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Abstract. The goal of this research is to devise a method for recognizing and 

classifying TimeML events in a more effective way. TimeML is the most recent 

annotation scheme for processing the event and temporal expressions in natural 

language processing fields. In this paper, we argue and demonstrate that unit 

feature dependency information and deep-level WordNet hypernyms are useful 

for event recognition and type classification. The proposed method utilizes var-

ious features including lexical semantic and dependency-based combined fea-

tures. The experimental results show that our proposed method outperforms a 

state-of-the-art approach, mainly due to the new strategies. Especially, the per-

formance of noun and adjective events, which have been largely ignored and 

yet significant, is significantly improved. 

Keywords: Event Recognition, Event Type Classification, TimeML, Time-

Bank, WordNet, Combined Features. 

1 Introduction 

Automatic event extraction from text is one of the important capabilities for advanced 

information retrieval and various other text-based applications. In particular, event 

recognition and type classification have been studied extensively to improve perfor-

mance of applications such as automatic summarization [4] and question answering 

[11] that often require sophisticated natural language processing techniques. 
Two types of definition exist for events. In the topic detection and tracking (TDT) 

community, an event is defined as an instance of a document level topic describing 
something that has happened [1]. The information extraction (IE) field, on the other 
hand, uses a more fine-grained definition for an event, which is often expressed by a 
word or phrase in a document. For the IE perspective, TimeML has served as a repre-
sentative annotation scheme of events [13], which are defined as situations that hap-
pen or occur and expressed by verbs, nominalizations, adjectives, predicative clauses 
or prepositional phrases. In this paper, we follow the view of IE, and focus on recog-
nition and type classification of TimeML events. 
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Previous studies have proposed different approaches notably adopting a rule-based 
approach [14] and supervised machine learning techniques based on lexical semantic 
classes and morpho-syntactic information around events for recognition and type classi-
fication [2, 3, 7, 8]. In recognizing TimeML events and classifying their types, some of 
the past work used top level WordNet classes to represent and extend the meanings of 
events. It turns out, however, that such WordNet classes used as lexical semantic features 
in classification are not sufficient. When WordNet hypernyms of a target word within the 
top four levels [7] or some selected classes [2] were used, they did not represent events 
well. For example, the WordNet class event is a representative level-4 class expressing 
events, but the only 28.46% of event nouns found in the TimeBank corpus are actually 
annotated as real events. In other words, a majority of WordNet event nouns that are 
found in the corpus are not actually events. Therefore, the event concept in WordNet is 
too general to server as feature; more specific concepts should be used. 

TimeBank is a corpus containing news articles annotated based on the TimeML 
scheme [12]. It contains 183 news articles and more than 61,000 non-punctuation 
tokens, among which 7,935 are events. An analysis shows that most events are ex-
pressed in verbs and nouns. Sum of two PoS types covers about 93% and the rest was 
composed of adjectives, adverbs and so on [6]. 

We also found that combining features based on syntactic dependencies is critical 
for identifying events unlike some previous work where syntactically related words 
were used individually as features. As shown in Table 1, direct objects of “report” are 
not always events (about 32% are not events in the TimeBank corpus as shown in the 
last row). When a direct object belongs to the WordNet process class, however, it 
would be almost always an event. This kind of dependency must be captured and used 
as a feature for classification. 

Table 1. Object words of “report”, belonging to the process class, are much more likely to be 
an event in TimeBank 1.2, than other objects or the same class nouns with other verbs 

Verb Object (Target) # of Event Ratio 

“report” WordNet process class 14/  14 100.00% 
* WordNet process class 153/325   47.08% 
“report” * 30/  44   68.18% 

* indicates any verbs or nouns 

For the problems of recognizing and classifying events, we propose a method of 
using combined features based on dependency that exist between an event and its 
syntactically related words. In addition, we chose to use deeper level WordNet classes 
as features than those at the top-4 levels used in the previous work. We show that our 
proposed method outperforms the previous work by running experiments. 

The rest of the paper is organized as follows. Section 2 introduces TimeML and 
TimeBank corpus as a representation and annotation scheme and as a test bed, respec-
tively. It is followed by a discussion of related work for TimeML-based event  
recognition and even type classification in Section 3. Section 4 presents our event 
recognition and type classification methods using the deeper-level WordNet classes 
and the dependency-based features. We then discuss our experiments and results in 
Section 5. Finally, the last section presents our conclusions. 
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2 TimeML and TimeBank Corpus 

TimeML is a robust specification language for event and temporal expressions in 

natural language [13]. It was first announced in 2002 in an extended workshop called 

TERQAS (Time and Event Recognition for Question Answering System)1. It ad-

dresses four basic problems: 
 

1. Time stamping of events (identifying an event and anchoring it in time) 
2. Ordering events with respect to one another (lexical versus discourse properties of order-

ing) 
3. Reasoning with contextually underspecified temporal expressions (temporal functions 

such as “last week” and “two weeks before”) 
4. Reasoning about the persistence of events (how long does an event or the out-come of an 

event last) 

Fig. 1. Four problems in event and temporal expression markup [5] 

There are four major data components in TimeML: EVENT, TIMEX3, SIGNAL, 
and LINK [10]. TimeML considers event as a term for situations that happen or occur 
or elements describing states or circumstances in which something obtains or holds 
the truth (EVENT). Temporal expressions in TimeML are marked up with the 
TIMEX3 tags referring to dates, durations, sets of times, etc. The tag SIGNAL is used 
to annotate function words, which indicates how temporal objects (event and temporal 
expressions) are to be related to each other.  The last component, LINK, describes 
the temporal (TLINK), subordinate (SLINK), and aspectual relationship (ALINK) 
between temporal objects. 

TimeML defines seven types of events. REPORTING, PERCEPTION and 
ASPECTUAL indicate narrating, perception and aspectual prediction of another 
event, respectively. I_ACTION (intensional action) introduces an event argument 
describing an action or situation from which we can infer something about its relation 
with the I_ACTION event. In “… scrambling to buy …”, for example, the verb 
“scrambling” has the event “buy” as its argument and characterize “buy”. I_STATE is 
similar to I_ACTION. This type is a state that refers to alternative or possible worlds. 
STATE and OCCURRENCE indicate conventional events. STATE describes a cir-
cumstance in which something obtains or holds true, whereas OCCURRENCE is all 
the other kinds of events describing something that happens or occurs in the real 
world. The examples of each type are below: 

• REPORTING: “say”, “report”, “tell”, “explain”, “state” 

• PERCEPTION: “see”, “watch”, “view”, “hear”, “listen” 

• ASPECTUAL: “begin”, “start”, “stop”, “cancel”, “continue” 

• I_ACTION: “attempt”, “try”, “delay”, “avoid”, “claim” 

• I_STATE: “believe”, “think”, “want”, “love”, “hope” 

• STATE: “war”, “in love” 

• OCCURRENCE: “teach”, “arrive” 

                                                           
1 http://www.timeml.org/site/terqas/index.html 



270 Y. Jeong and S.-H. Myaeng 

 

Fig. 2 shows an example of TimeML annotation. For an event “teaches”, its type is 

kept in the class attribute, and its tense and aspect information tagged in 

MAKEINSTANCE. The normalized value of temporal expressions “3:00” and “No-

vember 22, 2004” are stored in the value attribute in the TIMEX3 tag. The signal 

words “at” and “on” make links between events and temporal expressions through the 

TLINK tags. 

 

John 

<EVENT eid="e1" class="OCCURRENCE"> teaches </EVENT> 

<MAKEINSTANCE eiid="ei1" eventID="e1" tense="PRESENT" 

  aspect="NONE" /> 

<SIGNAL sid="s1"> at </SIGNAL> 

<TIMEX3 tid="t1" type="TIME" value="2004-11-22T15:00" 

  temporalFunction="TRUE" anchorTimeID="t2"> 3:00 

  </TIMEX3> 

<SIGNAL sid="s2"> on </SIGNAL> 

<TIMEX3 tid="t2" type="DATE" value="2004-11-22"> 

  November 22, 2004 </TIMEX3>. 

<TLINK eventInstanceID="ei1" relatedToTime="t1" 

  relType="IS_INCLUDED" signalID="s1"/> 

<TLINK timeID="t1" relatedToTime="t2" 

  reltype="IS_INCLUDED" signalID="s2"/> 

Fig. 2. An example of TimeML annotation [10] 

Among several corpora2 annotated with TimeML, TimeBank is most well-known 
as it started as a proof of concept of the TimeML specifications. TimeBank 1.2 is the 
most recent version of TimeBank, annotated with the TimeML 1.2.1 specification. It 
contains 183 news articles and more than 61,000 non-punctuation tokens, among 
which 7,935 are events. 

3 Related Work 

EVITA [14] is the first event recognition tool for TimeML specification. It recognizes 

events by using both linguistic and statistical techniques. It uses manually encoded 

rules based on linguistic information as main features to recognize events. It also uses 

WorldNet classes to those rules for nominal event recognition, and checks whether 

the head word of noun phrase is included in the WordNet event classes. For sense 

disambiguation of nouns, it utilizes a Bayesian classifier trained on the SemCor  

corpus3. 
Boguraev and Ando [3] analyzed the TimeBank corpus and presented a machine-

learning based approach for automatic TimeML events annotation. They set out the 
task as a classification problem, and used a robust risk minimization (RRM) classifier 

                                                           
2 TimeML Corpora, http://timeml.org/site/timebank/timebank.html 
3 http://www.gabormelli.com/RKB/SemCor_Corpus 
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[16] to solve it. They used lexical and morphological attributes and syntactic chunk 
types in bi- and tri-gram windows as features. 

Bethard and Martin [2] developed a system, STEP, for TimeML event recognition 
and type classification. They adopted syntactic and semantic features, and formulated 
the event recognition task as classification in the word-chunking paradigm. They used 
a rich set of features: textual, morphological, syntactic dependency and some selected 
WordNet classes. They implemented a Support Vector Machine (SVM) model based 
on those features. 

Lastly, Llorens et al. [7] presented an evaluation on event recognition and type 
classification. They added semantic roles to features, and built the Conditional Ran-
dom Field (CRF) model to recognize events. They conducted experiments about the 
contribution of semantic roles and CRF and reported that the CRF model improved 
the performance but the effects of semantic role features were not significant. In the 
TimeBank 1.2 corpus, the approach achieved 0.8240 and 0.6420 in F1 in event recog-
nition and type classification, respectively. 

4 Event Recognition and Type Classification 

The main goal of our research is to devise an effective method for recognition and 

type classification of TimeML events. For word-based event recognition and type 

classification, we converted the phrase-based annotations into a form with BIO-tags. 

For each word in a document, we assign a label indicating whether it is inside or  

outside of an event (i.e., BIO24 label) as well as its type. For type classification, in 

addition, each word must be classified into one of the known event classes. Table 2 

illustrates an example of event chunking of a sentence. 

Table 2. Event chunking for a sentence, “Revenue rose 15% to $534.3 million from $468.7 
million.” B-EVENT, I-EVENT and O refer to the beginning, inside and outside of an event. 

Word Event Label Event Type Label 

Revenue O O 
rose B-EVENT B-OCCURRENCE 
15 O O 
% O O 
to O O 
$ B-EVENT B-STATE 

534.3 I-EVENT I-STATE 
million O O 
from O O 

$ B-EVENT B-STATE 
468.7 I-EVENT I-STATE 

million O O 
. O O 

 

                                                           
4 IOB2 format: (B)egin, (I)nside, and (O)utside. 
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Our proposed method consists of three parts: preprocessing, feature extraction, and 

classification. The preprocessing part analyzes raw text to do tokenizing, PoS tagging, 

and syntactic parsing (dependency parsing). It is done by the Stanford CoreNLP 

package5, which is a suite of natural language processing tools. Then, the feature ex-

traction part converts the preprocessed data into the feature spaces. We explain the 

details of our feature extraction methods in Subsection 4.1. Finally, the classification 

part determines whether the given word is an event or not and its type using the Max-

Ent classifier. 

4.1 Feature Sets 

Lexical Semantic Features (LS). The Lexical Semantic Features is the set of target 

words’ lemmas and their all-depth WordNet semantic classes (i.e., hypernyms). Some 

words have high probabilities of indicating an event when they are included in a spe-

cific WordNet class. For example, a noun “drop” is always an event regardless of its 

context of a sentence in the TimeBank corpus. 

Windows Features (WF). As used in various NLP tasks including event recognition 
and classification [2, 7], we employed PoS context within a five word window (-2, 
+2) around a target lemma. 

Dependency-Based Features (DF). We posit that a target word refers to an event if it 
occurs within a context having a specific syntactic dependency. This feature type 
differs from WF because the context may go beyond the fixed size window and the 
features are not just words. Increasing the window size for WF is not an option be-
cause it would end up including some noise by including too big a context. Four de-
pendencies we consider are: subject (SUBJ), object (OBJ), complement (COMP), and 
modifier (MOD). 

• SUBJ Type. A feature is formed with the governor or dependent word and its 

hypernyms that has the SUBJect relation (nsubj and nsubjpass) with the target 

word. For example, the verb “occur” indicates that the subject of the verb is an 

event because it actually occurs as in the definition of an event. 

• OBJ Type. It is the governor or dependent word and its hypernyms, which has the 

OBJect relation (dobj, iobj, and pobj) with the target word. In “… delayed the 

game …”, for instance, the verb “delay” can describe the temporal state of its ob-

ject noun, “game”. In the case of pobj relation, the governor is preposition. Some 

prepositions such as “before” may indicate that the dependent word after them  

occurs at some specific time. 

• COMP Type. It indicates the governor or dependent word and its hypernyms, 

which has the COMPlement relation (acomp and xcomp) with the target word. In 

“… called President Bush a liar …”, for example, the verb “called” makes the state 

of its object (“Bush”) into the complement noun, “liar”. In this case, the word 

“liar” becomes a STATE event. 

                                                           
5 http://nlp.stanford.edu/software/corenlp.shtml 
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• MOD Type. It refers to the dependent words and their hypernyms in MODifier 

relation (amod, advmod, partmod, tmod and so on). This feature type is based on 

the intuition that some modifiers such as temporal expression reveal the word it 

modifies has a temporal state and therefore is likely to be an event. 

Combined Features (CF). Sometimes, dependency-based features need to be com-

bined with lexical semantic features because a certain syntactic dependency may not 

be an absolute clue for an event by itself but only when it co-occurs with a certain 

lexical or semantic aspect of the target word. Therefore, we bring in the notion of 

combined features that involve LS of a target word and its DF. For example, a noun 

“agreement” becomes an event when it occurs with a verb “announce”, which is re-

lated with dobj dependency (see (a) below as an example). However, the DF feature, 

“announce”, cannot always make its object into an event as in (b). 
 
(a) First of America , which now has 45 banks and $12.5 billion in assets, 

announced an agreement
 [EVENT] to acquire the Peoria, Ill., bank holding 

company in January. 
(b) Hudson's Bay Co. announced terms

[NOT EVENT] of a previously pro-posed 
right issue that is expected to raise about 396 million Canadian dollars 
(US$337 million) net of expenses. 

4.2 Classification 

While the three different types of features make their own contributions in deter-

mining whether a word is an event, their relative weights are all different. A strict 

classification algorithm categorizes the target words based on the weighted features. 

We weight the features with maximum Kullback-Leibler divergence (KL-divergence) 

between event and event type labels. The KL-divergence is a non-symmetric measure 

of the difference between two probability distributions and a popular weighting 

scheme in text mining. 
For a feature f, its weight for event recognition is calculated using the formula in 

Equation (1) where l and ¬l are the distributions of event label l and non-l term. P( f | l 
) and P( f | ¬l ) are the probabilities of f in l and ¬l, respectively. 
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Similarly, we get the features weight for event type classification like Equation (2). 

 ( )
{ }
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l
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−

∈
= ¬  (2) 

Since we decided to use all the WordNet hypernyms as possible features, which cause 
the feature space too large to handle, we need to select more valuable ones from the 
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candidate set. Moreover, features should be weighted and selected according to PoS 
types because different PoS types bear different importance as a feature. We use the 
weighing method using KL-divergence for this purpose and selected top-k features. 
The cut-off value k showing the best performance is empirically selected in our pre-
liminary experiment. 

For our classification algorithm, we considered four popular ones in machine learn-
ing: Naïve Bayes, Decision Tree (C4.5), MaxEnt, and SVM algorithms. Among them, 
the MaxEnt showed the best performance for our task. The packages we used are 
Weka [15] and Mallet machine learning tools [9]. 

5 Experiment 

5.1 Comparison with Previous Work 

We first evaluated the proposed method by comparing against previous work, whose 
result is shown in Table 3. We chose the Llorens et al.’s work [7] that is considered a 
state-of-the-art in TimeML event recognition and classification. The performance is 
calculated for the B- and I- tags only. For event recognition, the proposed method 
shows an improvement of about 0.06 and 0.03 points in terms of precision and recall, 
compared to the baseline, respectively. For type classification, our method shows an 
improvement of about 0.15 in precision although recall is almost the same. Overall, 
compared to the baseline, the proposed method increased the F1 score by about 0.05 
and 0.06 in recognition and classification task, respectively. The evaluation was done 
by 5-fold cross validation, and the data of each fold is randomly selected. 

Table 3. Comparison between the proposed method and state-of-the-art 

Task 

 

Llorens et al. [7] Proposed Method 

P R F1 P R F1 

Reg. 0.8343 0.7954 0.8140 0.8940 
(+0.0597)

0.8286 
(+0.0332) 

0.8601 
(+0.0461) 

Class. 0.6884 0.6015 0.6420 0.8386 
(+0.1502) 

0.6093 
(+0.0078) 

0.7058 
(+0.0638) 

P: Precision, R: Recall, F1: F1-score 
Rec.: Recognition task,    Class.: Type classification task 

Looking at the performance for different PoS types, we found that the performance 
with noun and adjective events is significantly improved. The proposed method for 
nouns increased F1 score by 0.1376 and 0.0983 in recognition and classification task, 
respectively. The improvements of F1 for adjectives are 0.1606 for recognition and 
0.1420 for type classification. 

In spite of the significant improvement with nouns and adjectives, the overall per-
formance did not increase as much. It is because the performance improvement of 
verb events is relatively small and the proportion of verbs in events is very large. 
According to the definition in TimeML, most verbs are considered events except 
some special cases such as be-verb and some idioms (e.g., “be going to”).  
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Therefore, it is a relatively easy task to deal with verbs, compared to the other PoS 
types. In addition, most frequent event types of verbs are OCCURRECE and 
REPORTING (51 % and 19% of verb events in TimeBank 1.2, respectively). As a 
result, the proposed method and feature sets cannot help the task so much. 

Table 4. Performance by PoS type 

Task PoS 
Llorens et al. [7] Proposed Method 

P R F1 P R F1 +F1 

Rec. Verb 0.9156 0.9215 0.9133 0.8941 0.9830 0.9364 +0.0231 

Noun 0.7267 0.4826 0.5842 0.9359 0.5886 0.7218 +0.1376 

Adj. 0.6678 0.3809 0.4835 0.8702 0.5112 0.6441 +0.1606 

Class. Verb 0.7386 0.7421 0.7351 0.8508 0.6917 0.7599 +0.0248 

Noun 0.6273 0.4133 0.4953 0.8402 0.4678 0.5936 +0.0983 

Adj. 0.5569 0.3112 0.4041 0.8168 0.4126 0.5461 +0.1420 

+ F1: The improvement of proposed method in terms of F1 

For the classification task, Table 5 shows detailed scores for all the event classes. 
The meaningful improvement is observed in most of the event types except for 
REPORTING and RERCEPTION. Since ASPECTUAL, I_ACTION, and I_STATE 
events are characterized by the relationship with another events, the proposed depen-
dency-based features seem to be suitable for these event types. The performance im-
provements of STATE and OCCURRENCE are attributed to the improvements of 
nouns and adjectives. The performance of PERCEPTON was decreased by about 0.03 
in F1. 

Table 5. Performance for event type classification 

Event Type 
Llorens et al. [7] Proposed Method 

P R F1 P R F1 +F1 

REPORTING 0.9190 0.8918 0.9051 0.9294 0.8551 0.8907 -0.0144 

PERCEPTION 0.6593 0.6683 0.6637 0.7879 0.5306 0.6341 -0.0296 

ASPECTUAL 0.8135 0.4700 0.5957 0.9172 0.5420 0.6813 +0.0856 

I_ACTION 0.5140 0.2930 0.3732 0.7169 0.4132 0.5242 +0.1510 

I_STATE 0.6844 0.4370 0.5334 0.8261 0.5052 0.6269 +0.0935 

STATE 0.5001 0.2484 0.3319 0.7352 0.3761 0.4976 +0.1657 

OCCURRENCE 0.6673 0.7207 0.6929 0.8730 0.6296 0.7316 +0.0387 

5.2 Contributions of Context Feature Sets 

We ran additional experiments to understand the roles of the individual feature types. 

In order to show relative importance of context feature sets, Window Features (WF), 

Dependency-based Features (DF), and Combined Features (CF), we measured per-

formance changes caused by excluding one feature type at a time. (DF+CF) in Table 6 

means the union of DF and CF feature sets. The CF and (DF+CF) features are judged 

to be most important because the performance was decreased most significantly. The 

effects of the other features were not as great, but cannot be disregarded as they al-

ways contribute to the overall performance increase. 
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Table 6. Contributions of individual feature types, measured by excluding one feature type at a 
time 

 

Recognition Type Classification 

P R F1 P R F1 

ALL 0.8940 0.8286 0.8601 0.8386 0.6093 0.7058 
  - WF 0.8861 0.8142 0.8487 

(-0.0114)
0.8330 0.5961 0.6949 

(-0.0109) 
  - DF 0.8848 0.8265 0.8547 

(-0.0054)
0.8343 0.6145 0.7077 

(+0.0019) 
  - CF 0.8501 0.8060 0.8274 

(-0.0327) 
0.7831 0.5696 0.6595 

(-0.0463) 
  - (DF + CF) 0.8404 0.7785 0.8083 

(-0.0518) 
0.7706 0.5471 0.6399 

(-0.0659) 

5.3 Effects of WordNet Hypernyms 

To investigate the effects of deep-level WordNet classes, we observed the perfor-
mance changes incurred by increasing the WordNet depth within which features were 
generated. Depth fifteen, for example, means all the hypernyms of the matched word 
are considered as features. The results of event recognition are presented in Fig. 3 
where the y-axis represents the performance of event recognition and classification in 
terms of F1; the cumulative WordNet depth is represented by the x-axis. 

 

 (a) recognition   (b) type classification  

Fig. 3. Performance of recognition and type classification per cumulative WordNet depth 

The performance of noun event recognition and type classification was affected 
most by increasing the depth. In particular, the improvement of noun event classifica-
tion was dramatic, due to the fact that the same event can be expressed in many dif-
ferent ways using nouns. The same effect can be seen in the noun type classification, 
although the magnitude differences are not as great. Compared to nouns, the perfor-
mance improvements for other PoS types were very small. The classification perfor-
mance of verb and adjective events increased according to the depth of WordNet, but 
the improvements were also small. Moreover, the change of recognition performance 
for verb was negligible. 
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The performance of noun event recognition reached to the peak at top-8 level. The 
pick point of type classification of nouns was level 14, but the change after top-8 level 
was negligible. The F1 scores of recognition and type classification for noun events 
were 0.7218 and 0.5660 at top-8 level, respectively. From these results, we expect 
that there is a proper level of ontology to recognize noun events and classify their 
types, which is shown to be level 8 in WordNet classes. 

6 Conclusion 

In this paper, we propose a TimeML event recognition and type classification method 

using syntactic dependency and WordNet classes and show their effect using the 

TimeBank collection. The problem of recognizing such events was formulated as a 

classification task using lexical semantic (lemma and WordNet hypernyms) and de-

pendency-based combined features. 
Our experimental results show that the proposed method is better than the state-of-

the-art approach in recognizing and classifying TimeML events. The overall perfor-
mance increase in F1 is about 0.05 in recognition and about 0.06 in type classifica-
tion, but significant improvement exists in noun and adjective events. For event rec-
ognition, the improvements are about 0.14 and about 0.16 for noun and adjective 
events, respectively. 

Through our analysis, we arrive at the conclusion that using dependency based com-
bined features and deep level WordNet classes are important for recognizing events and 
classifying their types. We also showed that F1 of noun events was increased significant-
ly by using the hypernym features from lower depth of the WordNet hierarchy. 

Although the proposed method showed encouraging results compared to the pre-
vious approaches, it still has some limitations. One issue is on the level of WordNet or 
ontology for expanding the feature set because the current method requires too large 
feature space. Another one is word sense disambiguation that we ignored entirely in 
the current work. Although we obtained some performance increase with deeper le-
vels, it’s not clear how much more gain we will get with sense disambiguation. Since 
we uniformly applied a fixed depth to generate features, it is necessary to consider 
varying depths of WordNet so that we can reduce the feature space. We are currently 
working on these three issues. 
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