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Abstract

A successful text categorization experiment divides
a textual collection into pre-defined classes. A true
representative for each class is generally obtained
during training of the categorizer.

In this paper, we report on our experiments on
training and categorization of optically recognized
documents. In particular, we will address the is-
sues regarding the effects OCR errors may have on
training, dimensionality reduction, and categoriza-
tion. We further report on ways that categorization
may help error correction and retrieval effectiveness.

1 Introduction

Retrieving relevant information from a large tex-
tual corpus is a challenging task and entails many
manual and automated efforts. Query construction
and training of categorizers are two prominent ex-
amples of manual efforts while document indexing
and clustering would be considered automated. An-
other expensive but widely used manual effort is
the assignment of a controlled vocabulary to pre-
defined categories for documents in the corpus. Ex-
pert searchers can then use these categories and con-
trolled vocabularies to formulate more compact and
effective queries [ 4].

Although these manual efforts will be needed for
the foreseeable future, it is of great interest to es-
tablish automated techniques to extract controlled
vocabularies and to assign categories to new doc-
uments based on similar documents in the corpus.
One of the proven approaches is to use an already
categorized set of documents to build categorizers
for future document classification.

In a large textual repository such as the Licensing
Support Network (LSN) being built by the Nuclear
Regulatory Commission (NRC), many of the doc-
uments are recognized using commercial OCR en-
gines. The OCR errors typically result in an index
which is considerably larger than keyed text. Also,
for some queries, one may not be able to find cer-

tain relevant documents due to poor quality OCR
that generates a high number of errors[ 13, 14]. Al-
though, for contemporary OCR systems, these errors
do not affect average precision and recall, they may
produce variations in ranking] 12]. But in general,
studies show that one can work with OCR text in
an information retrieval (IR) environment with few
adverse consequences.

In a similar situation, one must know what effects
these errors may have on automated text classifica-
tion. In particular, we want to know what effects (if
any) these errors may have on training the classifier
to build the categorizer. We would also like to dis-
cover if errors cause improper categorization for new
documents.

In section 2 of this paper, we give a brief introduc-
tion to the work done in the area of OCR and IR. In
Section 3, we describe both the Bernoulli and multi-
nomial Bayes categorizers. Sections 4 and 5 report
on our categorization experiments in the presence of
OCR errors. Finally, in section 6 we give our con-
clusion and future work.

2 OCR and Information Retrieval

In the early 1990’s the use of OCR devices became
more widespread for the conversion of printed mate-
rial to electronic form. At this time, ISRI was heav-
ily involved in OCR system comparison, testing, and
research. What became clear was that eventually,
this data was to be loaded into an IR system for
subsequent retrieval. Initially, it was thought that
manual correction was required to bring this OCR
generated text to a level of “retrievability.” In the
case of the LSN, text accuracy was to be no less than
99.8% accurate.

ISRI questioned the necessity of this level of accu-
racy and the “Noisy Data” experimentation began.
Since our first publication on this topic in JASIS in
1994] 15], the Information Science Research Insti-
tute (ISRI) has performed hundreds of experiments
involving optically recognized data to discover its ef-



fect on related technologies. Nearly all of our studies
have pointed to the same conclusion: In general, us-
ing OCR text has little effect on average precision
and recall when compared to re-keyed or manually
corrected text. This was a consequential result, in
particular for collections such as the LSN, because
re-keying millions of pages would have been a tedious
and expensive task.

With this result in mind, some of our other studies
did a little more investigation into the effects of OCR
on IR. For example, we found that the index of an
OCR collection can be as much as five times the size
of a clean data set and that most of this overhead
was of no value for retrieval. Further, formulas used
to calculate term weights can be affected in several
ways by erratic term frequencies in OCR, generated
text] 12, 13]. This in turn affects document ranking.
We also found that short documents in particular are
affected because of the lack of redundancy in the
text. So although our results on average precision
and recall holds in nearly every test we performed,
there are some considerations when a collection is
made up of OCR data.

The categorization experiments we report on here
are similar to our IR experiments we have done in
the past. First, the data set is derived from doc-
uments pertaining to the LSN; the documents tend
to be long journal documents with a scientific flavor.
Classification software such as BOW]| 8] constructs
an index and then uses its categorizers (based on
the training sets) as vectors to determine the clas-
sification of incoming documents. In this sense, a
categorizer is similar to a vector query in the IR do-
main.

But once a document has been classified properly,
even if the OCR is poor, more information about
that document is now known. In this case, it may
be feasible to apply more specific and exhaustive
automatic error correction to documents within a
category. We see ample potential in the continued
research in OCR, categorization, and other related
technologies.

3 Probabilistic Classifiers

There are two distinct approaches to automatic text
classification. The first approach is based on ma-
chine learning techniques. In this method, the sys-
tem is given a set of training documents for each cat-
egory. These documents are used to typically gen-
erate a set of propositional Horn clauses that will
be used to classify future documents | 3, , 1]
The second approach is based on traditional IR tech-
niques. In this method, the training documents are
used to form an ideal document which represents
each category. These ideal documents are known as
categorizers| 8, 7, 6, 4]. The system uses similarity

measures between incoming documents and the cat-
egorizers to classify these new documents properly.
Our experiments only pertain to the latter approach.

Let V. = {vi,v2,...,vy|} be the set of words
in a lexicon. Each document, and each catego-
rizer, can be represented as a vector of the form
(w1, w2, ..., wyy|), where each component w; of this
vector represents the weight of the term wv; in the
document and categorizers. In its simplest form, w;
can be either 0 or 1. In this case, the weight repre-
sents the presence or absence of the term v; in the
document. This weight though can carry more in-
formation such as the frequency of the term in the
document.

Now, let C = {ei,c2,...,¢¢} and D =
{di,da,...,dp} be sets of categories and training
documents, respectively. Each category c;, is rep-
resented by a vector of the above form, where the
weight, wy, is calculated from using term frequencies
based on the training set of the documents. Using
the naive Bayes assumption, that the probability of
each word occurring in a document is independent
of the occurrence of other words in a document [

], then these weights can be easily calculated. In
our experiments, we focus on both the Bernoulli and
multinomial methods.

In the Bernoulli method, the frequency of the
words do not play any role. Hence, each docu-
ment is represented by a vector of the form d; =
(Bi1, Big, ..., Bjjy|), where each By is either 1 or
0. In this case, the weight of each component of
the categorizer c; is calculated using the following
formula:

|D|
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In other words, the weight of the term w; given
category c; is obtained by dividing the number of
documents containing the term v; in category c; by
the total number of documents in category c;.

Now, the probability of a new document d; be-
longing to category c; is calculated by the following
formula:

(1)

V]
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t=1
(2)

In the multinomial model, the frequency and the
length of the document (i.e. the number of words
in the document) play a role. In this setting, a
document d; is represented with a vector of the
form d; = (Ni1, Nio, ..., Nyjv|), where Ny, is the fre-
quency of the term v; in the document d;. If we use
the notation |d;| for the length of a document, then



the following formulas represent the corresponding
calculations for the multinomial model.
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In practice, there are various methods to decrease
the dimension of |V|. These methods are known as
dimensionality reduction techniques which tend to
improve the performance of a categorization system.
These are further discussed in Section 4.

4 Experimental Environment

Unlike most classification experiments, we do not
use a standard categorized collection like Reuters|

]. Instead, our testing is dictated by the needs of
the Department of Energy and the LSN. They have
millions of optically recognized documents and ter-
abytes of email that need to be classified into Reg-
ulatory Guideline 3.69[ 2] categories. This guide-
line determines which documents and email mes-
sages are required for the licensing proceedings of
the High-Level Radioactive Waste Repository. The
documents we use in these experiments are a sub-
set of this collection. Our experimental environment
consists of:

BOW text classifier from CMU: a
statistically-based text categorization sys-
tem applying the probabilistic naive Bayes
model [ &, 9]. BOW offers several ways to
reduce dimensionality of classes. They include:

Default: removes no words from the vocabulary.

Document Count: removes words that occur in
N or fewer documents. In our experiments,
N = 3.

Occurrence Count: removes words that occur
less than N times. In our experiments, N =
10.

Information Gain: removes all but the top N
words by selecting words with the highest in-
formation gain. We use N = 10,000 in our
experiments.

DOE documents: studies, reports, plans, corre-
spondence, etc. that may be potentially relevant
to the licensing of the High-Level Radioactive
Waste Repository. All of these documents are
optically recognized.

3.69 Topical Guideline categories: a hierarchi-
cal guide of topics that encompass potential li-
censing issues. Following is the selected cate-
gories we use for our experiments:

Collection Statistics
Document count 138
Number of pages 9015
Average document length (pages) 65
Median document length (pages) 37

Table 1: Experimental collection statistics

e 02.1 The Natural Systems of the Geologic Set-
ting: Geologic Systems

e 02.2 The Natural Systems of the Geologic Set-
ting: Hydrologic Systems

e 02.4 The Natural Systems of the Geologic Set-
ting: Climatological and Meteorological Sys-
tems

e 04.1 Engineered Barrier Systems: Waste Pack-
age

e 12.1 Geologic Repository Environmental Im-
pact Statement: Environmental

e 12.2 Geologic Repository Environmental Im-
pact Statement: Socioeconomic

e 12.3 Geologic Repository Environmental Im-
pact Statement: Transportation

In Table 1 we give some statistics on our collec-
tion.

5 Effects of OCR on Document
Classification

Our goal was to formulate experiments that would
give us the most insight into what effect OCR errors
may have on document classification. Broadly, there
are two ways in which errors can influence catego-
rization. First, by introducing errors into the train-
ing set, and second, by reducing the ability of in-
coming documents to get categorized correctly. We
report on four experiments that help explain both
these possibilities.

Good Training/Bad Test Set: In this experi-
ment, the training set, although uncorrected
OCR, was selected for its good quality. The
test set was just the opposite; it was selected
for its poor OCR quality. These experimental
runs are labeled E1.

Mixed Training/Mixed Test Set: This experi-
ment used the same set of documents used in
E1, but documents were selected randomly from
the complete set for both training and testing.
This group of runs we label E2.

Good Training/Auto-Corrected: This experi-
ment is labeled E3. E3 is exactly the same as
E1, except that two difficult-to-categorize docu-
ments were first run through MANICURE, a
system we built to improve recognized docu-
ments prior to classification or retrieval[ 16].



Bernoulli E1l E2 E3 E4

Default 32.35 | 42.03 | 32.35 | 32.35
Document Count 64.71 | 56.52 | 64.71 | 64.71
Information Gain 70.59 | 59.42 | 70.59 | 70.59
Occurrence Count | 64.71 | 57.97 | 64.71 | 64.71

Table 2: Average accuracy rates for each dimension-
ality reduction

Multinomial E1l E2 E3 E4

Default 94.12 | 84.06 | 94.12 | 94.12
Document Count 97.06 | 85.51 | 97.06 | 97.06
Information Gain 94.12 | 86.96 | 97.06 | 97.06
Occurrence Count | 97.06 | 85.51 | 97.06 | 97.06

Table 3: Average accuracy rates for each dimension-
ality reduction

Good Training/Manually-Corrected: This set
of experimental runs, labeled E4, is the same
test as E3 except that the two documents in E3
are manually corrected.

In each experiment described above, we perform
several runs based on both the Bernoulli and multi-
nomial probability models. In addition, each experi-
ment includes a limited vocabulary run that applies
the multinomial probability technique. The limited
vocabulary “list” consists of several merged dictio-
naries that include domain specific terms that a gen-
eral dictionary may have missed in the indexing pro-
cess. It is comprised of several general dictionaries,
geologic and radiologic specific dictionaries, an LSN
specific thesauri, and contains 413,216 words. Lim-
iting the vocabulary to pre-defined control terms is
a common method of indexing in both retrieval and
categorization.

For each run, we apply all the dimensionality re-
ductions described in Section 4. Tables 2, 3, and 4
report the average accuracy rates for the various
runs. The accuracy rate of a class is the ratio of
the number of correct decisions made by the system
over the total number of documents in the class.

5.1 Bernoulli vs. Multinomial

Note first that the Bernoulli results do not com-
pare to either of the multinomial runs. We know
from previous research [ 9] that with longer docu-
ments, like the ones we use here, multinomial typi-

Limited E1l E2 E3 E4
Vocabulary

Default 94.12 | 85.51 | 94.12 | 94.12
Document Count 97.06 | 84.06 | 97.06 | 97.06
Information Gain | 94.12 | 85.51 | 97.06 | 94.12
Occurrence Count | 94.12 | 82.61 | 97.06 | 94.12

Table 4: Average accuracy rates for each dimension-
ality reduction

Term Bernoulli | Multinomial
Weight Weight
southem 0.750000 0.000138

Table 5: Comparison of weight for OCR error

Dimensionality % of Misspellings
Reduction

Default 48%
Document Count 8%
Information Gain 11%
Occurrence Count 8%

Table 6: Percentage of misspellings for each dimen-
sionality reduction

cally produces better results than Bernoulli. These
results mirror this research. We do believe how-
ever, based on these results here and results from
other experiments we have done [ 17], that the ac-
curacy rate is particularly poor due to the use of
OCR text. Table 5 shows an obvious OCR error in
both the Bernoulli run and the multinomial run and
its respective probability weights. For Bernoulli, this
term is given the highest weight in the category while
for Multinomial, this error’s probability is only 1%
of the highest ranked term in the category. Exam-
ples like this can be found throughout the Bernoulli
categories.

5.2 Default vs. Dimensionality
Reductions

As with other classification experiments| 11], our re-
sults show that dimensionality reduction improves
categorization. Dimensionality reduction eliminates
terms that contribute the least amount of informa-
tion for the categories. With respect to OCR text,
this includes terms that are misrecognized by the
device and contribute no value to the category. Ex-
amples of obvious OCR errors that were removed
due to dimensionality reduction include: aluminurn,
tomograpby, sufface, therinal, reqyirements.

We believe that with OCR text, reduction is not
an option, it is a requirement. Table 6 reveals the
drop in the percentage of misspellings included in
the categories when dimensionality reduction is ap-
plied.! Removal of OCR errors through dimension-
ality reduction clearly improves the accuracy of cat-
egorization.

IThis table excludes the limited vocabulary runs which of
course had no misspellings.



Document/Category Changes
Corrected words 195
Garbage strings removed 19,772
Net improvement to category 02.2 5%

Table 7: Improvements made by MANICURE

5.3 Good Training vs. Mixed
Training
Recall that Experiment E1 uses all “good training”
documents and a poorly recognized test set and E2
uses a randomly selected “mixed training” and the
complement for its test set. Note that in every run
except Bernoulli Default, the average accuracy re-
sults of E1 are significantly better than in E2. We
believe that these improved results are a function of
using good quality OCR for training vs. a randomly
selected training set from mixed quality documents.
Although more analysis may be required to verify
this conclusion, these consistently better accuracy
rates point to the fact that although OCR-generated
text may have little or no effect in general when in-
coming documents are being classified, the selection
of good quality OCR documents for training is es-
sential.

5.4 Classifying Poor OCR

We discovered in several of our experiments with in-
formation retrieval and OCR that some poorly rec-
ognized documents were unretrievable without some
corrective intervention| 15, ]. This dilemma is
paralleled in categorization. In nearly all our ex-
perimental runs, there were two poorly recognized
documents that just couldn’t seem to get catego-
rized properly. We wanted to see if correcting er-
rors in these documents would help. Experiment
E3 applies several algorithms within a single pre-
processing system, MANICURE, to see if automated
OCR cleanup and error correction could improve
classification. In fact, one of the two documents
did get categorized correctly after running the doc-
uments through MANICURE.

MANICURE (Markup ANd Image-based
Correction Using Rapid Editing)[ 16] applies
several algorithms to improve OCR-generated text
that not only correct misrecognized terms but
also remove “garbage strings” and repetitive text
(like headers and footers). The improvements
to these two documents after being run through
MANICURE appear in Table 7.

The fact that automatic correction helped classify
this document correctly is just part of the story. We
also report on the improvement to the category it-
self. Both of these poorly recognized documents be-
longed to a single category. After MANICURE and

retraining, the percentage of correctly spelled cate-
gory terms also improved. Of the 118 changed terms,
seven more were correct when compared to the non-
manicured runs in E1. Although this increase may
seem slight, only two documents were run through
MANICURE. Additional document processing may
prove even more beneficial.

Full manual correction of these documents offered
no additional categorization improvement over the
automatically MANICURE’d runs.

6 Conclusion and Future Work

Document classification is not an exact science and
rarely produces 100% accuracy even with clean tex-
tual documents. The results from these experiments
show that high accuracy can be attained even when
OCR documents are being classified. By compar-
ing experiments using training and test sets with
known characteristics, we have identified a few ele-
ments that improve categorization.

e Multinomial techniques produce significantly
better results for OCR documents than does
Bernoulli. We attribute this to the value of
weighting based on term frequency in the col-
lection, categories, and incoming documents.

e Good optically recognized documents are essen-
tial for training. The difference between using
good OCR and randomly selected documents
from the full set was pronounced. Category
term selection and weighting is heavily influ-
enced by statistics both in the collection and
in the training documents. This influence man-
ifests itself in the accuracy of incoming docu-
ment classification.

e Dimensionality reduction is highly recom-
mended. Reduction rids the categories of in-
significant terms, which in this case, includes
hundreds of misspellings and garbage strings
produced by the OCR. As with IR, these terms
have no value. For categorization, these words
are a detriment to proper document placement.
Of course, in general, reduction techniques will
improve categorization. Several should be tried
so that the accuracy is maximized.

e Unless a controlled vocabulary shows marked
improvement over free text categorization, we
do not view it as highly beneficial. Even though
our dictionary was quite extensive and specific
to our collection’s domain, none of our experi-
ments showed improved results for these runs.
This can undoubtedly be attributed to impor-
tant terms and proper names that are not in-
cluded in the dictionary.



If a document is poorly recognized because of
OCR errors, it may never get classified properly.
This was an issue for IR as well. In some cases,
if enough of the errors are corrected, proper
classification is the result. Some pre-processing
may be required for certain poorly recognized
documents.

Most of what we learned through our experimen-
tation is that by applying good classification tech-
niques, improvement in results can be expected. But
more than that, for OCR text, if these techniques are
not applied, results will be inferior.
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