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SUMMARY

The Global Database of Event, Language, and Tone (GDELT) is the only global political georeferenced
event dataset with more than 250 million observations covering all countries in the world since January 1,
1979. TABARI and CAMEO are the tools that are used to collect and code events from all international
news coverage. To query such big geospatial data, traditional RDBMS can no longer be used, and the need
for parallel distributed solutions has become a necessity. MapReduce paradigm has proven to be a scalable
platform to process and analyze Big Data in the cloud. Hadoop, as an implementation of MapReduce, is an
open-source application that has been widely used and accepted in academia and industry. However, when
dealing with Spatial Data, Hadoop is not equipped well and does not perform efficiently. SpatialHadoop is
an extension of Hadoop with the support of spatial data. In this paper, we present Geographic Information
System Query and Analytics Framework (GISQAF), which has been built on top of SpatialHadoop. GISQAF
focuses on two parts: query processing and data analytics. For the query processing part, we show how
this solution outperforms Hadoop query processing by orders of magnitude when applying queries on the
GDELT dataset with a size of 60 GB. We show the results for various types of queries. For the data analytics
part, we present an approach for finding Spatial co-occurring events. We show how GISQAF is suitable and
efficient to handle data analytics techniques. Copyright © 2015 John Wiley & Sons, Ltd.
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1. INTRODUCTION

Living in the Big Data era, one can see the enormous growth of data that have reached an explo-
sion. The advances in technology have resulted in ease of collecting data from numerous resources.
Location-aware and position-based devices generate huge amounts of geospatial datasets, which
have led to the need to extract, process, and query such information in a timely and efficient man-
ner. The Global Data of Events, Language, and Tone (GDELT) dataset is a publicly available
dataset with more than 250 million observations (called events) with global coverage since 1979 [1].
This dataset contains records and observations from all international news coverage. TABARI [2]
and CAMEO [3] are the systems used to collect and prepare the GDELT dataset. The purpose of
this widely used dataset is to help understand and uncover trends and behaviors of the social and
international system [1].

The challenge is how to query such big data with a satisfactory performance. Traditional relational
database management system (RDBMS) can no longer be used [4, 5] because of scalability and
query time issues. Furthermore, as storing the GDELT data follows the ‘write once read many’ con-
cept, there is no need to worry about updates. Thus, parallel distributed solutions based on “Not only
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SQL" (NoSQL) have emerged [6]. Examples of these solutions include Hadoop [7], BigTable [8]
Cassandra [9], and others. As a matter of fact, this is why many giant corporations have replaced
traditional RDBMS with parallel distributed solutions. In their paper [10], prior to 2008, Facebook
query processing was built on commercial RDBMS, which became not only expensive but also
inefficient to handle the growth of the daily data generated by users, and thus they switched to
Hadoop [7].

Google [11] has invented a MapReduce programming model as a parallel data processing
paradigm, which has proven to be a scalable and reliable platform. Hadoop [7] is a popular open-
source implementation of MapReduce that has been used for years in academia and industry [12].
On the other hand, Hadoop has some limitations. Previous attempts have been made to tune Hadoop.
Tan et al. [13] presented a solution to fine-tune Hadoop to process input data efficiently. Liao et al.
[12] proposed an event trigger mechanism to refine the Hadoop system. As studied in [14-16],
one of the MapReduce limitations is that it is schema-free and index-free as it requires the evalua-
tion of each record when consuming input, causing performance degradation. Files are distributed
into blocks, which are stored in multiple nodes. When querying these files, MapReduce jobs are
distributed across nodes in parallel. However, within each node, Map jobs process records in a
sequential manner, which takes long processing times. As a result, Hadoop has not been suited to
process spatial data that obviously require spatial indexing techniques such as grid index [17] or
R-tree [18]. As an alternative, SpatialHadoop [19] is an open-source Hadoop-extended framework
for processing spatial datasets efficiently. SpatialHadoop has been developed on top of Hadoop,
so for regular MapReduce jobs it runs exactly as Hadoop, but it has the awareness of spatial data
when it encounters spatial constructs and operations. Unfortunately, although SpatialHadoop is well-
suited for spatial data, it has not been tuned to handle schema-like spatial datasets with such spatial
archives. An example is the GDELT dataset, which has events represented by a schema.

In this paper, we introduce the Geographic Information System Query and Analytics Framework
(GISQAF) that extends SpatialHadoop [20]. GISQAF achieves two objectives: query processing
(QP) and data analytics (DA). The contributions of this paper are as follows.

1. This paper extends the SpatialHadoop framework so it can handle heterogeneous datasets.
As a matter of fact, trying to integrate the GDELT dataset into SpatialHadoop by itself will
not work as SpatialHadoop does not support schema-like datasets with multiple attributes and
longitude/latitude events. In this paper, we convert these events into geometric EventPoint
shapes and show how SpatialHadoop has been customized and extended to index, decode, and
query the GDELT georeferenced dataset and similar datasets.

2. Geographic Information System Query and Analytics Framework adds new queries to the Spa-
tialHadoop framework. For the QP part and based on the GDELT field parameters passed along
with the query type, two types of evaluations will be shown in this study: one for the Apache
Hadoop system and one for the modified SpatialHadoop system. Three types of queries have
been implemented. The first is the spatial selection query. The second query is a circle-area
query, which gives all events in a specific region. Aggregation query is the third type of query
we show in the results.

3. We present an approach to find co-occurring events from massive spatial datasets. We show
how our framework is well suited to process such tasks. For the DA part, we focus on gener-
ating spatial co-occurring events using GISQAF. Finding co-occurring events from big spatial
datasets is challenging but useful for Association Rule Mining [21, 22] and Spatio-Temporal
Rule Mining [23] to extract patterns and rules. This will help in understanding and uncovering
spatial and perceptual trends and behaviors of the social and international system. We show
how we generate two co-occurring events and use the pruning technique to generate 3,4, ..., ¢
co-occurring events where c is the number of frequent itemsets required.

To the best of our knowledge, this is the first attempt to address scalability for big and complex
geospatial datasets that are processed and indexed geospatially over a MapReduce framework with
high performance and efficient query response time. We use the GDELT dataset as a case study.
Running experiments on a multi-node cluster shows that GISQAF with SpatialHadoop achieves a
much better performance than Hadoop query processing.
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The rest of the paper is structured as follows. Section 2 presents a background about Hadoop and
SpatialHadoop. Section 3 gives an overview of the Framework. Section 4 presents Experimental
Results. Section 5 highlights Related Work. Finally, Section 6 discusses the Conclusion.

2. BACKGROUND

Before we start explaining the GISQAF framework, we briefly introduce the first two layers on
which this framework has been built. This section introduces Hadoop [7] and SpatialHadoop [19]
applications. Then we describe the GDELT data points.

2.1. Hadoop and SpatialHadoop

Hadoop [7] is an open-source MapReduce implementation for processing big volumes of data in a
distributed manner on large clusters. Inspired by Lisp and proposed by Google [11], MapReduce is a
programming model that follows a certain functional style to process large datasets. This functional
style hides the details of data distribution, task scheduling, failure handling, and communication
from the user. Basically, the user writes map and reduce functions to achieve a particular task.
Depending on the number of jobs associated with the program, jobs are submitted for execution
to the master node. Assuming data has been already distributed into chunks between slave nodes
using Google File System (GFS) or Hadoop Distributed File System (HDFS) in case of Hadoop, the
master node divides the job into tasks, each of which is associated with particular chunks or blocks,
and — by following pull scheduling strategy — assigns each task to a slave node. Slave nodes run map
and reduce functions and report to the master node when finished. Each map function expects key-
value pairs as input and produces intermediate key-value pairs as well. The intermediate key-value
pairs are partitioned, and each unique key is sent to a single reducer along with its list of values
emitted by multiple mappers. Reduce function, usually iterates over a list of values for a specific
key, processes the computation assigned to it, and emits the final output as a key-value pair, which
is written back to the distributed file system.

SpatialHadoop [19] is an open-source Hadoop-extended geospatial framework for processing mas-
sive spatial datasets efficiently. SpatialHadoop is an extension to Hadoop, and the aim of this project
is to process large spatial datasets on Hadoop with the native support for spatial data. It is available
at [24] as an open-source so contributors can extend its functionality and modify it to process dif-
ferent spatial queries and operations. Programs in this application run the same way as in Hadoop,
implementing map and reduce functions with the awareness of spatial operations. The basic idea of
SpatialHadoop is to index georeferenced datasets using Grid file [17], R-Tree [18], or R+-Tree [25]
indexing techniques. The spatial indexing is carried out as a MapReduce job and stored in the HDFS.
Two-level indexing is used, global and local.

In general, the global index holds information about each cell or Minimum Bounding Rectangle
(MBR) that point to an individual file that contains all spatial objects (Point, Rectangle, or Polygon)
in that cell. Following the trend of Hadoop, the local index is responsible for distributing files in
each slave node.

SpatialHadoop constructs the index in three phases, partitioning, local indexing, and global index-
ing. In the partitioning phase, the input file is divided into spatial partitions of 64MB in size such
that each partition is contained in a rectangle. This is based on the type of indexing used (Grid
index, R-Tree, or R+-Tree). In the local indexing phase, an in-memory local index is constructed
for each partition and sent to HDFS as a 64MB block. The global indexing phase concatenates all
local indexes and builds one big global index file that holds the MBRs and partition names. While
the local indexes reside in the slave nodes, the global index resides in the master node.

When submitting spatial queries such as range queries, SpatialHadoop applies a pruning step
before starting MapReduce jobs. The pruning or filtering step loads only partitions that intersect
with the query MBR and prunes the ones that do not. This ensures that only shapes contained in
the MBR are processed. This leads to a significant performance improvement as compared with
Hadoop, which loads all entries from all partitions. A shape might fall in more than one partition.
To avoid reporting the shape twice to the query result, SpatialHadoop uses Duplicate Avoidance
Technique [26]. In a recent study [27], different computational geometry problems have been
implemented successfully using SpatialHadoop.
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2.2. Global Data of Events, Language, and Tone data points

Handled by the TABARI system, each event (data point) in GDELT is georeferenced by latitude
and longitude locations. Events happen between two actors or parties that usually represent two
countries. Figure 1 and Table I show an example of an event that took place on September 2, 2013.
GDELT is concerned about how to translate this textual context to a georeferenced CAMEO-coded
observation. This is performed through crawling international news sources and implementing spa-
tial archiving techniques to get the 58 coded fields for each event using the TABARI system and
other software. In the CAMEO geocoding system, each event in the GDELT dataset has two Actors.
These are the two main parties of each political observation. Each event is supposed to happen
between Actorl and Actor2. In some cases, Actorl is the sole party of the event. As Figure 1 and
the Actor Attributes Fields in Table I show, Actorl in this event is Russia and Actor2 is Syria. The
news talks about a summit in Russia that discussed the conflict in Syria in which chemical weapons
have been used against civilians and the possible UN international response to that. ActorlGeo_Lat,
Actor1Geo_Long, Actor2Geo_Lat, and Actor2Geo_Long are the location fields that hold latitude
and longitude for Russia and Syria, respectively. As shown in Figure 1 and Event Geography
Fields in Table I, the latitude/longitude values of Russia and Syria are of 59.8944/30.2642 and
35.0000/38.0000, respectively.

From the record example in Table I, data fields or attributes used in GDELT events represent
the following:

30.2642| 38.0000 P= S
-
Actorl
59.8944

% 5.0000

Figure 1. A GDELT event between two actors.

Table I. An example of a GDELT dataset event.
FIELDS VALUES
EVENTID AND DATE ATTRIBUTES 266765660, 20130902, 201309, 2013, 2013.6630
ACTOR ATTRIBUTES RUS ST PETERSBURG RUS, SYR SYRIA SYR
EVENT ACTION ATTRIBUTES 1, 036, 036, 03, 1, 4.0, 6, 2, 6, 0.816326530612245
EVENT GEOGRAPHY 4, Petersburg, Sankt-Peterburg, Russia, RS, RS66, 59.8944, 30.2642,

-2996338, 1, Syria, SY, SY, 35, 38, SY, 1, Syria, SY, SY, 35, 38, S

DATA MANAGEMENT FIELDS 20130909, http://www.newkerala.com/news/story/65045/world-

should-respond-if-syria-used-chemical-weapons-ban.html
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1. EVENTID AND DATE ATTRIBUTES. The first few fields represent a unique identifier and
information about the event date (day, month, and year).

2. ACTOR ATTRIBUTES. The next fields describe the two actors. An example of these attributes
is Actor1Code, which is represented by three alphabetic CAMEO-coded letters to describe
the first party of the event. Other fields include Actorl name, ethnic code, religion code, and
others. The same fields are repeated for Actor2 as well.

3. EVENT ACTION ATTRIBUTES. These fields offer the importance or impact of the event. An
example is IsRootEvent, which helps to track the stream or chain of events. Another example is
EventCode, which describes the action that Actorl performed against Actor2. The QuadClass
integer parameter specifies the primary classification of the event type as follows: 1 means
Verbal Cooperation, 2 means Material Cooperation, 3 means Verbal Conflict, and 4 indicates
Material Conflict. The Goldstein Scale numeric coded field describes the theoretical effect of
this event on the stability of a country.

4. EVENT GEOGRAPHY. These are the attributes that georeference the GDELT. Each event
contains a longitude/latitude point. In these fields, Actorl and Actor2 locations are repre-
sented. As mentioned earlier, some of the fields include ActorlGeo_Lat, ActorlGeo_Long,
Actor2Geo_Lat, and Actor2Geo_Long, which represent Actorl latitude, Actorl longitude,
Actor?2 latitude, and Actor2 longitude, respectively.

5. DATA MANAGEMENT FIELDS. The last set of fields provides data management information
for the event. This is useful for database management purposes. DATEADDED is an integer
field that tells when the event was added to the database. Another field is the SOURCEURL
field, which adds the URL of the news source. If multiple news sources are used, only one is
recorded. This field was added to the GDELT collection on April 1, 2013.

3. FRAMEWORK

3.1. Architecture

GISQAF is an extension to SpatialHadoop. Figure 2 shows how it has been built on top of Spatial-
Hadoop. Layer 1 (bottom layer) of this design is the HDFS storage layer. Layer 2 (middle) consists
of the extended SpatialHadoop and Hadoop. The terms SpatialHadoop and Extended SpatialHadoop
will be used interchangeably through the rest of the paper. Layer 3 is responsible for the following:

1. Preprocessing the datasets. Because SpatialHadoop expects shape files as an input, each
data point in the required-to-be-indexed dataset has to be converted to a form of a shape
object depending on the data point geometry type (i.e., Point, Rectangle, or Polygon). In
GDELT, a data point represents a longitude/latitude location so each event is represented as an
EventPoint, which is an extension of the Point shape.

2. Spatial Indexing. Layer 3 communicates with the Extended SpatialHadoop in layer 2 to index
the dataset. The Extended SpatialHadoop communicates with the storage layer (layer 1) to
construct the index and save it in the HDFS.

3. Query Processing. Here, layer 3 interacts with the client to process the queries. Depending
on the query type, the Extended SpatialHadoop is called to deal with spatial queries while
Hadoop is called to handle non-spatial queries and regular MapReduce jobs.

More details are presented in the following sections.

3.2. Global Data of Events, Language, and Tone preprocessing and spatial indexing

The GDELT spatial dataset has to be preprocessed and transformed into a format with which Spa-
tialHadoop can deal. SpatialHadoop is able to index shapes (Points, Rectangles, and Polygons)
and move them to the HDFS storage layer. Following a bottom-up fashion, local indexes are con-
structed first followed by the global index. An event in the GDELT dataset has 58 fields including
the location. Figure 3 depicts this process as follows:
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Figure 3. Global data of events, language, and tone preprocessing and spatial indexing.

1. We extract the longitude/latitude in a way that converts each event to an EventPoint Object that
contains x and y geometry points. In the mean time, this object has to keep all the CAMEO-
coded fields of the event in order to be used in the spatial queries. A PreMaster file is prepared
to be used by the Extended SpatialHadoop for the partitioning phase. Each dataset in the
GDELT collection is represented by a record (one line) in the PreMaster file. This record has
two components: the MBR of all the data points in the file and the file name. A rectangle is
represented by two points, (x1, yl) as the left lower corner and (x2, y2) as the dimensions.
Thus, in the PreMaster file, the MBR’s two points are (—180, —90) and (180, 90), which
considers the longitude and latitude of the whole geographic map area. This step is shown in
lines 1 to 8 in the pseudo code in Algorithm 1. As mentioned in Section 2.2, in some cases
Actor]l may be the sole party of the event. This is why we extract the point of Actorl in
Algorithm 1, line 4. As shown in line 10 in Algorithm 1, the preprocessed GDELT datasets
along with the PreMaster File are saved to the HDFS. This is the non-indexed GDELT shown
in Figure 2.

2. This step partitions the GDELT by dividing it into spatial partitions. This is based on the type
of indexing used (Grid index, R-Tree, or R+—Tree). For clarity, and as an example, Figure 3
shows 16 uniform partitions. Partition 1 or rectangle 1 is represented by the left lower corner
(—180, —90) and dimensions (—90, —45). Partition 2 is represented by (—90, —90) and (0,
—45), and partition 16 is represented by (90, 45) and (180, 90), and so on. This is represented
in line 12 in Algorithm 1.
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Algorithm 1 Preprocessing and Spatial Indexing
1: preparePreMasterFile();
: for each GDELT dataset file do
for each event do
EventPoint <— extractActorlLongitudeLatitude(event);
EventPointRecord < convertToCartesianCoordinates(EventPoint);
updateEvent(EventPointRecord);
end for
end for
/* End Processing all GDELT dataset files */
10: storeNonIndexGDELT();
11: /* Start Spatial Indexing */
12: partitionGDELT();
13: buildLocallndex();
14: buildGloballndex();
15: storeIndexedGDELT();

3. Local indexing is constructed for each partition, prepared in step 2, and sent to HDFS as a 64
MB block. Each local index file has meta data for some blocks and their MBRs. See line 13 in
Algorithm 1.

4. All local indexes are concatenated into one big global index stored in the main memory of the
master node. Basically, each line in the global index file has the partition name along with the
MBR or cell that contains the relative EventPoint shapes. Line 14 in Algorithm 1 depicts this
step.

Building a spatial index is a bottom-up process as local indexes are built first followed by the
global index. On the other hand, querying is a top-down process as the global index is called
first followed by the local index. We will see that in the following section.

Finally, line 15 in Algorithm 1 shows how the indexed GDELT is stored in the HDFS.

3.3. Global Data of Events, Language, and Tone querying

As the system is now aware of spatial data, when submitting the spatial queries to GISQAF, Event-
Point partitions that do not contribute to the final answer will not be examined. As mentioned earlier,
this is performed in a top—down fashion by calling the global index first and then the local indexes.
Figure 4 illustrates the query execution in GISQAF as follows:

1. Framework passes the query along with the MBR filter, which might be of any type of geo-
metric shape (i.e., Point, Rectangle, Circle, or Polygon). In this step also, the framework

Pruning Phase

Query Submitting

Vo

4 Query

Various Types of Queries 1 13 16 3 Execution

(Point, Circle-Area, and MapReduce
Aggregation Queries)

< = 180

Figure 4. Spatial-indexed GDELT query execution.
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distinguishes between spatial and non-spatial queries. In Figure 4, we consider the case of
spatial query. This step is shown in lines 1 through 5 in the pseudo code of Algorithm 2.

Algorithm 2 Query Processing Pseudo Code
1: passQueryAndMBR();
2: if spatialQuery then
3: /* Extended SpatialHadoop Data Handling */
4: getIndexedGDELT();
5: getQueryMBR();
6: BP <« findAppropriatePartitionsUsingGloballndex(); /* Big Partitions */
7
8
9

SB <« findSmallerBlocksUsinglocallndex(BP); /* Smaller Blocks */
: runMapReduceExtendedSpatialHadoop(SB); /* Algorithm 3 */

. else
10: /* Hadoop Query Processing */
11: getNonIndexedGDELT();

12: runMapReduceHadoop();
13: end if

2. According to the MBR of the filter shape passed, step 2 gets only partitions that contribute
to the query result. The global index, which is kept in the master node, is used to determine
the partitions that overlap with the MBR filter. This is performed using SpatialFileSplitter in
SpatialHadoop [19]. For clarity, we assume there are 16 partitions as Figure 4 shows. Partition
numbers 11 and 12 overlap with the query MBR filter (shown as a black box). Accordingly,
only these two partitions are to be picked to be processed. Algorithm 2, line 6 shows this global
index pruning step.

3. Before executing the map function, the local index is utilized to load records using Spa-
tialRecordReader [19]. Map function processes these EventPoints according to the query
requirements. Local index use and MapReduce call are shown in lines 7 and 8 of the pseudo
code of Algorithm 2. GDELT coded field awareness has been injected to the map and reduce
functions to choose the particular fields passed in the query line to get the final results.

4. The results are written back to the HDFS storage layer for the client to view them.

3.4. Query types

From GDELT, extracting and analyzing events that happen in specific regions of the globe are highly
demanded. This helps decision makers implement policies and uncover patterns of social evolution.
For example, selection queries of protest events in specific locations can be mapped to understand
global protest trends [1]. In this study, three types of queries have been implemented as follows. The
first is the spatial selection point query. This query simply selects observations and events that are
associated with any latitude/longitude location. The latitude/longitude location is transformed to be
dealt with as an x-y geometry point. Every GDELT event has particular fields for latitude/longitude
locations that show where the event has taken place. For instance, we might be interested to select
all events happening in the capital of Iraq, Baghdad. Query latitude/longitude parameters would be
33.3335/44.3521. As this is a selection query, map tasks simply emit the selected events and no
reducer is needed.

The second query is a circle-area query which extracts all events in a specific region surrounding
a point of interest. In this query, geometry circle class has been implemented in a similar way
to the SpatialHadoop range query. However, dataset schema has been considered to parse events
in GDELT. Besides, the query region is passed to the framework as X, y, and r, where x and y
are the coordinates of the center of attention and r is the radius of the coverage. For instance, the
center of attention may be the capital of South Sudan, Juba, with the latitude/longitude value of
4.8455/31.5859, and all events around this point with any particular radius. Similar to query 1, no
reducer is needed in this query as well.
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Algorithm 3 Aggregation Count Query Pseudo Code
1. procedure MAP(k, v) /* Input to MAP is SB, Smaller Blocks Records */

2: /* k is the queryMBR Rectangle shape

3: v is the EventPoint shape */

4: groupByClause <— YearMonthQuadClass; /* From EventPoint */

5: Actor1Code <— “CHN”; /* Job Configuration */

6: Actor2Code < “TWN”; /* Job Configuration */

7: if v.isIntersected(k) then

8: if EventActorl.equals(Actor1Code) & EventActor2.equals(Actor2Code) then
9: emit(groupByClause, 1);
10: end if
11: end if

12: end procedure
13: procedure REDUCE(, v)
14: /* k is the group by clause

15: v is the list of counts */
16: for each value in v do
17: count += value;

18: end for

19: emit(k, count);

20: end procedure

Aggregation query is the third type of query we show in the results. In this query, we show a
query of interest when dealing with GDELT data points. We explain this query with an example.
The aggregate function of interest here is to count the number of events between any two actors,
such as China and Taiwan, with the parameters ActorlCode = ‘CHN’ and Actor2Code = “TWN’
and apply ‘group by’ clause for the year, month, and QuadClass of the event. This type of query can
be used to explore evolving situations between two parties [1]. CHN and TWN will be translated
into georeferences to get the MBR in order for the search to be more efficient using spatial filtering
and pruning. Algorithm 3 shows the MapReduce pseudo code for the third query. The map function
key is the MBR (Rectangle shape) of China and Taiwan calculated from the geographic world map.
The map function value is the EventPoint shape, which is basically a GDELT data point that holds
the x-y location and all the CAMEO-coded fields. See lines 1 through 3 in Algorithm 3. Notice
that there is a pruning step before this MapReduce job as explained earlier in lines 6 and 7 of the
pseudo code in Algorithm 2, which shows Smaller Blocks (SB) as the blocks that the map function
will consume. As represented in lines 7 and 8 of Algorithm 3, each EventPoint shape from the SBs
is examined to check if intersected with the MBR shape (query filter). If intersected, then Actorl
and Actor2 are checked to make sure they match China and Taiwan passed by query condition. If
matched, then the EventPoint record count of one is emitted by the map function with the group by
clause as the intermediate key and one as the intermediate value. See line 9 in Algorithm 3. In this
query, the combination of Year, Month, and QuadClass forms the intermediate key. This ensures that
the reducer gets a unique key with a list of ones as the value. After summing up these ones, reduce
emits the group by clause as the final key and the total count as the final value. The reduce function
is shown in lines 13 through 20 in Algorithm 3. Other types of queries are possible but we focused
on these three types in this study as they can be extended to include other query requirements. For
instance, queries can include time as well.

Comparing SpatialHadoop with Hadoop, as we will show in the experiments section, Hadoop
will not work efficiently with such queries as no indexing is being followed.

3.5. Finding co-occurring events approach
3.5.1. Problem statement. To develop marketing strategies, discovering association rules between
purchased items from a large collection of transactions, called market-basket data, was introduced
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Table II. Market-basket transactions.

TID Items

100 MILK, BREAD, EGGS

200 BREAD, PANCAKES, SUGAR, SYRUP
300 BREAD, CEREAL, MILK

400 MILK, BREAD, SUGAR, EGGS

500 SYRUP, MILK, CEREAL, PANCAKES
600 PANCAKES, SYRUP

700  CEREAL, MILK

in [21, 22]. As an example, Table II shows a set of transactions. Each transaction has a set of
purchased items. The idea is to understand customer buying habits by finding association rules that
will predict occurrences of purchased items. Each rule has two parts, an if antecedent and a then
consequent. For instance, from these transactions, the following rules may be generated.

{BREAD, MILK} = {EGGS)}
{PANCAKES} => {SYRUP}
{CEREAL} = {MILK}

The first rule implicates that customers who buy bread and milk tend to buy eggs as well. Notice
that the implication in the previous three rules means co-occurrence and not causality.

To achieve this, Association Rule Mining algorithms find frequent itemsets and extract rules from
these itemsets. Frequent itemsets are the k-itemsets that satisfy a predefined minimum support. From
the previous table, if we take the minimum support as 40%, then { CEREAL, MILK} is one example
of a 2-itemset as it has the support 3/7, which is greater than 40%. Similarly, we can find all the
< 1,2,3,... >-itemsets. From these itemsets, rules that satisfy a certain minimum confidence can
be generated. The confidence of a rule X = Y is defined as the ratio of the number of times items
in Y appear in transactions that contain X to the number of times items in X occur.

For instance, from the frequent 2-itemset { CEREAL, MILK}, the number of times cereal and
milk happen together is 3 and the number of times milk happens is 5. So for the rule { CEREAL}
= {MILK} to be considered, the confidence threshold should be at most 60% or 3/5.

Finding frequent itemsets from a large database is expensive. If we have 100 purchased items,
the number of candidate itemsets is 2!°°, which is very large. Frequent itemset generation requires
efficient algorithms like Apriori [22], which prunes all parent itemsets that have infrequent children
itemsets. For instance, {BREAD, MILK, EGGS} is to be evaluated only if each of the subsets
(parent nodes) has a support that is greater than or equal to minimum support. If {MILK, EGGS} has
a support less than the minimum support, all children nodes of {MILK, EGGS} including { BREAD,
MILK, EGGS} will be pruned. This ensures to reduce the running time complexity tremendously.

In our case, instead of having purchased items, we have geo-spatial political events in the GDELT
dataset. We are interested in generating rules such as {PROTEST} = {VIOLENCE AGAINST
CIVILIANS}, {VIOLENCE AGAINST CIVILIANS} = {MIGRATION}, and {TERRORIST
ATTACKS} = {MIGRATION} and see how they are associated over time around the globe. For
example, the migration of Syrian refugees, due to the civil war, through the European countries
Greece, Macedonia, Serbia, Hungary, Austria, and Germany can be analyzed to generate such asso-
ciated rules. We can pick the month of August 2015 and the MBR of Eastern Europe to extract
meaningful migration patterns. We show how GISQAF is very efficient to handle such tasks. Sim-
ilar to the general rule mining technique described above, finding frequent itemsets (eventsets) is
important to extract meaningful rules. We define frequent events as co-occurring events (i.e., events
located next to each other that happen at a particular time window). Given a large collection of events
like the GDELT dataset, the problem this paper addresses is as follows. From the spatial database
tuples (or events) collection, find all 2, 3,4, ..., c conflicting co-occurring events (frequent item-
sets or eventsets) that happen in a particular geographical region (denoted by MBR) considering a
specific time window and a particular geographical radius.

To generate co-occurring events from big datasets like GDELT, we need to use an efficient spatial-
aware framework. We show how GISQAF is an efficient geospatial framework using this scenario
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as a case study. After finding frequent itemsets, Spatio-Temporal Rule Mining [23] can be used to
generate rules to enable policy makers to develop strategies. The terms co-occurring events and fre-
quent itemsets/eventsets will be used interchangeably in this paper. The problem can be formulated
as follows.

Given

R(t1,t2,t3,...,1,);

S(tl’t25t31"'7tm);

X = {< Ll >, <tttk >, ..., <0, lj,lg,....,Im >};
8;

<

o N

find all co-occurring tuples

C={<titj > <titj,tg > ..., <titjlg, ..., 1c >}.
such that
S C R, and hence m < n;
¢ C x, and hence ¢ < m;
Vt, t € S : t.LatLongPoint € M and t.time € §; ’
V <lg,....lp > € <l ljlk,....le > <lq,...,1p > .radius <r
where

R: Collection of spatial database events in a time window §;
S': Subset of R;

x: All possible candidate itemsets in S;

§: Time window;

M : MBR;

r : Radius;

¢ : Number of frequent itemsets required;

¢ :All2,3,4,...,c-itemsets (co-occurring events);

< t;,t; > : All two co-occurring events;

< t;,tj,tx > : All three co-occurring events;
<ti,tj,lg,...,tc > : All ¢ co-occurring events;
LatLongPoint: Latitude and Longitude of an event.

3.5.2. Example 1. To clarify, we present an example using the GDELT dataset. Given the year
2012 and month of December as the time window é and the MBR M = (36.6723,36.5979,
38.1665,37.1078) as longitudel, latitudel, longitude2, and latitude2, which is located at the bor-
ders of Syria and Turkey, we are interested in finding all 2, 3, 4 co-occurring events within a 5-mile
radius so ¢ = 4 and r = 0.09°, which is equivalent to 5 miles using the Haversine Formula [28] to
convert from miles to longitude/latitude distance. Applying range query produces m = 242 events.
All candidate co-occurring events in y are shown in Figure 5.

The number of all candidate itemsets is 2 = 2242, which gives a very large number. Figure 5
shows how pruning excludes all super sets of < #1,#, > as the two events do not co-occur (not
within a five-mile radius of each other). In this example we set ¢ = 4 to get the subset {. We will
show how the algorithm works in the coming sections. After applying the algorithm to the GDELT
dataset and getting the 242 events, we get 21796 two co-occurring, 356461 three co-occurring, and
9347136 four co-occurring events. As an example, we take one of the 21796 two co-occurring events
< tj,t; >=< Ipg,t199 >. The latitude/longitude values of t,3 and ?;¢9 are 36.6439/37.0875 and
36.7161/37.115, respectively.
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Figure 5. All candidate co-occurring tuples (events) in x.

Algorithm 4 Pseudocode to find Spatial Co-occurring Events

Input:
R: Collection of spatial database events in a time window §;
M : Minimum Bounding Rectangle (MBR);
r: Radius;
¢: Number of frequent itemsets required;

Output: All 2, 3, ..., ¢ co-occurring events.

1: Indexed_R < Geo-Index(R)
2: S <« Extended-Range-Query(Indexed_R, M)
3: for each tuple t; in S do
: CQ = CQ + Circle-Query(t;, r)
5. end for
6: B < Build-Matrix(CQ)
7: ford =3 — cdo

8: ¢ < Find-d-Co-Occurring-Events(B)
9: end for

3.5.3. An approach to find spatial co-occurring events. In this section we show how we find the
spatial co-occurring tuples or events. We use GISQAF to accomplish this task. Algorithm 4 and
Figure 6 explain this process as follows.

1. As Spatial Data requires spatial indexing techniques such as grid index, or R-tree, and for
fast query response (Range Query and Circle Query used in the following steps), using
GISQATF, we first index GDELT events that happened in the time window, denoted earlier as
R(t1, 12,13, ..., ty), to build the geo-spatial indexes as shown in line 1 of Algorithm 4. Besides,
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GDELT Dataset Spatial Indexing Range Query
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Co-occurring Events Binary Matrix
1 0 0
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0 0 1

Figure 6. Co-occurring events block diagram.

Circle Queries

as the problem specifies a Minimum Bounding Rectangle (MBR) region M, geo-indexing
fastens query response by fetching HDFS blocks that contribute to the query result.

2. As the system is now aware of spatial data, when submitting the spatial queries to GISQAF,
partitions that do not contribute to the final answer will not be examined. This step, Algo-
rithm 4, line 2, applies Range Query (Extended SpatialHadoop Range Query to incorporate
GDELT events) where the framework passes the query along with the MBR M filter.
The result is the Database S(¢1,%,13,...,t,) Where S C R. Each tuple #; in S con-
tains the GDELT event ID and the event details. Notice that up to this point and as the
example in Figure 5 shows, all possible co-occurring events (candidate itemsets) y =
{< Libj >, <t tj,tg >, ..., <l tjlk,.lm >} , can be built from S.

3. For each tuple t; € S, we execute a Circle Query (Extended SpatialHadoop MapReduce
Query) to get all the 2 co-occurring events. The query in Algorithm 4, line 4, extracts all
events in a specific region surrounding a point of interest. The query region is passed to the
framework as (x, y, r) where x and y are the coordinates of the center of attention which is
t; and r is the radius of the coverage. Then the Circle Query finds all two co-occurring events,
< t;,1j > where t; represents any tuple that is within the Radius r from 7;. As the number of
Circle Queries is equal to | S|, Extended SpatialHadoop performs much faster than Hadoop as
will be explained later in the Experiments Section.

4. After finding all two co-occurring events, line 6 of Algorithm 4 builds a Binary Matrix B that
contains only zeros and ones. The form of the Binary Matrix B is represented as follows:

by — 1 if <t,t;j > co—occur
g 0 otherwise

Notice that all values in the diagonal of B are ones as each event co-occurs with itself by
default (i.e., < #;,t; > co-occur intuitively). Besides, B is a symmetric matrix around the
diagonal as b;; = bj;.

5. From the binary matrix B, to find { = {< #;,¢; >, < t;,tj, tx >, ..., < i, t;, Ik, ... .lc >}
(lines 7 - 9, Algorithm 4), we define < f;,¢;,%,,...,fg > co-occurring events where 3 <
d < c. For each d, to decide whether < ¢#;,¢;,%.1,...,tg > co-occur or not, we check if
each two events co-occur by examining the binary matrix B. For each < 1,,¢p,...,1; > in
< ti byt by tg >, i bgy = 1,...,ba; = 1,...,bp; = 1,..., then all events in <
ti,tj, g, 1y, ..., 1g > co-occur. If any subset of < #;, ¢}, fx, 1, ..., g > does not co-occur, then
there is no need to continue as definitely there is no co-occurrence for the tuples in < #;,¢;, Ik,
t;,...,tg >. Thus, as discussed earlier in Figure 5, if tuples in a parent node do not co-occur,
then this node and all descendent nodes will be pruned.

The pruning step in our algorithm is different than the one in the Apriori algorithm [22]. In
Apriori, pruning of a node happens if any of its parents has a support lower than a predefined
threshold. Here, the node pruning takes place if events do not co-occur in any of its parents.
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ty

Figure 7. Three co-occurring events.

Lines 1 through 5 in Algorithm 4 present our framework solution to find co-occurring events. The
rest of Algorithm 4 is simply implemented in a single machine as this does not require a distributed
system.

3.5.4. Example 2. In this section, we give an example for finding Spatial Co-occurring Events.
Although this is not the case in practice, for the sake of clarity we assume a small number of
tuples which is m = 6 as the result of the Range Query with M as our MBR. So we have
S(t1,12,13,14,15,16). All events in S happened in Dec 2012 which is our Time Window §. All possi-
ble co-occurring events in S are 2, 3, 4, 5, 6 co-occurring events which gives us y = {< t;,¢; >, <
Lotj,te >, <t tj,tg, ) >, <t tj tg,t,tog >, <l tj tk, 11,10, lm >}. Foreach tuple 1; € S, we
execute the Circle Query to get all 2 co-occurring events and build our Binary Matrix B as follows.

Let us assume that ¢ = 4 as we are interested in finding all 2, 3, 4 co-occurring events so { =
{<ti.tj > <t tj,tx > <t;,1j tg, 1. >}. All 2 co-occurring events < f;,¢; > have been already
obtained in the matrix B. To find all 3 co-occurring events < t;,¢;,# > where 1 < i, j, k < 6, from
B, wecheckif < ;,1; >, < t;,t; >,and < t;,; > co-occur by examining if b;; = b = bj; = 1.
If yes, then #;, ¢, and f; co-occur and we add < #;,¢;, fx > to the frequent eventsets.

Figure 7 shows three co-occurring tuples. Notice that (d; ; < r) is the distance between the two
geospatial events #; and ¢;. Similarly, we find all 4-co-occurring events.

After running the algorithm for this example, the 3 co-occurring events are < fq,t,t3 >, <
t,br,ts >, < ,t3,15 >, < Ip,t3,t5 >, and < ts3,14,t5 >. There is only one 4 co-occurring
event which is < 11,1, 13,15 >. Notice that event 7 is an outlier as it does not co-occur with any
other event.

The summary of this example is as follows. The number of events in the MBR M is 6, the number
of two co-occurring events is 21, the number of triple co-occurring events is 5, and the number of 4
co-occurring events is 1.

4. EXPERIMENTS

In this section we study the performance of GISQAF. We execute queries in two platforms, one
using GISQAF which uses SpatialHadoop, and the other using Hadoop. We show the results when
using a single-node cluster and a multi-node cluster. Both Hadoop and SpatialHadoop clusters
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run Apache Hadoop 1.2.1 and Java 1.6. All experiments have been implemented using internal
university machines. The dataset used is the GDELT dataset explained earlier.

4.1. Experimental setup

Single-node cluster This single machine has a 24GB RAM, HDD of 2.2TB, and a 16 core CPU
of 2.40GHz with Ubuntu 12.04 operating system.

Multi-node cluster The number of nodes in the cluster is nine. All machines are homogeneous.
Every machine has 16GB of RAM, 256GB HDD, and a 4 core CPU of 2.2GHz. The operating
system is CentOS 6.4.

4.2. General results

Table III summarizes the query types, the number of runs for each query in the experiments, and the
query samples. Average running time in seconds will be shown in the following tables and figures.
Hadoop and the Extended SpatialHadoop emit the same query results and number of records. The
terms SpatialHadoop and Extended SpatialHadoop will be used interchangeably in this section. This
section shows the performance, in terms of time, of both the Extended SpatialHadoop and Hadoop
using single-node and multi-node clusters. Table IV gives the average running time in seconds when
processing the GDELT with a fixed 60GB size. In both SpatialHadoop and Hadoop, the multi-node
cluster achieves much better performance than the single-node cluster in all queries. This comes as
a result of the MapReduce distributed query processing. As shown in Table IV, SpatialHadoop is
much faster than Hadoop in all queries whether on a single-node machine or a multi-node cluster.

While SpatialHadoop uses spatial indexing to process only partitions overlapped with the query
MBR filter, Hadoop processes every record in all partitions sequentially which leads to performance
degradation. The pruning function is the extra step that SpatialHadoop processes and the rest of the
map and reduce functions are very similar. Indeed, this is illustrated in more detail in Table V as the
number of MapReduce tasks is shown for the Multi-node cluster experiments. While Hadoop has a
fixed large number of map tasks as it iterates over all records in the GDELT dataset, SpatialHadoop
has fewer number of map tasks as a result of the pruning step. Point and Circle-Area queries are
faster in SpatialHadoop than aggregation query as the latter query involves implementing the group
by functionality to get the final counts which requires a reducer.

In Point and Circle-Area queries, few partitions (rectangles) are chosen as the query MBR is small
(a point and a small radius). This results in a small number of Map tasks. This is why, as shown in
Table IV, the reduction is just 2x when increasing machines by 9x (Single-node and Multi-node).

Table III. Query types.

Query Sample

Query Type No. of runs (Using Extended SpatialHadoop Jar file)
Point Query 5 Select events for a given Point
pointquery input output [long, lat]
Circle-Area Query 5 Select all events surrounding a Point with a given radius
circlequery input output [long, lat, radius]
Aggregation Query 5 Select events aggregate count between two Actors given a specific region

countquery input output actorl actor2 [longl,latl,long2, lat2)

Table IV. Experiments on GDELT dataset.

SpatialHadoop (sec) Hadoop (sec)

Single-node  Multi-node  Single-node  Multi-node

Point Query 20.938 11.744 2459.310 280.226
Circle-Area Query 28.954 12.747 2471.257 288.716
Aggregation Query 344.660 84.327 2118.506 391.511
Copyright © 2015 John Wiley & Sons, Ltd. Softw. Pract. Exper. (2015)
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Table V. Number of tasks for multi-node cluster experi-
ments.

SpatialHadoop Hadoop

Map Reduce Map Reduce

Point Query 3 0 980 0

Circle-Area Query 12 0 980 0

Aggregation Query 199 1 980 1
400 - b
300 - b

Time (Sec)
Do
(=3
(=}
T
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100 - b

|
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Figure 8. Extended SpatialHadoop circle-area query: —m— Single-Node; —e— Multi-Node.
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Figure 9. Point query: —e— Extended SpatialHadoop; —m— Hadoop.

The number of Map tasks are 3 and 12, as shown in Table V, for Point and Circle-Area queries,
respectively. This is why there are 199 Map tasks in Aggregation query as the query MBR covers
both China and Taiwan. The number of Map tasks is proportional to the size of the query MBR. This
is illustrated in Figure 8 where Circle-Area queries have been executed considering different radii
for both SpatialHadoop single-node and multi-node clusters. Here we can see clearly how the multi-
node cluster outperforms the single-node cluster when increasing the radius (i.e., Query MBR). In
Point and circle-area queries, there is no reducer required as the mappers emit the selected events
as the final output. This means there is no reshuffling phase in these two queries. However, the
aggregation query requires a reducer which involves an expensive reshuffling phase where data will
be shipped over the network from mappers to the reducer. One reducer is sufficient as the number of
distinct group by clauses which are the keys to the reducer is just a few hundred. Besides, as a result
of passing China and Taiwan in the aggregation query parameters, the MBR area for this query is
much bigger than the areas of the other queries. We discuss scalability in the coming subsections.

Copyright © 2015 John Wiley & Sons, Ltd. Softw. Pract. Exper. (2015)
DOI: 10.1002/spe



GISQAF

4.3. Point query

In this part, we run the point query considering different sizes of the GDELT dataset to show scal-
ability. In Figures 9, 10, and 11, the x-axis is the file size in GB and the y-axis is the running time
in seconds. Again, as SpatialHadoop is aware of spatial data and uses spatial indexing to prune the
data, it achieves a much better performance than Hadoop as shown in Figure 9. The results show
that SpatialHadoop achieves up to 9%, 16x, 20x, and 30x better performance than Hadoop using
15GB, 30GB, 45GB, and 60GB, respectively. While Hadoop values increase linearly as data grow,
SpatialHadoop values do not. Actually they increase but very slightly. The reason is that when prun-
ing data, the number of selected partitions stays the same even if the size of the data grows. This
lends itself to the fact that the same number of cells is used when indexing. The only thing that
grows is the number of records in each of the selected partitions. Hence, as data size grows, the time
increases unnoticeably (i.e., fraction of seconds). This lets us conclude that SpatialHadoop scales
up very well with data growth.

4.4. Circle-area query

Circle-Area query is very similar to point query when it comes to discussing the results. As Figure 10
shows, the running time is very similar to that in Figure 9 with almost the same performance.
SpatialHadoop achieves a better performance than Hadoop as well.

4.5. Aggregation query

Figure 11 demonstrates aggregation query processing differences between SpatialHadoop and
Hadoop. As mentioned earlier, SpatialHadoop implements data pruning to select related partitions
based on the global and local indexes built beforehand and thus this leads to a better performance

300 - b

200 - *

Time (Sec)

100 |- b

20 30 40 50 60
File Size (GB)

Figure 10. Circle-Area Query: —e— Extended SpatialHadoop; —s— Hadoop.
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Figure 11. Aggregation Count Query: —e— Extended SpatialHadoop; —a— Hadoop.
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Table VI. Results of finding 2, 3, 4 co-occurring events.

Number of events in MBR M 242

Number of < #;,1; > 21796

Number of < #;, 1,1 > 356461

Number of < #;,1j, g, 1] > 9347136

2 co-occurring events execution time (242 Circle Queries)  (GISQAF: 48 min) (Hadoop: 20 hours)
3 and 4 co-occurring events time (using B) 126 sec

than processing all records in all partitions. Different than point and circle-area queries that are
illustrated in Figures 9 and 10, here SpatialHadoop shows a noticeable increase in the running time.
Although the number of partitions selected by SpatialHadoop stays the same even when data grows,
the running time increases and that can be seen clearly. The reason is that aggregation query needs
more time for implementing the count and grouping results by the required fields.

4.6. Co-occurring events

In this section, we discuss the results of finding 2, 3, 4 (¢ = 4) co-occurring events as an implemen-
tation to the example discussed in Section 3.5.2. As shown in Table VI, the number of geospatial
events that are located in the MBR M = (36.6723,36.5979, 38.1665,37.1078) is m = 242.
The table shows the number of two co-occurring events < f;,¢#; >, three co-occurring events
< t;,tj,Ix >, and four co-occurring events < #;,1;,,#; >. Each subset co-occurs in a radius
r = 0.09°.

As mentioned in Section 4.4, to find all two co-occurring events, we execute the Circle Query
against each of the m = 242 events. Each Circle Query takes 12 seconds to execute on average as
shown in Table IV using SpatialHadoop on the multi-node cluster. Table VI shows the time needed
to execute 242 Circle Queries which is less than an hour. Notice that Hadoop will take around 20
hours to execute these Circle Queries. The table shows also the running time for finding 3 and 4
co-occurring events from the Binary Matrix B.

5. RELATED WORK

Existing non-distributed traditional RDBMS applications for querying GDELT have been used for a
while [1, 2]. In [29], a geospatial DBMS approach was used but lacked the ability for efficient spatial
partitioning and boundary check. Besides, those applications experience scalability and performance
issues.

A spatio-temporal indexing structure built on top of a column-family distributed solution has been
suggested in [4] by Fox et al. They present a novel spatio-temporal geohashing index structure run-
ning on Apache Accumulo [30] which is a distributed key-value store based on Google’s BigTable
design. Apache Accumulo is built on top of Apache Hadoop, Zookeeper, and Thrift. However, the
issue with this solution is that it does not support some types of queries like aggregation queries.

Some other scalable NoSQL based solutions such as GeoCouch [31] and neo4j-spatial [32]
have implemented Spatial operations but they only consider limited queries with no support for
data analytics.

Aji et al. presented Hadoop-GIS [33], a MapReduce spatial data warehousing system. Hadoop-
GIS uses a two-level index structure, local and global. It supports various types of queries including
aggregation queries. However, Hadoop-GIS focuses mainly on pathology analytical imaging of
medical data.

SpatialHadoop is a MapReduce framework built on top of Hadoop for processing spatial datasets
efficiently [19]. Similar to Hadoop-GIS, SpatialHadoop exploits a two-level index structure, local
and global. Programs in SpatialHadoop run as in Hadoop MapReduce with the awareness of spatial
operations. It is open source and available for researchers to use and enhance. However, Spatial-
Hadoop considers simple datasets and does not deal with data analytics and some complex queries
like Aggregation Queries.
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This paper presents GISQAF (Geographic Information System Query and Analytics Framework).
The framework customizes and extends SpatialHadoop to index, decode, and query the GDELT
georeferenced dataset and similar datasets. GISQAF extends the work in [20] which does not con-
sider any approach to implement spatial Data Analytics. Therefore, this paper not only considers
the Query Processing (QP), but it also considers the Data Analytics (DA). It addresses extract-
ing geospatial co-occurring tuples (political spatial events) that happen in a particular geographical
region (Minimum Bounding Rectangle) by considering a specific time window and a particular
geographical radius.

6. CONCLUSION

Processing massive spatial data like the Global Data of Events, Language, and Tone (GDELT)
dataset becomes an issue as traditional RDBMS can no longer be used. The MapReduce paradigm
introduces alternatives to deal with big data. Unless the MapReduce framework is well-equipped to
process spatial data, it will not achieve better performances.

In this paper, Geographic Information System Query and Analytics Framework (GISQAF) has
been presented to process queries and implement data analytics for the GDELT dataset. The frame-
work has been built on top of SpatialHadoop which is a Hadoop-extended framework to deal with
spatial data. Experimental results using a single-node cluster and a multi-node nine-machine cluster
show that GDELT query processing with GISQAF achieves up to 30x better performance than the
traditional Hadoop query system.

Incorporating more query types into GISQAF is an avenue of future work. Another avenue is to
make the preprocessing and spatial indexing phase of the queried dataset require less programming
intervention. This will facilitate client interaction with the framework.

In the Data Analytics part, classification and clustering can be explored as well. In addition, more
optimization techniques may be examined. Some infrastructure to perform such optimizations has
been already implemented in GISQAF.

As the GISQAF framework runs in an offline batch processing fashion, it does not consider online
streaming preprocessing and spatial indexing. Incorporating GISQAF into a big data streaming tool
is a promising future work. This will help in online scenarios as the GDELT dataset is generated
on a daily basis. This will require the use of incremental spatial indexing to accommodate the new
generated data without the need to redo the indexing from scratch.

Apache Spark [34] is an open-source streaming distributed framework that utilizes Hadoop for
its distributed file system. Unlike Hadoop, Spark utilizes in-memory cluster computing [35] which
makes it up to 100 times faster than Hadoop MapReduce. Not only does implementing GISQAF
over Spark help in online spatial indexing and query processing, but also with the data analytics part
as Spark incorporates data mining algorithms as well. Spark has been shown to be very efficient for
real-time data analytics [36, 37] where the authors use statistical and clustering techniques for online
anomaly detection. Furthermore, Spark SQL has been implemented in [38] for easier querying.
Incorporating GISQAF into Spark will increase the efficiency of the framework tremendously.
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