1 http://dmoz,org

2 http://www-2.c~,cmu.edu/’Te×t Learning/dat &set s.html

that discuss issues related to computer science, three
related to religion and a couple related to sports such
as baseball and hockey. While tokenizing, we dis-
carded the subject and newsgroup category along with
the complete UseNet header. Total number of unique
words for this data set was 131,686.

The dmoz data set was created from the RDF dis-
tribution of the open directory project from Mozilla.
The RDF distribution currently has 3,466,271 sites in
450,767 categories. The RDF distribution has sites
and their short description. We crafted two data
sets from the distribution, one consisting of 2000 ran-
domly picked sites belonging to the 18 top categories
(’Arts’, ’Business’, etc.), which we shall call Dmoz-
Top and another consisting of all the sites in the four
most populous categories under ’Arts’ (i.e., ’Music’,
’Movies’, ’Literature’, and ’Television’), which we shall
call 4DmozArts. We considered only the description
of the sites and not their original contents for clas-
sification. DmozTop has a total of 18 classes with
2000 documents each and the vocabulary size is 55,842.
4DmozArts 85,530 documents with a vocabulary size
of 61,350, and is divided into 4 classes.

The Syskill and Webert z Web page rating data set
contains the HTML source Web pages plus a user’s rat-
ings of these Web pages. The Web pages are on four
separate subjects (Bands - recording artists; Goats;
Sheep; and BioMedical). Each Web page has been
rated as either ’hot’, ’medium’ or ’cold’. The classifi-
cation task is to guess the rating of unseen Web pages.
As in the previous works by Pazzani and Billsus (1997)
We have considered only the ’hot’ and ’cold’ classes,
since the number of pages in the ’medium’ class is very
small. There are total of 225 documents with 12,971
unique words.

4.2. Experiments

We present results pertaining to three experiments. In
the first experiment, we compare the classification ac-
curacy of MSE against the multinomial Naive Bayes al-
gorithm and SVM. In the second experiment, we study
the influence of feature selection on the classification
accuracy of MSE, Naive Bayes and SVM. In the third
experiment, we compare the effect of the size of the
training data on the performance of these methods.
For the implementation of the naive Bayes and SVM
classifiers, we used the rainbow package in the bow
distribution (McCallum, 1996).

For the comparison experiment, we used the standard
definition of classification accuracy, also used by Mc-

3 http ://kdd. its, uci.edu



389

Callum and Nigam (1998). We randomly chose 60%
of documents in the corpus for training and the rest
for testing. We conducted a total of 20 such trials
for each corpus. Our classifier and rainbow were both
trained with the same set of training documents. Yhr-
ther, rainbow was configured to use Laplace smoothing
for naive Bayes, linear kernel for SVM, and no feature
selection. Table 1 presents the average classification
accuracies over 20 random samples for various data
sets. In the case of MSE, we performed the classifi-
cation using three different methods. The brute force
method, which uses (8), the first-order approximation
method, which uses (24), and the second-order approx-
imation method, which uses (22).

Table 1. Average classification accuracy(%) of Naive
Bayes, SVM, and MSE

Data sets Naive SVM Min. System Entropy
Bayes First Second Brute

Order Order Force
WebKB 80.05 87.8 80.i 83.3 85.2

Newsgroup 77.65 79.78 76.9 80.48 81.1
4DmozArt 92.86 93.79 94.33 94.89
DmozTop 74.44 79.04 81.72 82.01

Syskill 71.8O 78.95 79.54 80.35 80.80

From the table, we see that the Brute Force and Sec-
ond order methods outperform Naive Bayes. The per-
formance of First Order is comparable to that of Naive
Bayes. The table also shows that Second Order is a
good approximation of the MSE criterion. The results
with respect to SVM are somewhat mixed. On the
WebKB data set, SVM outperforms MSE. However,
on the remaining data sets, MSE outperforms SVM.
Owing to the large size of dmoz, we were unable to
train SVM on it even on a dual-processor P HI, 1 GHz,
machine with 1 GB RAM. Therefore, the results could
not be included for comparison.

In the second experiment, we studied the influence
of feature selection by restricting the vocabulary to
the top N features that have the most information
gain (Yang & Pedersen, 1997) in the training sample,
where N varied from 200 to the entire vocabulary of
the training set. We again used the feature selection
method incorporated in rainbow for this experiment.
The training set was a random 60%-sample of the cor-
pus. Figure 1 shows the plot of classification accuracy
of the various algorithms for the Newsgroups data
set when the top N features with the Mghest infor-
mation gain criterion are selected. Figure 2 shows a
similar plot for the WebKB data set. From the two
plots, we see that the behaviour of MSE is very similar

to that of Naive Bayes. The plots also indicate that
the performance of SVM is more heavily influenced by
feature selection, whereas MSE is relatively unaffected.
SVM can outperform MSE at certain levels of feature
selection.

A~curacy
’ Brute Force O ’

0.9 ’~ Se~o.d O~der -.-+---
, First Order --O-- 7

. j
, 1o.5 ..

.4 L .......... ., ........... L .......... ¯ .......... J
100 1000 10000 100000 le+06
Number of features (based on information gain)

Figure 1. Classification accuracy on NewsGroups when
top N features by information gain are selected

i; s ....d O,d .....+---0.95
I-i First Order -’~- -I
! Naive Bayes - M -

O.9b SVM A -
, ~

0.85,L
~ ;

. ,_

0.8L, Im._ _._.~ _ ~ - -.,T@- ~-.4i~--~ ~" - ~ -"41"- ~ "I~’’"" ~’f~ ~’

0.75 F
i Ii ’ I

0 7 U------~----~--~L------~----~..r’--~=~ .... ~__~ .... ~u
"100 1000 10000 100000
Number of features (based on information gain)

Figure 2. Classification accuracy on WebKB when top N
features by information gain are selected

In the third experiment, we studied the effect of the
size of the training data set on the classification accu-
racy. We varied the size of the training data from 10%
of the corpus to 90%. Figure 3 shows the plot for the
Newsgroups data set and Figure 4 shows a similar
plot for the WebKB data set. From the figures, we
see that the behavior of the MSE algorithm is similar
to that of Naive Bayes. Moreover, since only a few
manually-labelled documents are required to train the
algorithm, it can be used for populating manually cre-
ated taxonomies. The plots also show that SVM can
suffer from overfitting when the percentage of training
documents is high.

The scaled naive Bayes (SNB) algorithm (Nigam et al.,
1999; Nigam et al., 2000) is another approach that has
been shown to perform well on certain data sets. In
SNB, the document vectors xl are scaled in such a
manner that all of them have the same length, i.e.,
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Figure 3. Effect of size of training data set on classification
accuracy for Newsgroups
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Figure 4. Effect of size of training data set on classification
accuracy for the WebKB data set

d
~-~-j=l xij is the same for all document vectors. It fol-
lows that when all classes have the same number of
documents, the prior probabilities will all be equal in
the case of SNB, regardless of the original lengths of
the individual documents. We have noticed that when
the class priors are very unequal, SNB does not per-
form as well. Our comparisons of MSE with SNB on
data sets that have roughly equal priors (e.g. Indus-
try Sector 3 and NewsGroups) indicates that MSE
is better¯

5. Summary and Conclusions

In this paper, we introduced a new approach to clas-
sification of text documents. The approach uses the
entropy of the collection of training documents as a
measure of the uncertainty associated with the joint
distribution of words and labels of the documents. A
new document is assigned the label that results in the
maximum decrease in the system entropy.

The computational complexity for classification of a
new document using a brute force version of the pro-
posed method is O(cd), where c is the number 

classes and d is the number of words in the vocabulary,
i.e., the size of the dictionary. This can be slow, since
the value of c and d can be fairly large in a given appli-
cation. To overcome this drawback, we have derived
an approximation that computes the expected change
in the entropy when a document is inserted into class
C/. The computational complexity of the approximate
expression is only O(cL(x)), where L(x) is the length
of the document to be classified. Thus, it is no worse
than that of traditional naive Bayes algorithms.

Our analysis shows that the first order approximation
of the proposed approach can be related to the naive
Bayes techniques and the cross entropy methods under
some conditions. The proposed approach also implic-
itly takes into account the length of the document to
be classified. The experimental results indicate that
MSE performs well even when no feature selection is
used. Moreover, unlike SVM, it is easy to train even
when the size and dimensionality of the data set is very
large. In other words, it requires no feature selection,
has no thresholds, parameters, or kernels to choose,
while at the same time being computationally efficient
both in terms and training and testing.

In our future work, we propose to extend the concept
of system entropy to the more general case of a hierar-
chy of classes. In this case, the classification problem
becomes one of finding the correct node in the hierar-
chy at which a given document should be inserted, i.e.,
the problem is to populate a given taxonomy (or ontol-
ogy). It is to be noted that a document will be inserted
at one of the leaf nodes only if it is sufficiently specific.
Otherwise, it could be inserted at one of the interme-
diate nodes. Therefore, the entropy model needs to be
able to facilitate such decisions.
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