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Abstract 

 

This paper presents techniques for discovery of event hierarchies in event streams. Event discovery 

is about  recognition  of low  level events; their  relationships  and how they  combine to  cause a 

composite event. The challenge is that  the occurrence time of a composite event, the identity of 

the low level events, the number of the low level events, and relationship are not known in 

advance. We start  by identifying a set of ‘candidate events’ that  lead to a given composite event. 

We then filter  the candidate events to establish the actual events that  lead to the composite event.  

Then a causal relationship  between the filtered  low level events is discovered.  The causal relation  

among the  events allows generation  of a hierarchical  structure  that  shows the  composition  

structure between low level events and the composite event.  We rely on domain experts and 

literature to identify the initial set of low level candidate events. To filter  candidate events, we 

use a historical event stream. We develop an approach based on heuristics and similarity measures 

to identify the structural relations between low level events and composite event. The discovered 

structure  of the events is then validated  using domain experts.  The approach was developed 

using a case study of financial  crisis with  the historical  news corpus archived by major news 

networks, particularly CNN as the event stream. 
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1. INTRODUCTION 
 

Complex Event Processing (CEP) is a set of technologies [Luckham 2003; Margara and Cugola 2011] 

that allow incremental  processing of information as it arrives in order to identify high level situations 

of interest or composite events, starting from low level primitive  event  notifications.  Composite 

events are specified through user-defined queries, or rules, which express how to select, manipulate, and 

combine primitive events. The rules define composite events starting from patterns of primitive ones, 

involving content- based and temporal constraints. CEP is an importance technology as it allows 

just-in-time detection of undesirable situations or seize opportunities as they arise. 

Complex event processing  [Luckham 2003] has been positioned  as a means to detect known event 

patterns of low level events. However, in some  cases the low level events that  lead to high-level 

composite events are not known in advance. At the same time, the low level events occur with little or 

no context that directly relates them to the composite events they influence. The challenge is that 

to define rules and queries for a given composite event, the underlying low level events must be 

known in advance. Even in situations where the composite event can be detected as a whole by 

observing its effects or symptoms, a better understanding of the composite event can greatly be 

enhanced by studying the underlying causes and events.  However this is inhibited by the missing 
 
 

knowledge about the underlying low level events and their relationships. 

In a typical environment, there are many events generated both externally and internally from different 

layers of the organisation. A specific event occurrence is associated with a small set of the total events that 

are actually occurring and being detected. The low level events bubble through the different layers and 

combine in different ways to bring about the larger event. When many events occur from different sources, 

it is hard to make sense out of such individual occurrences [Luckham 2003].  One common approach is the 

use of event  abstractions [Cuny et al. 1993; Kunz 1993a; 1993b; Luckham 2003] as a means of 

simplifying complexity and understanding of different appli- cations. Event abstractions group sets of 

events into higher level events [Kunz 1993a]. Displaying information at various levels of abstraction 

enhances the subjects’ ability to diagnose various types of events [Vicente 1990]. These abstractions have 

revealed many problems that  could limit  the operations of a given organisation. To take advantage of 

abstractions there is need for a systematic approach to detect or discover relevant abstractions both as 

primitive and/or as hierarchies that may be useful in understanding the given composite event. To predict or 

understand the occurrence of such situations, there is need to monitor low level events. However, the 

smaller events do not occur in isolation but happen alongside other irrelevant  events or remotely related 

events. The collection of all events is called the global event cloud  [Luckham 2003]. The events 

relevant  to a given main event is a subset of the event cloud. For instance, the occurrence of the 

economic crisis [Driscoll et  al. 2003; Joh 2003] is reported to have been a combination of events such 

as poor governance systems, weak legal environments,  pressure from treasury departments, austerity imposed 

on governments in order to receive aid, among others. 

 

The underlying question is :“Given the occurrence of a main event, what are the underlying low level 

events? and what is the relationship between the low level events?” Figure 1 is an illustrations of the steps 

involved in event discovery. Starting from the event cloud, the first task is to identify the possible 

candidate events that relate to a specific main event of interest. The candidate events are then filtered to 

generate the set of actual sub events for a given event.  The last task  is to determine any causal 

dependences among the sub events. The causal dependences are then used to construct an event hierarchy. 
 
 

 

 

 

 

 

 

 

 



 

International Journal of Computing  and ICT Research, Vol. 9, Issue 2, December  2015                Page  
 

57 

 

 

 

 

 

 

 

 

Fig. 1.   Steps in Discovery of Event 

Hierarchies 

 

Our approach was developed using a case study of financial crisis [Driscoll et al. 2003; Joh 2003]. However 

because of lack of availability of datasets, we rely on the news and articles published about financial crisis. It 

has been noted that more articles are published about a given event around the peak of its occurrence.  The 

unstructured nature of the news articles, allows our techniques to be applied to many scenarios where events 

pass unnoticed in unstructured documents such as corporate emails, minutes of meetings, memos, phone logs 

and many others. For this case study, we sample more than 80000 news articles from 2001 to 2011 and by 

application of similarity techniques, we are able to filter the most relevant low level events as well as detect 

the occurrence time of the low level events. The rest of the paper is organised as follows: related work is 

discussed in Section 2 while Section 4 describes the process of event identification.  In Section 5, we present 

the event detection approach and we show how to build causal relationships in Section 6. In Section 7 we 

validate the model followed by a conclusion in Section 8. 

 

2. RELATEDWORK 

The most closely related work is that  on Detecting and Tracking of News Events[Allan et al. 

1998; Nallapati et al. 2004; Radev et al. 2005; Yang et al. 1999]. In [Allan et al. 1998] a total of 

15,863 chronologically ordered stories spanning 1st July 1994 to 30 June 1995. Half of the stories 

were randomly sampled from Reuters articles; the rest from CNN broadcasts that were manually 

transcribed by the Journal of Graphics Institute.  In their approach they started with a total  of 

25 manually identified events under the TDT1 corpus. Their main focus was to detect which news 

stories related to one of the 25 events.  Two tasks in event detection are identified.  Retrospective 

detection that discovers previously unidentified events in chronologically ordered documents. On- line 

detection which identifies the onset of new events from live news feeds. The approach used is based on 

the conventional Information Retrieval approaches, particularly vector-space model [Soucy and Mineau 

2005] for Retrospective  detection and k-nearest neighbour  (kNN)[Cunningham and Delany 2007] for 

on-line event detection. The work stops at detection of individual events and does not aim at 

determining causal dependences among the detected events. 

 

In  [Nallapati et al. 2004], approaches for clustering stories into events and constructing depen- 

dencies among them were suggested. They developed a time-decay  based clustering approach that takes 

advantage of temporal localization of news stories on the same event  and showed that  it performs 

significantly better than the baseline approach based on cosine similarity.   Some events however, 

affect the entire globe and thus attaching location to them does not help much.  For instance, the 

financial crisis of 2008/2009 affected the entire globe and is generally referred to as the global 

financial crisis. Events that caused the crisis came from different places [Hellwig 2008; Mitton  

2002; Obstfeld et al. 2009] but affected other places as well making location irrelevant in this case. 

There is a need to define events with features other than their locations. 

 

Li et al. [2005] proposes a probabilistic model that incorporates both time and content in a unified 

framework. This model gives new representations of both news articles and events. Furthermore, based 

on this approach, an interactive RED system, HISCOVERY, which provides additional func- tions to 

present events is built.  Whereas they provide an algorithm to represent news articles and their events, 

they do not discover the sub-events that relate to a particular event. 
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3.CASE STUDY 

The financial domain, in particular the 2008/2009 financial crisis [Crotty  2009], was used as the case 

study for the research.  Here we highlight key literature on financial crisis as part of our case study. 

The term financial crisis is used in a wide variety of contexts to refer to a situation where, for some 

reason or other, an institution  or institutions  lose a huge part of their value. Financial crises are a 

common occurrence in the world today especially in specific sectors of the economy. A financial crisis 

can hit a single sector of an economy and not necessarily affect the other sectors. 

The causes of a financial crisis vary with  the type  of crisis.  Although many economists have come 

up with causes of financial crises, there is hardly a consensus between economists on these causes.  

This is partly because the different perspectives of economics sometimes rival each other, and partly 

because perhaps every financial crisis is peculiar to itself. Figure 2 shows the different types of crises 

that have been occurring. 
 
 
 
 
 

Fig. 2.   Timeline  of different financial crises (Adopted 

from   [search ]) 
 
 

According to IMF   [Claessens and Kose 2013], a financial crisis is often associated with  one or 

more of the following phenomenon: substantial changes in credit volume and asset prices; severe 

disruptions in financial intermediation and the supply of external financing to various actors in 

the economy; large scale balance sheet problems; and large scale government  support.  As such, 

financial crises are typically multidimensional events and can be hard to characterize using a single 

indicator. 

The financial crisis of 2008/2009 is the most recent and has spread throughout the world as shown in 

figure 3. This crisis originated in the US and spread to the different parts of the world primarily 

through declines in trade  [Crotty  2009] 
 
 

 

 

Fig. 3.   Timeline  of 2008/2009 financial crisis [Adopted  from   

[Steiner 2013]] 
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As a case study, the problem can be re-formulated as follows: 
 
Given the occurrence of the 2008/9 financial crisis, what are the underlying sub-events the led to its 

occurrence? What is the ordering and relationship among these sub-events? 

 

4.EVENT IDENTIFICATION 

To discover the underlying events of a given composite event, we needed to start with an initial set. We 

call this set the ‘candidate events’. The process of assigning members to this set is called event 

identification. This process will vary for different domains. Here we used domain experts and literature 

review to formulate the initial  set. 
 

Working with our case study, events in table I were identified as the leading causes of the 2008/9 

financial crisis. The results in the table are based on the review of the existing literature on the 

causes of the financial crisis and the results of the questionnaire that was used in the survey with 

domain experts. The events here represent a multitude  of events that led to the financial crisis. The 

related events were grouped under one event. 
 

 

Table I.    Table showing the queries and their  keywords  
Event Keywords 
Housing Prices bad loans, fore closure, 

mort- 

gage,  sub-prime   loan,   

house price Risk  management  
fail- 

ure 

investment,  risks,  
regulations, 

capital allocation,  bankrupt Financial  innovation risks, product  invention,  
spec- 

ulation,  loan Government policies regulations,   banks,  
deregula- 

tion,  policies Over-leverage borrowing,  investment, 
specu- 

lation,  bankrupt  
 

 

5.   EVENT DETECTION 

Event detection is about observing an event to assign a timestamp. A financial crisis and associated low-

level  events happen over time,  they have the start  time and end time.   To determine the 

occurrence time of the event, we used the news database. In the case  of the 2008/9 financial 

crisis, for each news article we searched for a set of keys that relate to the event description.  The 

search keys were extended to include synonyms for the event description. Table I shows the event 

description alongside associated synonyms. 

 

The detection of an event was based on the premise that the occurrence of an event is always 

associated with a burst of features [Fung et al. 2007] where some features appear frequently when the 

event emerges and their frequencies drop when the event fades away. It was thus assumed that bouts of 

articles will be concentrated  around the occurrence time of the event. Considering that financial 

information is normally given quarterly, that is in blocks of three months, the occurrence of an event 

was modeled over an interval of three months around the period where there is burst of news articles 

about an event. 

 

Therefore an event e is defined over a time interval t = [t0 , t1 ], where t is the interval over which that  

event happened, t0  is the start time of the event and t1  is the end time of the event.  The 

functions t0 (e) and t1 (e) denote the start time and end time of event e respectively. A plot of the 
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percentage of documents against the publication date was used to extract the values of t0 and t1 . The 

graph generated for housing crisis is presented in Figure 4. 

 

From Figure 4, and the other figures generated for the other events, the timestamps are sum- marised 

in Table II. 

 

6.  DETERMINING CAUSAL RELATIONSAND HIERARCHY 

To establish the  dependency or causality among the events, we used an event  model similar to 

[Nallapati et al. 2004] as M  = (e, E) to be a tuple of the set of events and a set of dependencies. 
 

 

 

Fig. 4.   Graph on 

housing prices 
 
 

Table II.   The timestamps of the events as read 

from the graphs  
Event Timestamp 
Housing crisis 

Risk management 

Financial  

innovation 

Government 

policies Over-

Leverage 

Dec 2007 - Feb 
2008 

Dec 2009 - Feb 

2010 

Dec 2008 - Feb 

2009 

Dec 2010 - Feb 

2011 

Dec 2007 - Feb 

2008 

 

M  can be seen as a directed graph with  an edge on the graph if (eu , ev ) ∈  E.  While the exis- 

tence of an edge itself represents relatedness of two events, the direction could imply causality or 

temporal-ordering. Causal dependency means that the occurrence of event ev  is related to and is a 

consequence of the occurrence of event eu . 

 

To establish the relation between any pair of events eu and ev , we applied a specialised similarity 

technique between the keywords of eu  and the documents of ev  . For ease of exposition, we define 

the following:- 
 

—Syno(eu ): the set of all keywords that are synonymous with event eu . 

—D = {d1 , · · · , dn }: the set of all news articles. 

—Doc(eu ) = (Syno(eu ), D):  the set of documents obtained after querying the set D with the the 

list of synonyms Syno(eu ).  Sim(Syno(eu ), D) is a similarity  function that takes the average of 

Jaccard and Cosine similarity techniques and returns a value between 0 and 1 which helps to 
filter the related documents from those that are not related to the query. 

—Occ(eu , ev ) = (Syno(eu ), Doc(ev )):  the set of the total number of occurrences of the synomyms 

of event eu  in the documents of event ev 
 

We define a causality function 
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where u /= v. 
 
C asual(eu , ev ) = 

Occ(eu , ev ) + 

Occ(ev , eu ) 

u=1,v=1 

Occ(eu , ev ) 
 

(1) 

The definition function C asual(eu , ev ) was based on the premise that  if events eu  and ev  are 

related, then they should appear together in several news articles. In principle, we were looking at 
 

how often the documents of ev  reference the events related to eu . That is, the keywords of one event were used 

to query the documents of another event. This ranking provides a measure of causality between two events. 

For instance, taking the housing crisis event, the keywords are mortgages, bad loans, foreclosure, housing price 

and subprime loan. The keywords of housing, for instance, were applied in the set of documents for the 

financial innovations event and vice versa. 

To establish an edge between two events eu  and ev , we looked at the number of occurrences that are 

common to both and used it to gauge the level of dependency of the events. 

Formally, 
 

 

where T is threshold value. 

C ausal(eu , ev ) > T ∩ t0 (ev ) < t1 (eu ) = E  (2) 

The values for C ausal(eu , ev ) are summarised in the table III presented as percentages. Using 

 

 

Table III.   Summary of the values for C 

ausal(eu , ev )  
Causal(eu , ev 
) 

Value 
(%) (H,I), (I,H) 8.7 

(H,L), (L,H) 8.0 
(H,R),  (R,H) 7.9 
(H,P),  (P,H) 8.1 
(R,L),  (L,R) 21.9 
(R,P),  (P,R) 6.7 
(R,I),  (I,R) 7.5 
(I,P),  (P,I) 7.1 
(I,L), (L,I) 7.2 
(P,L), (L,P) 8.5 

 
 

the values obtained in table III, the values ranging from 7 - 8 were used to determine the threshold. Thus the 

threshold T was varied through the values 7, 7.5, and 8 to check which threshold value gives the best event 

model in relation to the one obtained from the experts. Taking the threshold T = 7, T = 7.5 and T = 8 

gave the edges E   shown in figure 6, figure 6, and figure6 respectively. 

 

7.   MODEL VALIDATION 

The model and the value of the threshold T were validated based on the results of domain experts. Each 

expert was asked to state any relationship between any given pair of events. 

 

An edge was considered if 50% or more of the experts agree on the relationship.  The experts event model 

in Figure 6 is generated from the experts’ responses, following the criteria below:- 
 

—The number of experts that gave a link between any two events was counted. In the table, the links are 

paired with their duals, that is, HI with IH, PR with RP as shown. 

—An event  with  expert responses  of 50% or more was taken to  be a valid link.   For instance, 

(H,I),(I,H) has a count of 30% while (I,P),(P,I) has a count of 60% making (I,P)(P,I) a valid link and 

(H,I),(I,H) invalid. 
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—The direction of the arrows was obtained from the questionnaires. For instance, given that 

(I,P),(P,I) is a valid link with a count of 60%, we noted that 66% of the 60% experts identified the link 

(I,P) and only 34% identified the link (P,I) thus giving the edge (I,P). The same approach was used for all 

the event pairs and Figure 6 was obtained. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

figureUsing T = 7.0 
 
 
 
 
 
 
 
 
 
 
 
 

figureUsing T = 7.5 
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figureUsing T = 8.0 

 

Fig. 5.   Graphs obtained for the edges Et using the different threshold values 
 

 

 

 

 

 

 

 

 

 

 

 

Fig. 6.   Relationship  between the events (Experts  view) 

 

We took the experts view as represented in Figure 6 to be the ideal model and used it validate those 

generated from our approach. 
 

7.1   Determining the threshold T 

The graphs in Figure 5 were obtained using different values of T in equation 2. We compared each of these 

graphs with that of the experts in Figure 6. We applied graph matching techniques from [West et al. 2001] 

to compute the relational distance between any two graphs as 
 

minError(f ) 
M D(M 1, M 2) = 

sum of edges in E1 and E2 

(3) 

 
On applying equation 3 the graph of T = 8 had the least distance thus was the most similar to the 

experts graph. This means, the graph of T = 8, being that it gave the least error was the most similar 

to the experts’ graph making our threshold T = 8. 

 

7.2   Analysis of the results 

We obtained a threshold of T = 8 which means that the events are more related to each other if 

they have more documents in common. That is, if the events share many documents, then most 

likely, one event caused the other and vise vasa. 

With  this threshold T = 8, the graph obtained was as shown in figure 6.  This figure gives us a 

hierarchical structure of the events. According to the graph, the increase in housing prices was 

brought about by the financial innovations, over-leverages and the poor government policies. The 

over-leveraging  also depended on the government policies and the failure to manage risks. 

This means that at the lowest level, we have the government policies and the failure to manage 

risks as the leading  causes of the financial crisis. The government policies were followed by financial 

innovations,  over-leveraging, failure to manage risk and housing prices respectively. This means 

that  those events followed in that  order which does not differ much from the one presented in 

Figure 6. 
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The 2008/9 financial crisis, also referred to as the global crisis, affected many parts of the world 

with its root being in the United States of America. Its ability to spread that widely is an indicator 

that many coutries have poor or weak policies that govern the flow of their finances. These policies 

affect the interest rates that banks use, the way government reserves are mangaged, to mention but a 

few. 
 

8. CONCLUSION AND FUTURE WORK 

Given an event cloud, our approach identifies the events that  relate to the goal event or the set objective 

and derives hierachies that convey useful information using the event keywords, and their timestamps. This 

approach was compared to the results obtained from the experts and proved that it can generate results that  

are relatively accurate. It can therefore be used in many context to detect events. Hierarchical 

structuring of events helps in detection of emerging events and root- cause analysis.  Under root-cause 

analysis, a user is able to understand a given  occurrence by exploring the sub-events that led to its 

occurrence. 

More could be done to improve the proposed approach or make it available for use to a larger audience. A 

graphical user interface could be developed, where users can put queries and the system automatically presents 

the required answers in terms of event hierarchy and abstraction for a given main event. It is also possible to 

extend the approach to support other data sources that are not internet based. These may include structured 

data sources or event streams. 
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