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Abstract

The automatic extraction of temporal information from written texts is a key component of question
answering and summarization systems and its efficacy in those systems is very decisive if a temporal
expression (TE) is successfully extracted. In this paper, three different approaches for TE extraction in
Uyghur are developed and analyzed. A novel approach which uses lexical semantics as an additional
information is also presented to extend classical approaches which are mainly based on morphology and
syntax. We used a manually annotated news dataset labeled with TIMEX3 tags and generated three models
with different feature combinations. The experimental results show that the best run achieved 0.87 for
Precision, 0.89 for Recall, and 0.88 for F1-Measure in Uyghur TE extraction. From the analysis of the results,
we concluded that the application of semantic knowledge resolves ambiguity problem at shallower language
analysis and significantly aids the development of more efficient Uyghur TE extraction system.
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1. Introduction

A temporal expression (TE), also named TIMEX, refers to any natural language phrases that denote
temporal information or a temporal unit, such as an interval or a time point. The extracted TE in the
text is so beneficial that time related information is considered as a second informative part in the
natural text just behind the proper noun and those TEs are always linked together with content of the
article for readers to better understand the entire process of the event.

TE extraction can also be adopted to other natural language processing (NLP) areas. These include,
but are not limited to, the following. In question answering system, it is very necessary to answer the
“when”, “who”, “what” and “where” kind of questions and is often seen as a basic element to related
task [1]. In summarization system, the ability to allocate events in time aids in acquiring better
summaries when it focuses on a particular time period [2]. In recent times, TE extraction has also been
applied to other domains like medical information processing [3].

Many works have been accomplished and achieved superb results on temporal annotation in English,

Spanish, German and Chinese (see Section 2). But there is still a lack of such resources and systems for
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Uyghur language, which annotate documents according to the TIMEX3 standard. In addition, most of
the generic approaches to TE extraction are based on explicit rule base encoded in the form of patterns
and morphosyntactic feature used for statistical model construction. Nonetheless, these approaches
often have difficulty in dealing with semantic ambiguity and generalization at language analysis level.
Example (1) illustrates the problem of ambiguity by showing an Uyghur word WU (underlined in
sentence) which has two different senses in sentence. In this case, the difficulty arises on how to

differentiate semantically ambiguous words and extract the actual TEs from the text.

Example (1) Gl asg8gs GliS Jlaby (Female proper name)
a3 Iaylab Milgile oladids s (Season, TIMEX31)

In order to accurately extract Uyghur TEs, in this paper, we make a hypothesis that the linguistic
expression of time is a semantic phenomenon and hence, TE extraction must be tackled with semantics.
Also, Filannino and Nenadic [4] has indicated that WordNet is compatible to a multilingual extension.
At this point, lexical semantics for Uyghur TE is ideal to test its viability and practicability in various
minority language processing issues. We, therefore, develop a conditional random field (CRF) based
statistical model using semantics. This is based on semantic knowledge (lexical semantic network for
Uyghur) plus morphosyntactic knowledge. In so doing, we extract TEs in a precise manner and test the
validity of our hypothesis on this task by presenting a baseline approach, which is solely based on
morphosyntactic knowledge with semantic knowledge excluded.

As for Uyghur, another major issue in TE extraction is the scarcity of resources. Specific to the issue,
we collect and pre-process news data from corpora of semi-annual daily half-hour broadcast of “CCTV
News” and “Xinjiang News” in Uyghur, then manually annotate with TIMEX3 tag set according to
TimeML. On the basis of this human-annotated corpus, we construct the Uyghur TE dataset that
consists of 4 types of TIMEX3. In Uyghur TE extraction, for the first time, Azragul et al. [5] investigated
the form of simple and compound temporal words in Uyghur and proposed a rule-based approach
which is mostly based on a dictionary and regular expressions. However, as rule-based approach
exhibits the potential for simple TE extraction, but in a wide range of datasets that include different type
of TEs, it shows relatively low recall rate due to limited rules.

In this article, we propose a TE extraction approach for Uyghur, where the extraction uses machine
learning on the extensive set of features that are based on morphology, syntax, and semantics
respectively. However, the work aims to apply semantic knowledge as a new promising information and
analyze the effect of semantics through the development and evaluation of Uyghur TE extraction. In
experimental phase, we explore the potential advantages of semantics over general features
(morphology and syntax based) on this task by analyzing 28 features of 3 types, which are engineered
following a systematic review of the scientific literature in TE extraction.

The paper is structured as follows: the next section describes extant works on TE extraction. A brief
investigation and analysis of TE extraction in Uyghur are presented in Section 3. Feature engineering
and proposed approaches are described in Section 4. Experimental results and competitive analysis of
the approaches are reported in Section 5. Conclusions are drawn at last coupled with suggestions for

further studies.
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2. Related Work

There has been some initial works on extending TE extraction to other languages. A small parallel
corpus of 95 Spanish-English dialogs has been annotated with TIMEX3 tags by a single bilingual
annotator, based on the label at English side and adjusted to the Spanish (http://timexportal.wikidot.com/
timex2). Also some initial works have been conducted on Chinese [6]. Besides, many systems for
automatically labelling NL text have been developed following TIMEX3 standards.

HeidelTime [7] is a state of the art TE tagger, which uses a rule and pattern resources according to the
TIMEX3 annotation standard, and extracts TEs with regular expression matching. In the experiment,
HeidelTime achieved Fl-score of 0.90 in SemEval-2013 sub-task of TE extraction. SUTime [8] is
another temporal tagger for recognizing and normalizing TEs in English text. It is a deterministic rule-
bases system developed for extensibility, which creates patterns over individual words to find numerical
expressions, then uses patterns over words and numerical expressions to find simple TEs, and forms
composite patterns over the recognized TEs. MedTime [9] is temporal information extraction system
for clinical narratives, which uses hybrid approach of cascaded rule-based technique and machine
learning technique. It exhibited Fl-score of 0.88 in i2b2 temporal relation challenge task of TE
extraction. ATT system [1] used big windows and rich syntactic and semantic feature for TempEval TEs
and even segmentation and classification tasks. It uses a wide range of features like lexical, part of
speech, dependency and constituency parse. It achieved F1-score of 0.85 in SemEval-2013 sub-task of
TE extraction.

As is stated above, approaches related to TE extraction are mostly focused on morphosyntactic
knowledge. Accordingly, those morphosyntactic features help TE extraction system gain a high
performance. However, the high performance obtained is ascribed to the inclusion of word-trigger list
and these pre-defined word lists that are possible to be seen in TE are very pivotal. To our knowledge,
the application of word-trigger list could be become a novel form of domain-specific lexical semantics,
as the application of lexical semantic resource such as semantic network has the advantage over word-
triggers [10]. A common resource such as WordNet [11] takes not only the lexical semantics of a word
in a specific domain (e.g., time/eventuality) but also the semantic meaning of a word within a specific
domain, encoded in a lexicon with a sematic network structure. In this work, we use WordNet to build
a set of named TEs, such as “Christmas Day” and “Thanksgiving Day”, as well as to expand a list of
temporal triggers by adding some local Uyghur time words, based on all hyponyms of calendar_day

synset.

3. Temporal Expression in Uyghur

Uyghur language is a very complex form of language which has various morphological systems, and
always adopts various grammatical forms to express the whole process of event and to understand the
ins and outs of events in time. Basically, a TE in Uyghur is composed of one or more words which
collectively represent a point or a duration of frequency in time. Known and widely used Uyghur time
words include date and time formats, names of days, months and seasons, etc. Also, words which
quantify or modify time are also considered a part of a TE. Such words and phrases indicate TEs in
Uyghur as follows:
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o Temporal noun: (day) s, (month) s, (year) L. (hour) =L, (minute) wiw, (second) iz,
(century) ,wd, (quarter) Jtwa, (week) wes, etc. Uyghur time nouns have morphological
changes in person, thus present different forms in the sentences.

o Time adverb: (sometime) s, (always) aiwas, (from now on) s, (a while) pesp, (often) lls,
(permanent) B« (usually) .15, etc. Uyghur time adverbs generally do not have morphological
changes, but there are very few adverbs showing a less meaning of time when connected with
an affix.

o Compound temporal word: (today) .,5%, (this year) Juz, (from tomorrow) ol cpais, (a year
from 2012 to 2014) axialy-2014 (00l 2012, (tomorrow at noon) e <&, (till tomorrow) ss« Ko,

etc.

In this paper, we have two basic objectives as follows:

(1) The detection of the existing timexes in given Uyghur raw text: to determine a boundary and
extent of text fragments, which are composed of one or more word units, which indicate a proper timex
in the given Uyghur text. So given a document D, words w in D, it is necessary to ascertain whether w is
in a TIMEX.

(2) Classification of the detected timexes: To classify the recognized Uyghur timexes as one temporal
expression class, which is presented in the TimeML annotation standard and briefly shown in Table 1.
In certain document D, there should be a mapping named I: t —» X, where t is set as the detected
timexes in D, in which X' € X.

Table 1. Types of TE in Uyghur

Class Example Example (English)
DATE @it 55523 dib-3 L2016 March 23, 2016; Friday
TIME iy odle ¢ Wi (o8 S g Ten minutes to three; At five
PERIOD ol a8 ¢ 562 2 months; 48 hours
FREQUENCY ol £ paid S5 saiyae Twice a week; once a year

In order to deal with the two basic goals of this task, we set the delimitation or boundaries of TE and
assign it a proper TIMEX3 type, so as to tag a set of words which are potentially Uyghur TE in NL text.
The datasets presented in this work used brackets to delimit the set of words forming an actual TE in
each sentence. Each bracketed TE holds a value indicating the type of the enclosed TE, namely TIME,
DATE, DURATION, and FREQUENCY (SET). Some samples from the dataset are given to highlight
the prospective result of Uyghur TE extraction. Table 2 illustrates some annotated sentences in part of
Uyghur TE dataset.

Table 2. Uyghur TEs with TIMEX3 tags in sample sentences
5 @l i [ oS ok ooy 2]DATE - 30 i8S Ldus sl HalSonu3s [y (SoanSTpate « w3363 15536 aa [ Jur1988] pare
-l 33 Lelogs

o S aaias [as pilpuraTion YolBye8 deads ¢ Sllsiau 3. sael Hiaaly 55 lansd 34 [addinds d840] pate

St iy i [l 6l < sl (008035 L 4SS a5 (b wdle]puration 815 olwied deid 3
BUTCCXWIES) [Ms S8 “"';'.:u]SET Sedd
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The architecture of Uyghur TE extraction is summarized in Fig. 1. First, documents are preprocessed
and then ready to be used for training model according to specific features given. Once the models are
generated, the system uses them to annotate raw text. However, we learn the models using three
approaches, Baseline (morphology only), Morphosyntax (morphology & syntax), and Semantic
(morpho-syntax & semantics). Thus, experimental result difference will reflect the contribution of each

approach we used on Uyghur TE extraction.

U"gh”f tex_t LTI Unannotated text
with timexes i
|

* Tokenization

 word-stemming | Morpho-syntactic- Lexical semantic- "':
. POS—tagging ! based Model based Model :
B I S {  Trained Models i W

{ Model Training i ,’, H

i ’ Data annotated with Data annotated with

i Morpho-syntactic Uyghur timexes Uyghur timexes

i Feature

Semantic Feature

: 4

Extracted Uyghur TEs

Trained Models

Fig. 1. Architecture of Uyghur TE extraction.

4. Uyghur Temporal Expression Extraction

4.1 Extraction Method

In TE extraction, the detection of boundary or extent of Uyghur TE in the text is a key problem to
solve. In this paper, we consider the TE detection as a sequence labeling task which also can be seen as a
Named Entity Recognition (NER) problem, since NER can represent a supervised sequence labeling
problem [12]. For which we suppose that an input sequence of token T{* = t;t,t; ... t,, the Uyghur TE
extraction is to create a label sequence LT = l;1,15 ... 1, , where [; either belongs to the set of predefined
Uyghur TE class or is not actual TE. The general label sequence [T shows the highest probability of

occurrence for the token sequence T7* between all potential label sequences. This can be written as:
L} = argmax {Pr(L}| T{")} (1)
By virtue of chunking methodology, we use IOB2 labeling scheme [12] to tag our corpus (IOB2
represents the beginning of a TE (B), inside of a TE (I), outside of a TE (O) and sometime the E is used

with the last). In this scheme, each sentence contains a word at the beginning followed by its IOB label.

The label encodes the Uyghur timexes and discriminates whether the current token is inside or outside
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of TE. We illustrate labeling problem by showing a sentence “Roshen will arrive in America by October

20” which contains some TEs in Table 3.

Table 3. Uyghur TE recognition with an IOB2 value labeling each token

Example 10B2 value Example (English)
" © Roshen
10 B-TIMEX
] I-TIMEX
e I-TIMEX
20 I-TIMEX October, 20
_ I-TIMEX
425“)55 I-TIMEX
o © America
i O Arrive in
~ © will
O

Generally, sequence labeling task always uses machine learning technique to learn a model by
observing annotated training examples. Among the supervised learning algorithms for this task, CRF
performs well in a number of NLP applications, so we decide to use it for generating the model. CRF
[13] is a statistical modeling tool for pattern recognition and machine leaning using structure
prediction. In this model, we assume that X is an observed input data sequence to be labeled, and Yis a
random variable over the corresponding label sequence. CRF model intends to find the label Y which
maximizes the conditional probability P(Y|X) for a token sequence x, and it can be seen as a
generalization of maximum entropy and hidden Markov model that defines a conditional probability

distribution taking the following form:

K
1
PO = Fosexn| ) A fux) @
k=1
K
269 =) exp( ) A fu ) ©)
yEeY k=1

where K is the number of features, x represents the observation sequence, y represents the label, and fi

and A« represent the feature function and the learned weight for each feature function, respectively.

4.2 Feature Engineering

Feature engineering is a foremost task of TE extraction for all classifiers. Moreover, the success rate in
applying CRF to TE extraction principally depends on the quality of features. Regarding Uyghur
language analysis level, we extract the features and classify them into general features and semantic
feature. General features are most often used for TE extraction. Now, we describe the following general

features used to train the model.
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Morphological: It includes the token, stem and POS tag in a context with at most a 5-window (-
2, +2), in addition to token without letter or numbers. It achieves a good result in other NLP
tasks. Furthermore, we add explicitly hand-crafted rules to match the Regex (regular
expression), such as present reference, future reference, fuzzy quantifiers, modifiers, temporal
adverbs and prepositions [14]. Word-segmentation, POS tagging and stemming were conducted
using Modern Uyghur stemmer, MeCab-Uyghur for morphology analyzer [14].

Syntactic: There are various Uyghur TEs included in particular types of phrases, such as
prepositional phrase (PP) and noun phrase (NP), etc. This feature includes a token that belongs
to specific one of these phrases, whose value is the key for deciding which token could be part of

an Uyghur TE. This feature is extracted using Uyghur sentence constituent parser [15].

A representative semantic feature used to improve the proposed TE extraction is described as follows:

Lexical semantics: A word level semantics gained form WordNet [11], which is a lexical
database whose basic structure is the synset, a set of synonym words indicating an underlying
lexical conception. The majority of temporal nouns included in TE are hyponyms of time, time-
period (duration) or time-unit, and these time concepts are placed at the fourth level from the
top concept (i.e., entity). The distribution of classes and instances over the WordNet lexical
database associates with temporal categories such as TIME, DATE and DURATION or TIME
PERIOD, which are the most common sense for time related concept. Many of the TEs contain
words with time-related values, which will increase the probability of representing TEs for words
that obtain such values, even if they do not occur in training data, for which it favors
generalization to the most extent.

We, therefore, consider the lexical semantics as a feature. Table 4 illustrates some words with time-

related values in WordNet.

Table 4. Uyghur time-related words in WordNet

Uyghur English Hypernyms hierarchy in WordNet
S Century => time-period => Measure => Abstraction => Entity
Sa Minute => time-unit => Measure => Abstraction => Entity

3 Nowruz Festival =>Day :.> Calendz?r day => time-period => Measure =>
Abstraction => Entity

While WordNet is one of the most semantically rich English lexical databases that is broadly used as

an additional resource in many researches. Yet, still some efforts have been made in constructing

multilingual WordNet [16-18]. Nonetheless, there is a limited number of languages that have

successfully built their WordNets. Against this background, in this paper, we attempt to construct the

lexical databases for Uyghur whose lexical conception is mainly based on temporal entities.

Uyghur is a resource-scarce language, for which we devise a time conception-based WordNet

(TCBW) which only consists of temporal entity semi automatically and adapt it to the Uyghur TE

extraction. Based on the Princeton WordNet (PWN) [11], we develop a simple approach to build a

TCBW for Uyghur, by means of existing bilingual dictionaries and human translation. Then we

automatically align all PWN’s synsets which only contain temporal nouns to equivalent Uyghur synsets
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through the bi-lingual dictionary. Once the synset alignment between the two languages has been
finished, we can completely get synsets and relations for Uyghur TCBW. But some particular Uyghur
time concepts which do not appear in PWN will be inserted according to the sense. Table 5 shows the
distribution of word classes in Uyghur TCBW with respect to TIMEX3 types (namely, DATE, TIME,
and DURATION), compared to the distribution of the English classes in PWN.

Table 5. Types of temporal expression in Uyghur

#English classes #Uyghur classes
DURATION 1,054 348
DATE 363 102
TIME 60 28
All features used in the experiment are summarized in Table 6 in detail.
Table 6. List of features used in experiments
Feature Example
Morphological type
Token T
5-window (-2, +2)
Stop-word ‘o, g 0,0
Stem Sl fenyanas” T paead
POS-tag 557, “sals” TNV
Suffix “aisl T

e

“ s i SSE, €
U2, € oty 7,,’“§B4u

Ordinal number
Cardinal number + period

Contains only digits
Festival expression
Temporal future trigger
Temporal fuzzy quantifier
Literal number

Month

Temporal past trigger
Temporal period

Part of the day
Temporal present trigger
Season

Time

Weekday

Year

Syntactic type

Lexical chunk

Prepositional noun phrase

Lexical semantic type

First sense
Second sense
Hypernym
Hyponym

20167, “05”, “4”
“ o 15y, o 037, b 33587
S LS, Sosgurll”
i, “dilh ) s
E S g8

ST T

“ s b, g, ELE

e, g, 5 S

“ales B, ¢ sla”, “adody”

L, e,

“11:50 als”, “4:10 (oS (puiiode”
sy, i, “iayle”

“19807, “ Lo b 098 dla S5, 7

< s “ ) = BNP’, LNP’

“ 33457, “olbs” — ‘B-PNP’, “I-PNP”

“3L” 7 synset(“summer”, n)

“3L” 7 synset(“write”, v)

“3L” 7 synset(“summer”, n) ~ synset(“season”, n)

PR

315”7 synset(“time of day”, n) ~ synset(“morning”, n)
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5. Experiments and Results

In this section we present the experiments performed, and particularly describe the data, evaluation

metrics, and results.

5.1 Setup

Model Selection: We conduct an extensive experiment by combining 27 features mentioned above
into three different models and assess if there is any statistical difference among models generated by
repeating the features combination. In this way, we are allowed to select the model that outputs the
highest F1-measure in Uyghur TE extraction among the three listed models.

« Model 1: Morphological only (Baseline)
o Model 2: Morphological + Syntactic
o Model 3: Morphological + Syntactic + Lexical semantics

Dataset: In Uyghur TE extraction, currently we have no standard datasets that enable our results to
be compared with other experimental results. However, we use the human-annotated data of 6.74 MB,
collected from corpora of semi-annual daily half-hour broadcast of “CCTV News” and “Xinjiang News”
in Uyghur, as well as construct Uyghur TE dataset for this task. In Table 7, we give a brief description of
our sample dataset. #Uyghur TEs stands for the actual number of temporal expressions found in the

dataset.

Table 7. Types of temporal expression in Uyghur

Usage #Docs #Words #Uyghur TEs
Training 400 1,322,972 3,508
Test 40 12,730 365

Evaluation Metrics: Performance of Uyghur TE extraction is evaluated based on the criteria used in
TERN-2004. Two standard measures, Precision (P) and Recall (R) are used for evaluation, where P is
the measure of the number of Uyghur TEs correctly identified over the number of TEs identified and R
is the measure of a number of Uyghur TEs correctly identified over an actual number of Uyghur TEs.

F1-measure (F) is a harmonic mean of P and R.

_ (B> + PR
- B2(P+R)

5.2 Results and Analysis

Three different experimental settings have been evaluated as a combination of different features,
namely Model 1, Model 2, and Model 3. Table 8 shows the results of extracted Uyghur TEs and Table 9
presents the overall performance of three different models on the proposed task.

As is shown in Table 9, for the first, the baseline model only including morphological features
achieved 63.02%, 74.50% and 68.20% for Precision, Recall, and Fl-measure, respectively. Although
morphological information is very useful, without any post processing, the model is unable to extract

832 | J Inf Process Syst, Vol.14, No.4, pp.824~836, August 2018



Alim Murat, Azharjan Yusup, Zulkar Iskandar, Azragul Yusup, and Yusup Abaydulla

TE from the rest of the text. As the Example (1) mentioned in the introduction, the ambiguity in

morphological level is a negative effect that has reduced the performance.

Table 8. Results of extracted Uyghur TEs

#Uyghur TEs #Correct #Incorrect #Missing
Model 1 357 225 55 77
Model 2 354 265 48 41
Model 3 348 305 17 26

Table 9. Performance (%) of three different models on Uyghur TE extraction

Precision Recall Fl-measure
Model 1 63.02 74.50 68.20
Model 2 74.85 86.60 80.30
Model 3 87.60 88.90 88.20

In the second experiment, the model including morphological and syntactic features exhibited an
improved performance and obtained 74.85%, 86.60%, and 80.30% for Precision, Recall, and F1-
measure, respectively, by adding syntactic parsing related feature. In this scenario, syntactic information
indicates whether a word belongs to the phrase (i.e., NP, ADJP, or ADVP). This is useful for detecting
more words which may be part of TE. In Example (2), this feature indicates that the double underlined
word can also participate in a TE. Generally, if a NP is governed by a PP, the heading prepositions may
also be essential to increasing the probability of the NP being a TE. Model 2 identifies more TEs
producing high Recall by means of Uyghur sentence constituent analyzer.

Example (2) (S(NP £) (VP 5L 26 (PP g (NP (sl S55))))
- oyt b Gy ok S5 B

In the third experiment, the model, which is a combination of morphosyntactic and lexical semantic
features, presented 87.60%, 88.90%, and 88.20% for Precision, Recall, and F1-measure, respectively, and
significantly improved the performance with the highest F1-Measure as well as with a slight increase in
Recall. In another way, we can count this model as an offset increasing the probability of representing
TEs for words that have never seen in training data.

However, Model 3 obtained much higher results in Uyghur TE extraction. The significant
improvement produced by lexical-semantic feature over baseline and syntactic feature proved our
hypothesis that lexical semantics is beneficial for TE extraction. A somewhat surprising finding is that
lexical semantic feature ameliorates the problem of morphosyntactic ambiguity and aids in generalization.

Regarding the errors unsolved by the proposed approaches in TE extraction, it is required to conduct

a language analysis beyond semantics.

6. Conclusions

We have presented a TE extraction system in Uyghur and studied the application of semantic

networks to the proposed extraction task. For this purpose, three approaches have been defined:
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Morphology-based approach as a baseline; syntax-based approach using Uyghur sentence constituent
analyzer; and lexical semantic-based approach using TCBW for Uyghur. The three approaches have
been evaluated in the proposed extraction task. To prove the viability of our approach, we presented the
Uyghur TE dataset, on which we tested TE extraction system. From the three experiment settings, the
proposed approach that mostly highlighted in this work obtained 0.87 for Precision, 0.89 for Recall, and
0.88 for Fl-measure and outperformed the general approaches which are based morphosyntax in
Uyghur TE extraction.

The results have confirmed that exploiting the semantics to TE extraction: (1) ameliorates the
performance of morphosyntactic approaches, particularly, aids in tackling morphological ambiguity
and helping generalization, and (2) presents a substantial high extraction performance as compared to
the other approaches.

The final results could lead us to pay attention to some potential problems of further work. On the
one hand, due to the lack of local standard TimeML corpus for Uyghur, we will confront the problem of
the lack of annotated dataset which directly results in the low performance in TE extraction. Hence, this
study will be mostly focused on constructing more corpora by exploiting a semi-automatic processing
method. On the other hand, we plan to expand our semantic feature using other kinds of semantics
knowledge that have been seen very advantageous in recent studies [19]. Generating a model with more

semantic features could substantially decrease the ambiguity in TE.
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