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Abstract. Abbreviated words carry critical information in the literature
of many special domains. This paper reports our research in recognizing
dotted abbreviations with MaxEnt model. The key points in our work
include: (1) allowing the model to optimize with as many features as pos-
sible to capture the text characteristics of context words, and (2) utilizing
simple lexical information such as sentence-initial words and candidate
word length for performance enhancement. Experimental results show
that this approach achieves impressive performance on the WSJ corpus.

1 Introduction

The literature in many special domains, e.g., biomedical, has been growing
rapidly in recent years with a large number of abbreviations carrying critical
information, e.g., proper names and terminology. There is an increasing interest
in practical techniques for identifying abbreviations from plain texts.

There are several typical forms of abbreviation, including acronyms, blend-
ing, and dotted strings. Previous research [2, 7] illustrated significant success
in identifying and pairing short form terms, referred to as abbreviations, most
of which are acronyms, and their original long forms, referred to as definitions,
e.g., <HIV, Human Immunodeficiency Virus>. This paper is intended to report our
recent work to apply the Maximum Entropy (MaxEnt) model to identify abbre-
viations in another form, i.e., dotted strings, e.g., “abbr.” for “abbreviation”,
“Jan.” for “January”. Popular abbreviations of this kind such as “Mr.”, “Dr.”,
“Prof.”, “Corp.” and “Ltd.” are available from an ordinary dictionary. There is
no point to invent any complicated techniques for recognizing them. The avail-
ability of such a sample set, however, gives us great convenience to evaluate the
performance of a learning model on recognizing abbreviations with a particular
surface form. The significance of this approach lies in the plausibility that similar
methodology can be applied to abbreviations with some other common surface
characteristics, e.g., in parentheses.

Aiming at this objective, we intend to allow the MaxEnt model to optimize
with as many features as possible to capture the text form characteristics of con-
text words and with some special features to utilize simple lexical information
such as candidate word length and sentence-initial words that can be derived
from the training data straightforwardly. Section 2 below presents feature se-
lection for MaxEnt model training, and Sect. 3 the experiments for evaluation.
Section 4 concludes the paper in terms of experimental results.



Table 1. Features for a context word

Feature Description Example

Hiphenated If containing a dash non-U.S.

AllCap If of only capital letters (and dots) D.C.

InitCap If starting with a capital letter Mr.

ContainDot If containing a dot B.A.T

EndDigit If ending with a digit 45.6

InitDigit If starting with a digit 78.99

IsNum If of only numerical letters (and dots) 1.27

EndPunct If ending with a punctuation today."

InitPunct If starting with a punctuation "Dr.

EndDot If ending with a dot slightly.

EndComma If ending with a comma Inc.,

IsEword If an English word billions.

2 Feature Selection

MaxEnt models have been popular since [6, 1, 3] to cope with various NLP tasks
that can be formulated as a classification problem. A MaxEnt model is trained
with available data to achieve a probability distribution as unbiased as possible
with a set of parameters λi for feature fi, as in the following exponential form:

p(a|f) =
1

Z(f)
exp(

∑

i

λiδ(fi, a)) , (1)

where the feature function δi(fi, a) = vi ∈ {1, 0} for the feature fi contributing
to the answer a as in the data entry: f = [f1 = v1, f2 = v2, · · · , fn = vn] → a,
and the normalization factor Z(f) =

∑
a exp(

∑
i λiδ(fi, a)).

By taking advantage of the OpenNLP MAXENT package available from
http://maxent.sourceforge.net/, acknowledged here with gratitude, our re-
search focuses on examining the effectiveness of various features in utilizing con-
textual information to identify dotted abbreviations. The contextual information
comes from a few tokens next to the candidate word in question that carries a
dot. A dot is highly ambiguous in English. Our task here is to determine whether
a dot within the following general format of context indicates an abbreviation.

[ preceding-words prefix.suffix following-words ] → a ∈ {true, false}
In order to train a MaxEnt model with such contextual information, all to-

kens in a context window as above have to be converted to a set of features
representing the string characteristics of each token. To achieve a model as un-
biased as possible, it is also critical to allow as many features as possible so as
to let the training process determine the significance of each feature. The fea-
ture set developed in our experiments uniformly for each token in the context
window is presented in Table 1. It is intended to cover as many observable text
form characteristics as possible.



3 Experiments

Corpus The corpus used for our experiments is the WSJ corpus from PTB-II,
a refined version of PTB [5], of 1.2 million words in 53K sentences, involving
76,518 dotted words in total. This set of dotted words is divided into two by the
ratio 2:1 for training and testing.

Effectiveness of context window To examine how context words affect the
learning performance, we carry out a number of experiments with context win-
dows of various size. The experimental results are presented as the baseline
performance in Table 2, where 1 and 0 surrounding a dot “.” in a context win-
dow indicate whether or not a context token in the correspondent position is in
use. These results show that (1) the features from the dotted words themselves
enable an accuracy beyond 91% and (2) a wider context window gives better
performance in general.

Effectiveness of sentence-initial words (SIWs) and word length (WL)
In addition to the features in Table 1, two more features, namely IsSentInit and
WL, are introduced to utilize more specific lexical information for performance
enhancement. IsSentInit indicates whether the context word, especially the
one immediately following a candidate, is among the set of SIWs in use. Our
previous work on period disambiguation with MaxEnt model [4] shows that
SIWs are indicative that their preceding dotted words are not abbreviations.
In total 4,190 sentence-initial words are collected from the training corpus. Our
experiments show that using the top 200 ones in terms of frequency is most
effective. Also, abbreviations are short in general, most of which do not exceed
five in length, including the dot. With regard to this observation, WL is introduced
as a special feature for a candidate word w as follows: WL = true, if |w| ≤ 5;
false, otherwise.

The performance enhancement by SIWs, via IsSentInit, and by both SIWs
and WL is presented in Table 2, showing a significant enhancement in both cases.
Interestingly, the enhancement tends to be more significant for smaller context
windows. A comparable accuracy is observed across various window sizes with
the two features: around 96.5% for +SIWs and around 98.25% for +SIWs+WL.
The performance on a few popular abbreviations is illustrated in Table 3.

Table 2. Recognition accuracy (%) and performance enhancement by SIWs and WL

Context 001.100 001.110 011.100 011.110 011.111 111.110 111.111

Baseline 91.2954 92.2362 90.9317 93.6237 94.1732 95.1101 95.0508

+SIWs 96.3909 96.7387 96.3830 96.7150 96.6597 96.7980 96.7941
Increment +5.0955 +4.5025 +5.4513 +3.0913 +2.4865 +1.6879 +1.7433

+SIWs+WL 98.1618 98.2093 98.2488 98.2765 98.3279 98.2804 98.2725
Increment +6.8664 +5.9731 +7.3171 +4.6528 +4.1547 +3.1703 +3.2217



Table 3. Performance on a few popular abbreviations

Abbreviations “Oct.” “Nov.” “Mr.” “No.” “U.S.” “Corp.”

Total 158 89 1574 26 704 378
Correct 158 89 1546 25 695 333

4 Conclusions

Presented in the above sections is our investigation into how context window, fea-
ture space and lexical information affect the performance of the MaxEnt model
in recognizing dotted abbreviations. A number of experiments on PTB-II WSJ
corpus suggest that (1) the candidate words themselves provide the most useful
information for a decision, achieving an accuracy near 91.3%, and (2) extending
the feature space to utilize simple lexical information such as sentence-initial
words and candidate word length leads to a significant enhancement, giving the
best accuracy 98.33%.
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