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Abstract

Categorisation is a useful method for organising documents into subcollections that can be browsed
or searched to more accurately and quickly meet information needs. On the Web, category-based portals
such as Yahoo! and DMOZ are extremely popular: DMOZ is maintained by over 56,000 volunteers, is
used as the basis of the popular Google directory, and is perhaps used by millions of users each day.
Support Vector Machines (SVM) is a machine-learning algorithm which has been shown to be highly
effective for automatic text categorisation. However, a problem with iterative training techniques such
as SVM is that during their learning or training phase, they require the entire training collection to be
held in main-memory; this is infeasible for large training collections such as DMOZ or large news wire
feeds. In this paper, we show how inverted indexes can be used for scalable training in categorisation,
and propose novel heuristics for a fast, accurate, and memory efficient approach. Our results show that an
index can be constructed on a desktop workstation with little effect on categorisation accuracy compared
to a memory-based approach. We conclude that our techniques permit automatic categorisation using
very large training collections, vocabularies, and numbers of categories.

Keywords Categorisation, index construction, efficiency, support vector machines.

1 Introduction

Text categorisation is useful and popular for the management of large volumes of information. Indeed, the
prevalence of hierarchical directories at online web portals such as Yahoo!1 suggests that categorisation is
a popular alternative to query-based searching. These hierarchical directory services are manually cate-
gorised by human maintainers who file each submitted web site into its appropriate categories. However,
manual categorisation does not scale well to large numbers of documents, and has the disadvantage that
categorisation decisions are subjective.

Automatic text categorisation using machines is a scalable, effective, and consistent alternative to man-
ual categorisation. It may also be complementary: augmenting manually-constructed directories with
automatically-labelled documents is an important potential application of automatic text categorisation.
In such a process, automatic categorisation could be used to recommend each document be forwarded to a
particular maintainer, who then performs the manual category allocation [27]. There are many other appli-
cations for automatic text categorisation, such as fighting the battle against spam emails, and prioritising
incoming email or voicemail in a high-volume system.

Categorisation is typically approached as a machine-learning problem [9, 14, 31]. This works accu-
rately and efficiently when applied to a small number of documents where all category models can be
concurrently held in main-memory. However, when the number of categories and terms in the system is
large — such as when categorising millions of documents for a web directory — a scalable, disk-based
solution is required.

1See:http://www.yahoo.com



With few exceptions, recent work in the field of text categorisation has focused mostly on categoriser
accuracy. In particular,Support Vector Machines(SVM) categorisers have been shown to be very effective
for text categorisation tasks [19, 15, 33]. Beckerman et al. [1] have combined SVM with feature selection
algorithms to reduce the dimensionality of training examples, and thus reduce SVM training time while
maintaining accuracy. A related approach was proposed by Chakrabarti et al. [3], and aimed at producing a
scalable categoriser comparable to SVM. In this approach, alinear discriminantis used to derive a lower-
dimensional subspace onto which training examples are projected. The training examples are then used
to construct a decision tree using Weka [31]. The resulting categoriser is scalable, and only slightly less
accurate than SVM.

We have previously considered efficiency and scalability issues for categorisation. In particular, we
have investigated how category information can be compactly represented in the inverted index structure
that is used in all practical query-based text retrieval systems [24]. In this previous work, we have shown
that indexes can be used for fast categorisation. However, we have not investigated efficient index con-
struction for training algorithms which require category vectors be held in main-memory concurrently. In
practice, this means our existing index construction techniques cannot be used on large training sets, but
are a successful technique for fast categorisation after training is complete.

In this paper, we investigate the scalable and efficient construction of inverted indexes for text cate-
gorisation. We explore two main themes: first, the application of index construction techniques used in
query-based retrieval to text categorisation; and, second, heuristics to avoid keeping all category models
concurrently in main-memory. Our aim is to develop techniques that permit training with main-memory
use that is independent of collection size, while also being fast enough to train on large collections.

Our results show that training of a text categoriser on large training collections with many categories is
both efficient and scalable using our approaches. For a large collection of news stories, our scheme permits
training on almost one gigabyte of data, where main-memory use is no longer proportional to collection
size. Importantly, accuracy is typically unaffected and training proceeds at more than 10 Mb of data per
minute in our research prototype with an SVM categoriser; a production implementation is likely to be
much faster.

2 Background

In this section, we present an introduction to text categorisation, and focus on the application of Sup-
port Vector Machines (SVMs) to categorisation. We also describe our previous work in applying inverted
indexing to categorisation.

2.1 Text Categorisation

Text categorisation is a two-phase process [23]. During thetraining phase, example documents are used
to train category modelsfor a series of predefined categories. During thecategorisation phase, the sys-
tem categorises unlabelled documents, using the information in the category models generated during the
training phase.

Category models are learned using atraining setof examples, where each of the documents in the
training set is labelled wth zero or more categories from a predefined set. For a particular category, the
documents which are labelled with that category arepositive examples, while the rest of the collection
documents arenegative examples. A training algorithm is used to analyse the example documents and
form generalisations about the nature of documents in each category, and these generalisations are then
summarised by a category model. This approach to training is a feature of all state-of-the-art categorisers,
including Support Vector Machines (which we discuss later), Winnow [5], and Rocchio [17].

The accuracy of a categoriser can be tested during the categorisation phase by applying it to a test set
of documents with zero or more known labels. Documents in the test set are treated as unlabelled docu-
ments, and the categoriser is used to apply category labels to these documents using the category models
learned during the training phase. The accuracy of the categoriser is then measured by comparing the la-
bels assigned by the categoriser with the known labels. This approach is commonly used in categorisation
work [23] and we use it in this work.



The units of information extracted from a document are the documentfeatures. Many definitions of
features have been proposed for the purposes of text retrieval and categorisation, including single words,
word bigrams, word stems, phrases, synonyms, and collocations [13]. We use single words as the features
of a document, so that each document is reduced to an unordered set of words orterms. Our particular
definition of a term is the classALNUM [29], where each term is delimited by whitespace and may contain
at most one hyphen, one apostrophe, and no more than one consecutive digit.

2.2 The Vector Space Model

In text retrieval, the vector space model [20] is often used to represent a document as a vector of term
weights. In this model, terms are the bag of words in the document, and each weight indicates the impor-
tance of the term in that document. Conventionally, two basic components are considered in computing
such weights [20, 21]: first, the term frequency, that is, the frequency of the term in the document; and,
second, the inverse document frequency, that is, the reciprocal of the number of collection documents that
contain the term. In addition, weights are often adjusted using other metrics: for example, the length of the
document [25] is used to normalise the weights for long or short documents, and text from hypertext links
in web collections is used to add weight to terms or augment documents [4].

A popular term weighting metric in query-based retrieval that incorporates the term frequency, inverse
document frequency, and document length factors is the Okapi BM25 measure [16]. In this scheme, each
termt has a weightwd,t in a documentd computed using the following:

wd,t =
fd,t

0.5 + 1.5× (dl/dlavg + fd,t)
× ln((N + 0.5)/ft)

ln(N + 1)

where the term frequency within the documentd is fd,t, the number of documents in which a term occurs
in the training set isft, the number of documents in the training set isN , the document length isdl , and
the average length of documents in the training set isdlavg .

After computing weights, the vector space model [20] can be used to represent as a vector of lengthn
the term weights of then distinct terms in the document. This approach can be generalised for a category:
a linear categoriserrepresents a category as a vector, in the same space as the vectors of the example docu-
ments from that category that are used in training. During the training phase, positive and negative example
vectors are combined by a training algorithm to produce this single category vector, which can be thought
of as a prototypical document of the category. In our experiments, the weights in the category vector are
determined through the Okapi BM25 measure discussed above and the training phase is performed by a
Support Vector Machine.

2.3 Support Vector Machines

Support Vector Machines (SVM) is a machine-learning technique which has proved very effective when
applied to text categorisation [9]. SVM is suited to text categorisation problems because of the high di-
mensional feature space, few irrelevant features, and sparse document vectors that the text categorisation
problem exhibits [9]. There are several public domains implementations available for research purposes2.

For our work, we use theSVM light package [9].SVM light is an efficient, robust implementation which
is popular in text categorisation research [12, 33]. In unreported experiments we have found thatSVM light

is more effective than the Rocchio [17] and Winnow [5] training algorithms in the tasks we describe in
Section 4, and we therefore useSVM light as a baseline for our experiments. However, accuracy is not the
main focus of this research: our area of interest in this paper is scalability for training, and the tradeoff
between accuracy and the heuristics used to develop a fast, scalable solution.

SVM is used to train a categoriser using positive and negative examples, represented as feature vectors;
as discussed earlier, our feature vectors are Okapi BM25 weights for each distinct document term. The
SVM algorithm divides the vector space into two regions using a hyperplane of the form~w.~x + b = 0,
where ~w is a tangent to the hyperplane,b is a threshold value, andx is any point in vector space. If any
given point~x in the vector space is assigned a valuey, such thaty = 1 if the point is on the positive side of

2See, for example,http://www.kernel-machines.org/



the hyperplane, andy = −1 if the point is on the negative side of the hyperplane, then the following holds
true for all points:

y (~w.~x + b) ≥ 0

In this paper, we confine our discussion of SVMs to linear kernels, as these have been found to work well
with text categorisation [9].

An SVM is designed to misclassify as few training examples as possible, without overfitting to the
training data. Ideally, the objective is to construct a hyperplane with all positive and negative examplesxi

separated by the hyperplane by at least a unit margin. However, not every classication problem is linearly
separable and, therefore, it is necessary to introduceslack variablesto handle the case where an example
document is misclassified. These slack variables must be kept to a minimum in order to minimise the
number of misclassified examples; the techniques for contructing a solveable minimisation problem from
these constraints is beyond this paper and is described in detail elsewhere [2].

The solution of the SVM optimisation problem is a vector~α of multipliers, one for each training exam-
ple, and a threshold,b. Theseα multipliers have a value between0 and some limitC. Those documents
whose multipliers have values greater than0 are known assupport vectors. To categorise the vector of an
unlabelled documentx usingN support vectorss, the following is computed:

y =

(
N∑

i=1

yiαi~si.~x

)
− b

If y > 0, the document is labelled with the category.

2.4 Inverted Indexing for Categorisation

Inverted indexes are used to support querying in all practical text retrieval systems [32]. An inverted index
consists of two components: first, alexiconor vocabulary of all distinct terms that occur in the collection;
and, second, a set ofpostingsfor each term that lists the locations of the term in the collection. In practice,
the lexicon is largely held in main-memory, while the much larger postings are stored on disk.

To support ranked and Boolean querying, a postings list contains tuples of the form〈d, fd,t〉, whered
is a document identifier, andfd,t is the frequency of the term in that document [35]. Consider an example
postings list for the term “rodan”:

〈2, 4〉 〈3, 1〉 〈10, 2〉 〈14, 6〉

This indicates that the term “rodan” occurs 4 times in document 2, once in document 3, twice in document
10, and 6 times in document 14. In practice, indexes are stored compactly using integer compression
techniques [22, 30, 32].

We have previously proposed the adaptation of inverted indexes to permit fast categorisation [24] using
the Rocchio weight learning technique [17]. Other approaches to implementing fast categorisation store
category vectors that are derived during the training process [9, 14, 31]. In contrast, we have inverted
the category vectors and stored postings lists for each distinct collection term, with the aim of improving
categorisation speed and reducing main-memory requirements.

We have proposed storing postings lists that consist of tuples〈c, wc〉, wherec is a category identifier
andwc is the learned weight of the term in the categoryc. Consider the following example of a postings
list for the term “farmer”3:

〈grain, 0.34〉 〈oil ,−0.05〉 〈coffee, 0.56〉 〈acq , 0.00〉

This postings list indicates that “farmer” has a positive association with the categoriesgrain andcoffee,
that there is no or contradictory information about the categoryacq, and that the term is uncharacteristic of
the categoryoil.

To reduce the size of inverted lists, we have proposed quantisation to convert weights to integers. We
omit categories with weights less than or equal to a threshold (usually the threhold is zero) from the post-
ings. In addition, we compress both category number differences and weights using integer compression

3These category examples are from theReuters-21578 collection [11]



schemes [6]. The result of this approach is a compact index that permits fast, accurate categorisation: when
floating point values are quantised to 256 equal-sized bins and represented as an 8-bit integer, the index for
the 312 Mb collection is just over 5 Mb in size, the categorisation accuracy is the same as the floating-point
approach over three accuracy measures, and categorisation speed around 20 times faster that the floating
point-based index [24].

However, despite these excellent results, the index construction process would require that the entire
collection be held in main-memory during training with an SVM. In the next section, we propose techniques
for constructing large inverted indexes for SVM categorisation.

3 Optimised Indexing for Categorisation

In this section we propose an efficient, scalable inverted index construction approach for categorisation
using SVM. Section 3.1 outlines an efficient technique for the construction of an inverted index for linear
categorisation. Section 3.2 describes novel heuristics for scalable index construction for large collections.

3.1 Index Construction

Index-based query evaluation requires that an index is pre-computed. A commonly used technique for
index construction is sort-based inversion [32]. Sort-based inversion has three phases:

1. Parsing: For each term of each document parsed, a triple of the form〈t, d, fd,t〉 is stored, wheret is
the term,d is the document, andfd,t is the frequency oft in d

2. Sorting: Blocks of up tok triples (wherek is the maximum number of triples which will fit in main-
memory) are sorted, keyed first on term identifier and then on document identifier, and the block is
written to disk. In practice, the partial lists written to disk have the same format as the final postings
lists described earlier but contain information for a range of documents in the collection.

3. Merging: At least two blocks from the previous step are merged into a block, again keyed on term
identifier and usually then on document identifier. When only one block remains, the result is a
complete postings list for each term, and the location on disk of each postings list is then associated
with the term in the lexicon.

This approach to index construction is used in all open source text retrieval systems that can index large
collections; there are theoretically better-performing construction approaches [7, 32] but we are not aware
of these being implemented in practice.

We propose a variant of sort-based construction for building inverted indexes for categorisation. Our
approach consists of three phases performed in two passes through the collection, which we discuss in
detail throughout this section:

1. Lexicon accumulation: The training set is parsed, and a term and category lexicon are accumulated.
In addition, the disk location and category labels of all documents in the training set are stored

2. Category training: Each category in the lexicon is trained and the category vectors are stored in
main-memory until a threshold is reached. When main-memory is exhausted, the category vectors
are written out as temporary blocks containing postings lists in sorted term order

3. Merging: At least two blocks from the previous step are merged into a block that is again in sorted
term order. When only one block remains, the result is a complete postings list for each term, and
the location on disk of each postings list is then associated with the term in the lexicon.

In query-based retrieval, postings store information about documents, and documents are typically or-
dinally numbered by their occurrence in the collection. In contrast, our categorisation index stores postings
that contain information about categories and it is unusual for collection documents to be ordered by cat-
egory. Indeed, where documents can be labelled with more than one category label, a total ordering by



category may not be possible. Moreover, it is not possible to predict the number or distribution of cate-
gories based on collection size or document statistics. We therefore use alexicon accumulationstage to
gather information about categories and terms in the collection.

The lexicon accumulation stage requires a single pass through the collection and gathers category statis-
tics prior to training. During the pass, adocument mapis created for the collection that stores tuples of the
form 〈c, do〉 wherec is a category identifier anddo is a document offset. After accumulation, this list is
ordered byc and thendo, so that document offsets are grouped together within categories and are in disk
position order. This information is used to provide fast access to the documents in each category during the
category training stage.

The lexicon accumulation stage also determines the distinct set of terms in the collection and their
frequency of occurrence. These are pre-computed before training, so that term weights can be calculated
for use in the category training stage. The term frequencies are then used to calculate an inverse document
frequency for each term according to the Okapi BM25 formula described in Section 2.1:

idf t =
ln((N + 0.5)/ft)

ln(N + 1)

whereN is the total number of documents in the collection andft is the number of documents in which
the term occurs. In addition, during the lexicon accumulation, an in-memorypool of negative training
examples is constructed; this process is discussed in Section 3.2.

At the conclusion of the lexicon accumulation stage, statistics have been gathered concerning the num-
ber and location of category documents, the terms and their weights in the collection, and a negative docu-
ment pool formed. In the category training stage, our scheme trains each category by iterating through the
lexicon of categories accumulated in the first stage. In this work, we use an SVM in the training process;
however, any linear categoriser can be used and our preliminary experiments were with the Rocchio weight
learning scheme [17, 24].

To train a category vector we retrieve and process all positive category example documents identified in
the first phase and selected negative documents from the negative document pool. The positive documents
are retrieved in offset order using the document map and, in general, this necessitates random access to the
collection. The aggregate time required for these passes through the collection — one for each category
— is therefore typically more than the time required for the single parsing step in conventional sort-based
construction. For each term in each positive document, a document-term weightwd,t is calculated using
the Okapi BM25 formula described in Section 2.1. The resulting list of〈t, wd,t〉 tuples are sorted by term
identifier and stored as a vector in main-memory. Negative vectors are selected from documents not in the
category being trained; the process used in selection is detailed in the next section.

With the positive and negative vectors stored in memory, the training algorithm is used to learn a
category vector. For the SVM algorithm, a category vector is derived by factorising out the vector~x to
give:

y = ~x.

(
N∑

i=1

yiαi~si

)
− b

The vector resulting from the bracketed expression is a combination of support vectors for all training doc-
uments, which needs to be calculated only once during training to later categorise all unlabelled documents
for that category; however, this combination of support vectors is only possible with a linear SVM. Interest-
ingly, the categorisation computation — now reduced to a dot product and a threshold — resembles a cosine
similarity measure [20] used in query-based retrieval and, as we show later, permits fast categorisation of
unlabelled document vectors.

As in a conventional sort-based construction approach, category vectors are written to disk when a
main-memory threshold is reached. The category vectors are stored as partial inverted lists in term identifier
order. At this stage, weights are written for all terms in all categories, and category identifiers can therefore
be omitted from the partial postings lists to improve compressibility. As in our previous work [24], weights
are stored as quantised 8-bit integer values and compressed using Elias gamma coding [6]. As we discuss
later, we found that 8-bit quantisation works well for our SVM approach.

Unlike our previous work with the Rocchio weight learning method — where all weights are in the
range 0 to 1 — the SVM approach has weights than are not limited to a pre-defined range. Therefore,



we keep track of a minimum and maximum weight value observed in training, and use these during the
merging phase to decode the floating point values from the quantised weights.

The merging phase combines the temporary block files into a final index structure. Each block file
is processed sequentially, in term order, and quantised weights are restored to floating point values and
then quantised into the final range of values for the combined postings list. For some training sets, where
large vocabularies and large numbers of categories are present, system limitations can prevent merging of
all block files concurrently. In these situations a recursive algorithm can be used, where the maximium
number of block files are merged into a single block file, and process repeated until only one block file
remains; this is the same process as is often used in sort-based construction [28].

The process of quantising weights into temporary blocks, then restoring weights to approximate floating
point values, and then quantising again into a final global range involves two lossy steps. However, the lossy
approach has no effect on accuracy. For example, in preliminary experiments with the small Reuters-21578
collection, raw floating point values gave anF1 value of 80.5% during testing and using 8-bit quantisation
gave anF1 of 80.4% (precision and recall were also unaffected, and we discuss collections and accuracy
measures further in Section 4). It is therefore unnecessary to store minimum and maximum weights per
term or per category.

3.2 Scalable Training

Our approach to index construction has the significant limitation that the collection — the complete set of
positive and negative examples — must be held in main-memory during training. The SVM and Winnow
categorisers assume that the training set fits into main-memory, and so would require modification to sup-
port a disk-based approach; for example, theSVM light package that we use in our experiments assumes a
main-memory model. We consider practical alternatives in this section.

A multi-category text categoriser effectively consists of one categoriser per category. These single-
category categorisers arebinary classifiers, that is, the decisions they make can have only two possible
outcomes: to classify an unknown example as being in the given category or not. In text categorisation, the
binary classifier discriminates between examples that are on a single topic and examples that are concerned
with any other topic; the other topics can be thought of as a general model of the training set.

For a large training set of documents (in which typically no category has a significant number of ex-
amples) the set of positive examples is much smaller than the set of negative examples. One approach
to reduce the amount of data used in training is to use only selected features, that is, to ignore selected
words [10, 34]. Another approach is to ignore documents, and this is the approach we consider here. We
hypothesise that the negative document example set does not need to consist of all documents in the training
set that are not members of the set of positive topic examples.

When learning a category model, a training algorithm should be able to generalise better about what
constitutes a document of that category if the number of positive examples is large. A categoriser which
does not have enough positive examples may not have a sufficiently broad vocabulary of the target category,
and may overfit to the particular examples provided. In unreported experiments using Rocchio, Winnow,
and SVM categorisers we have found that categories with relatively large numbers of positive example
documents generally tend to be categorised more accurately; these observations are consistent with other
work [5, 8, 33]. Therefore, in general, a categoriser should be trained using as many positive examples as
possible, subject to main-memory limitations.

In text categorisation, a negative example is any document in the training set that is not a positive
example for the category being trained. Therefore, for most applications, the number of negative training
examples is large relative to the number of positive examples. Given a training set ofN categories, a
category which has close to the mean number of documents per category will have approximatelyN − 1
times as many negative examples as positive examples. WhenN is large, the negative set is approximately
the size of training collection.

We propose reducing the set of negative examples to a smaller representative set to permit training on
large collections using limited main-memory. Our aim is to select anegative poolthat is at most as large
as the available main-memory, thus ensuring that negative training data is sourced only once from disk. To
test whether such an approach allows both scalable and accurate categorisation, we consider two issues:
first, how to select a representative subset of negative examples from the larger set; and, second, how many



negative examples should be used to train each category. We use this approach in parallel with our index
construction scheme to permit scalable training.

If only selected negative examples are used in training, these examples should be representative of
the complete set of negative examples. Moreover, the negative examples should not overlap with the
set of positive examples, and the set should have a similar distribution in vocabulary and topics as the
complete set. We therefore propose a two-step approach to selecting negative examples: first, we propose
forming a pool of negative examples by randomly selecting examples from the collection; and, second, for
each category we propose selecting random examples from the negative pool for use in training, with the
condition that these examples are not members of the positive example pool for the category being trained.

Given a negative pool ofk documents, and a requirement for no more thann negative examples per
category, we therefore propose the following algorithm:

1. From the document map generated during the lexicon accumulation stage, randomly selectk docu-
ments and store these in the setK – thenegative pool.

2. Parse the documents inK, and generate a document vector for each, stored in main-memory.

3. For each categoryci:

(a) Remove document vectors of categoryci fromK
(b) Create an empty setN — the set ofnegative examples

(c) While |N | < n and|K| > 0:

i. Randomly remove a document vectord from setK temporarily and add it to setN
(d) Parse the positive documents of setci from the training set into a setP of positive example

vectors, held in main-memory

(e) Train a model for categoryci usingP andN
(f) Restore the document vectors of categoryci to the negative poolK
(g) Empty setsP andN

In the next section, we show how the choice ofk andn affects the accuracy and speed of categorisation.

4 Results

We present our results in this section. We begin by discussing the text collection and accuracy measures we
use. We then present overall results that show our index construction process works for a large collection,
and the effect of choosing different negative pool sizes and negative example set sizes. We also briefly
discuss the effects of thresholding, and confirm our previous result that shows fast categorisation is possible
with an indexed approach.

4.1 Test Collection and Environment

We use theReuters-2000corpus of newswire documents [18] in our experiments4. Each document in
the corpus is tagged with several codes that signify which regions, industries, and topics pertain to the
document, and we use the topic codes as categories. The collection has 126 possible topic codes but only
103 are used. The topic codes applied to the documents in the collection are hierarchical, divided roughly
into four genres,MCAT, ECAT, CCAT, andGCAT, which are then divided into a hierarchy of subtopics.
To remove high-level topic codes, we followed a technique frequently used with this collection [15], and
removed any topic which occured in more than 5% of the documents in the training set, and any topic not
found in the training set. This left a set of 85 topics that we use in our experiments.

To generate a training set large enough to test the performance of our indexing techniques, we use the
first 75% of the collection as the training set. The remaining 25% of the collection is used as the test set
to measure the accuracy of our categoriser. The training set contains documents from 20 August 1996 to

4See:http://about.reuters.com/researchandstandards/corpus/



Pool Size Negative Examples Recall PrecisionF1 Training Time (min)
100,000 100,000 0.5134 0.8003 0.6063 825

30,000 30,000 0.6221 0.6944 0.6408 223
20,000 20,000 0.6526 0.6602 0.6410 155
20,000 10,000 0.6998 0.6054 0.6321 108
20,000 5,000 0.7394 0.5379 0.6032 73
20,000 2,000 0.7778 0.4645 0.5597 57
20,000 1,000 0.8033 0.4161 0.5235 33
10,000 10,000 0.6947 0.6015 0.6290 88
10,000 5,000 0.7387 0.5432 0.6086 56
10,000 2,000 0.7780 0.4620 0.5584 36
10,000 1,000 0.8011 0.4159 0.5216 27
5,000 5,000 0.7388 0.5439 0.6086 56
5,000 2,000 0.7807 0.4653 0.5601 37
5,000 1,000 0.8044 0.4112 0.5203 29
2,000 2,000 0.7798 0.4650 0.5590 37
2,000 1,000 0.8014 0.4199 0.5268 28
1,000 1,000 0.8008 0.4103 0.5174 27

Table 1: A comparison of different negative pool sizes and negative example set sizes, showing accuracy
and the time required to train for each combination.

25 May 1997, and the test set from 25 May 1997 until 19 August 1997. In all, the training set contains
609,073 documents in 930 Mb of text, with 452,901 unique terms, and the test set 197,718 documents in
310 Mb.

The experiments were run an Intel Pentium-based quad-CPU machine with 2 Gb of main-memory,
running the Linux operating system. For all experiments, the machine was under light-load, that is, no
other significant processes were running.

4.2 Accuracy Measures

The accuracy of our results are reported using the well-known measures of mean macroaveraged recall,
mean macroaveraged precision, and mean macroaveragedF1 [26, 32]. Recall and precision quantify the
ability of a retrieval technique to return all of the relevant answers and only the relevant answers respec-
tively. In text categorisation, recall is the ratio of the number of relevant documents that are assigned to a
category to the number of documents that are members of that category. Precision is the ratio of the number
of relevant documents that are assigned to a category to the number of documents assigned to that category.
TheFβ measure [26] combines recall and precision as a weighted average. Withβ = 1, this becomes the
F1 measure, which equally weights recallr and precisionp as:

F1 =
2rp

r + p

We useF1 as our primary evaluation metric for accuracy. We calculate recall, precision, andF1 for each
category, and then average these across the categories to compute the mean macroaveraged recall, precision,
andF1 values. The mean macroaveraged value gives equal weight to categories with few or many training
documents, and so provides a stringent measure of the effectiveness of each technique.

4.3 Overall Results

Our overall results are shown in Table 1. The first row with a pool size of 100,000 documents — or around
one-sixth of the training set — is presented as a baseline that shows the effects of using a significant fraction
of all examples from the collection. Due to resource limitations, we were unable to produce a baseline using



the entire collection, however we were able to train a categoriser for the first five categories occurring in the
training set (M12, GJOB, C24, E41, andE11) using all documents. Over the five categories trained on the
entire training set, the categoriser scores a macroaveragedF1 of 75%; on the same five categories, trained
on 100,000 negative examples, the macroaveragedF1 was 74%. Based on this result we chose to use a
pool size of 100,000 as our baseline. At this setting, training is slow, with a throughput of only 0.8 Mb per
minute; this is primarily because of the large number of examples used in training each category.

Our results show that using large numbers of negative examples is both slow and no more accurate
than using less. With a pool and example set size of 30,000, theF1 measure under testing using the
test collection is around 3.5% better than with 100,000 examples, while with only 10,000 examples it
is 2% higher. Because of thresholding, recall is around 11% lower for 100,000 examples than for 30,000
examples, while precision is almost 11% higher for 100,000 than 30,000. We believe this effect occurs
because as the number of negative examples is reduced, the negative examples remaining in the vector
space are distributed more sparsely, causing the hyperplane to move in the negative direction. This effect
can be compensated for by manually adjusting the threshold, or by varying the threshold using an heuristic
approach; in our experiments, we optimised our results, using the training set, for pool sizes of between
10,000 and 30,000 by manually biasing the thresholdb by+0.8. We plan to investigate thresholding further
in our future work.

The initial negative pool size has almost no effect on accuracy. For example, with a pool size of 20,000
and selecting 5,000 examples, theF1 is around 60%. For pool sizes of 10,000 and 5,000 (but still selecting
5,000 examples), theF1 remains the same, that is, diversity of the example set does not affect the overall
accuracy. We therefore conclude that the pool size should be maximised and all examples in the pool used
in training, but that this should be considered in terms of training times.

Training times are highly dependent on the number of negative examples that are used. For example,
with 30,000 negative examples per category, the training time is reduced by over 70% compared to using
100,000 examples, and gives an indexing throughput of around 4 Mb per minute; our implementation is a
research prototype, and speed can be significantly improved in a production implementation. For smaller
set sizes, the time savings are even more dramatic: for 10,000 examples, the indexing process proceeds at
almost 11 Mb per minute, and at almost 17 Mb per minute for 5,000 examples. These results are unim-
pressive when compared to constructing indexes for query-based retrieval; however, index construction for
query-based retrieval is much less disk intensive, since only one pass through the collection is required
and no random accesses are needed to retrieve documents and, additionally, SVM learning is much more
computationally intensive than conventional inversion.

Index size and categorisation speed are largely unaffected by the size of the negative pool. As we
reported in our previous work, categorisation using an index is fast: using the indexes constructed for
Reuters-2000 in these experiments, categorisation of the test collection takes between 430 and 475 seconds,
depending on the index used; this is a throughput of around 39 to 45 Mb per minute. Again, we believe
this figure can be significantly improved in a production implementation.

5 Conclusion

Automatic text categorisation is a fast and accurate technique for assigning documents to categories. How-
ever, it is often limited in its usefulness by constraints in the number of examples available for learning, the
difficulties of working with noisy data, algorithmic limitations that impact on efficiency, and other factors.
In this paper, we have addressed the efficiency of categorisation by proposing a scalable, fast, and accurate
approach to training.

We have previously proposed using an inverted index structure to store weights for categories, and
shown that this permits fast categorisation of unknown documents. In this paper, we have considered
how this index can be constructed using two techniques: first, a variation of the sort-based construction
technique used in text retrieval; and, second, a sampling approach that avoids the need to keep all examples
in main-memory simultaneously. Using our novel techniques, an index can be constructed in a fixed amount
of main-memory that is not dependent on the collection size or number of categories. We have shown that
our approach permits training of a categoriser that is almost as accurate as using significant main-memory
and large numbers of examples, while being both fast and scalable.



We plan to investigate several avenues as future work. We will consider whether other index con-
struction techniques that are known to be theoretically more efficient are actually efficient in practice for
categorisation. We also plan to consider other thresholding and validation techniques when a negative pool
is used that may permit better tradeoffs in training between recall and precision. Last, we plan to gener-
ate categories for a very large web collection, and perform both training and testing experiments in that
environment.
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