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1. INTRODUCTION

Big data processing is one of the most important challenges that tech companies face
nowadays. The ability to quickly manipulate large amounts of data is crucial when it
comes to delivering reliable and innovative solutions in the tech industry. Most of the data
is stored in various databases that provide data structuring solutions which make it easier
to store and preserve the data. Some of the examples of such databases are Hadoop’s
DFS [1] and Amazon S3. In order to be able to manipulate or access the data in those
databases, the Structured Query Language (SQL) was introduced. SQL uses queries to
retrieve the data in a certain database and manipulate it. Many frameworks use SQL for
data processing and analysis such as Apache Spark or Apache Hive.

In this work Apache Spark, Apache Hive and Presto were used. Apache Spark is a
computing framework that is based on Hadoop MapReduce structure [2], it works on a
cluster and processes data sets located there. Hive, on the other hand, is a database,
that comes with its own set of tools, including its own SQL: HiveQL. Presto is yet another
SQL engine, it can be used with a variety of databases, like AWS S3, Hadoop, MongoDB,
etc.

Alluxio, formerly "Tachyon", is a virtual file system, that sits between the storage level
(Hadoop, S3, etc) and the compute level (Spark, Hive, etc). Alluxio is scalable, very
customizable and relatively cheap.

Theoretically, Alluxio should accelerate the querying process significantly by storing the
data in a cache, thus improving performance and reducing querying times.

The goal of the research is to try and set-up 3 SQL engines mentioned above with and
without Alluxio, put tabulated data in a cloud storage, query the data by using these set-
ups and compare the performances. These 3 SQL architectures have been chosen for
their differences and their popularity. We want to see how Alluxio affects different types
of architectures and we would like to test some of the most widely used big data services
available.



In order to achieve that goal, we are going to:

Generate the data to be tested by using the Star Schema Benchmark’s [3] data
generator.

Upload the data to the selected S3 storage.
Query the data by using our SQL engines and observe the results.

Query the data by using our SQL engines coupled with the Alluxio file system and
observe the results.

Compare the results from the previous 2 steps.

Compare the results for Spark with the work done by Rajaram and Haridass [4].



2. THEORETICAL BACKGROUND

2.0.1 SAQL architectures

Much of the data in modern databases is usually stored in some tabulated format. Ac-
cessing and manipulating (querying) that data in an efficient manner is a paramount prob-
lem, which has had many solutions. A vast amount of query languages have been intro-
duced over the years, all of which solve the problem of how to read and write that data.
The complexity of data manipulation, however, has grown as well and tasks have become
much more diverse and nuanced. New platforms have been introduced over the years to
meet the demand in data management.

One such platform is Apache Hive. Hive is built on top of Hadoop [1], a library of software
that revolves around using clusters for processing large sets of data. Hive provides its
own HiveQL language as well as tools for accessing and manipulating data stored in the
underlying storage. One of the signature features of Hadoop is MapReduce technology,
which divides and reassembles the data for better performance and memory usage. Ev-
erything else is managed by the YARN manager. Hive can also be configured to work
with other storage solutions such as Amazon S3.

Another SQL architecture is Apache Spark [2]. Unlike Hive, Spark is a framework built for
analytics and doesn’t have a dedicated underlying storage. It provides many application
program interfaces (APIs) for the following languages: Python, Java R, Scala. It also
supports a variety of QLs and, like Hive, uses MapReduce.

Differences between Spark and Hive can be seen in figure [2.1]
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Figure 2.1. Differences between Spark and Hive

The final SQL engine from our work is Presto [5]. Presto is openly distributed modern
analytical engine, that can be used in combination with a multitude of data sources and
can even query data from multiple databases simultaneously.

2.0.2 Alluxio

Alluxio is a Virtual Distributed File System (VDFS) that is used in data stacks. It can
help achieve several goals, including: global data accessibility for compute frameworks,
in-memory data sharing, high 1/0O performance, efficient use of network bandwidth, and
optimization of the compute and storage architecture [6]. Alluxio provides an extra data
orchestration layer between the compute and storage layers. The schema can be seen
in figure [2.2). Alluxio also gives universal access to the databases in the storage layer,
an APl and a namespace to the compute layer applications. Those applications can
cache the data they access frequently in the Alluxio filesystem. Alluxio also uses tiered
storage, which has access to both the hard drive and SSD. This should allow queries to
be processed significantly faster on the data used frequently by the applications.

The compute layer usually consists on an application that is used to access the data in
the storage layer. Such applications are often SQL engines, such as Spark or Presto, or
databases with their own QLs, such as Hive.

These applications are capable of accessing and manipulating data in the storage layer.
This is mainly done in the form of SQL queries, sets of instructions written in the Stan-
dard Query Language, which are aimed at the files stored in the appropriate tabulated
formats, such as JSON, CVS, Parquet, etc. Depending on the nature of those queries,
as well as the applications themselves, performance can significantly vary from case to
case. Since data processing is of utmost importance in the changing world of technology,
solutions that increase the performance and throughput times of data manipulations are
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in high demand. Thus, Alluxio will likely play a vital role in the future development of cloud
technology.

2.0.3 EMR

In our work we are going to use a pair of Amazon EMR clusters. Generally speaking,
a cluster of computers is a set of machines working together as a unified system. They
usually perform the same job and are used as servers for better performance. This also
allows for distributions of certain responsibilities between them. For instance, cluster-
ing is actively used in cloud computing and data storage. Amazon Web Services (AWS)
provide access to EMR cluster technology, which allows users to create their own clus-
ters and automatically integrate a multitude of different services in them. For instance,
Amazon EMR is available with Apache Hive, Apache Spark and Presto. Users can also
install additional software onto their clusters. EMR automatically configures and tunes its
applications, while also providing flexible options with Amazon Machine Images (AMIs),
scaling databases and installing third-party software.



3. RELATED WORK

According to the research done by Rajaram and Haridass [4], Alluxio does decrease the
execution time of queries on Apache Spark but the total time that is needed for mount-
ing Alluxio with Spark negates some of the time saved by faster query execution. The
research yielded interesting results, revealing that overall Spark alone operates more ef-
ficiently with smaller databases while Spark with a mounted Alluxio file system is much
more efficient for larger databases of JSON and CSV formats since it’s strength lies in
reducing the computation times when dealing with large quantities of data. This work
also presents a benchmark we are going to use for testing Alluxio over Spark.

C. Lawrie also conducted a research [7] that compares the performances of HDFS caching
and Spark caching with Alluxio. This work presents several ways in which Alluxio is a bet-
ter solution than HDFS caching: It has access to tier storage, which provides a tool for
Alluxio to store data in other storage levels instead of memory; it is able to write files
directly into memory; and it is generally faster than HDFS caching.

Alluixo is still being developed and optimized. There are certain areas in which Alluxio
might not be the optimal solution for the data orchestration in the cloud. Moreover, there
are multiple challenges when integrating new data orchestration solutions in hybrid or
multi-cloud environments.

One of the concerns is data security and its impact on the performance of the applications.
Alluxio is no exception and can suffer from memory cache attacks which may result in the
failure of integrity and data security. This can lead to a possibility of severe performance
decrease of normal users with a degradation of 20%-59% according to [8].

One of the works discusses the implications of various caching solutions, mainly Alluxio,
on the throughput and cost performance of various cache architectures by comparing
multiple possible cache to SSD ratios [9]. This shows that cache to SSD ratios have pretty
significant impact on the performance and costs, for instance, the research indicates that
1:7 ratio provides the best highest performance of the system, while the 5:3 ratio allows
for the optimal highest cost performance.

Another research was conducted on Online Analytical Processing (OLAP) with Alluxio by
Chang X. [10]. The experiments were conducted on a Cloud platform due to the virtual-
ization factor. Queries were tested on OLAP with Alluxio with a benchmark designed by



the author. The SQL engines used in this experiment were Hive, Spark and Presto. The
results showed that the read caching did not improve performance significantly for Hive
due to the fact that query execution times there are largely dependent on data access
times. With Spark it depends on the file type, text files are usually unaffected while query-
ing with Parquet files does seem to be faster due to the nature of the reading process.
Presto has shown similar results to Spark. The authors of the paper then proceed to
optimize Alluxio by fixing a bug that was found during the experiment. That has increased
the performance of querying times by about 50%, thus showing that Alluxio is a good
solution for achieving better performance with OLAP and that Alluxio’s block size should
be increased for Text files and reduced for Parquet files.

A paper by Yang CT. [11] describes a research conducted with Ceph Storage and Hadoop
with Alluxio that measures read/write execution times by using Hi-Benchmark testing tool.
The results showed that such a system is a reliable solution and provides high read/write
speed.

Ivanov and Pergolesi [12] measured and compared query execution times on Hive and
Spark by using Hadoop and testing it with the BigBench benchmark while using a 1000GB
set of columnar files. Spark showed the best performance with Parquet files while Hive
has peaked with Optimized Row Columna (ORC) files.



4. RESEARCH METHOD AND INSTALLATION

In this work tests and measurements are divided into two main categories: local tests to
ensure the correctness of the queries and generated database, tests on the cloud with
measured performance. This section covers the research questions, how the research
is going to be conducted alongside with descriptions of the tools used to measure the
results.

4.0.1 Goal and research questions

The goal of this work is to analyze and compare the execution times of SQL queries
using Alluxio on top of 3 different SQL Engines. For that purpose and based on the goal
described above, we have derived the research questions to be the following:

» Main research question: What is the impact of Alluxio on the execution time SQL
queries among the three selected SQL architectures?

— MRAQ.1: What is the difference of the execution time of SQL queries on Apache
Hive on top of Alluxio?

— MRQ.2: What is the difference of the execution time of SQL queries on Apache
Spark on top of Alluxio?

— MRAQ.3: What is the difference of the execution time of SQL queries on Presto
on top of Alluxio?

In our main research question, we aim at analyzing and comparing query execution times
when querying from/to an S3 database using 3 SQL engines (Apache Spark, Apache
HiveQL and Presto) which run with an extra data orchestration level (Alluxio), and the
same set-up but without any caching solutions. As an example, we compare the query
execution time on a Parquet file in S3 by using Presto running on Alluxio and Presto
without any data orchestration. We chose these 3 SQL architectures for their differences
and the different approach that is used in each one of them when handling SQL queries.

Additionally, we discuss briefly the suitability of our benchmark and why it was used in
this particular study. We explore what other benchmarks are available and discuss their
relevance in the context of this project.



The difference in querying times, if observed, is also discussed as well as impact of Alluxio
on the querying times of each individual SQL architecture.

4.0.2 Structure

This project has been designed following the approximate structure of a single node as
was defined and suggested by Rajaram and Haridass [4]. This includes the structure of
the node as well as some ideas for the benchmark used in our project.

The structure of one node is rather simple. It includes a computing SQL engine or an
application that is connected to a Data cache. The node accesses the cloud data storage
and executes queries on it’'s data. This can be simulated by using a Kubernetes cluster
with Docker containers inside each of the worker nodes. In our case, however, we are
primarily interested in how the execution times of the queries are affected by our choice
of the engine and the data orchestration tool. The more software we use and more
complexity we add the project, the lower the credibility of this research will be in the
context of the research questions. Too many factors might be affecting the execution
times and unforeseen data bottlenecks are possible. Thus, the project will conducted in
the following manner:

* Most of the initial set-up is implemented on a local host machine.
« Each SQL engine is tested separately with and without Alluxio.

» One AWS S3 data storage with several Parquet files of different sizes and 2 AWS
EMR clusters with and without Alluxio for easier applications integration.

« Star Schema benchmark consisting of several simple queries is used for every
engine.

Star Schema Benchmark [3] simulates classical warehousing applications. It consists
of 5 tables: LINEORDER, SUPPLIER, PART, CUSTOMER, DWDATE, all of which are
modified versions from the TPC-H benchmark. The Star Schema Bencmark’s structure
can be seen in figure [4.1]

SSB is a rather straightforward benchmarking tool, which offers flexibility and complexity
necessary to perform interesting queries for this experiment. It provides several tables
interconnected with foreign keys, sufficient data variance and a well implemented gener-
ating tool. In addition to that, it was used as the benchmark in the work that we aim to
compare our Spark results to [4]. Our queries are simpler than the ones used in that work
and we used each query once and thus increased performance should be expected.

There are other options for the benchmark available, such as the BigBench benchmark
[13]. BB is a well-known benchmarking tool that is widely used in big data analysis.
It would suit our purposes well but we decided to implement our data by using SSB
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Figure 4.1. The Star Schema Benchmark.

because it gives our research more credibility and allows to compare the outcome of
the experiment with some of the previous works done with SSB.

SSB itself is a derivative from the TPC-H benchmark which in turn was developed from
the TPC-D benchmark [14]. TPC-H is a solid choice when it comes to benchmarking
solutions but SSB provides simplicity and accessibility that are more important for the
work of our scale. In addition to that, SSB shares all the main aspects of TPC-H, while
also providing a reliable benchmarking tool for us to use in this work. The newer version
of TPC-H is TPC-DS. It improves upon its predecessor but has the same drawbacks when
it comes to analyzing our data and comparing it to the results of other authors.

After configuring the benchmark and generating the test files, the experiment takes place
in two phases: local and cloud testing.

In local testing we aim to ensure that the database has been generated and is able to be
queried from the SQL engines we installed locally. Work is done on a Linux machine with
Ubuntu 20.04. It is enough to test the queries on one working engine, we chose to install
Spark first and test the queries on it, since we already have approximate results for Spark
and we know what to expect. We need to generate the test files with the benchmark and
load them into the HDFS. After that we need to test our selected queries against a sample
database in HDFS.

Cloud testing is done by using Amazon S3 storage. Alluxio service from AWS is acquired.
It is automatically distributed to our AWS account. 2 EMR clusters are set-up in order to
provide easier access to Apache Spark, Hive and Presto. One of the clusters is installed
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with the Alluxio service. The queries are then tested by SSH connection to the clusters.

This is the main research of this project.

The structure of our project can be seen in figure [4.2]

G& AWS EMR
Instances

/%)
A2\ ALLUXIO

Spor‘lji\z Presto @ Hive
Intelligent
data tiering

A

Compute-driven
Continuous sync

|
)
El

Figure 4.2. The architecture of the experimental set-up.

4.0.3 Installation

Our data is generated in the form of Parquet tables using the Star Schema Benchmark.

The benchmark can be retrieved from the open source Github repositories. There are

several modified versions of it but they all follow the basic structure used by [3], we sim-

ply need the makefile in order to create the DBgen tool, that creates the tables. The

repository must be cloned first:

git clone https :// github.com/electrum/ssb-dbgen. git

Next we go to the cloned repository and use the make command to create the tool.

After the tool has been successfully created, we can generate the data in the form of tb/

tables. Every table must be created separately using the following commands:

./ dbgen
./ dbgen
./ dbgen
./ dbgen
./ dbgen

scale_factor
scale_factor
scale_factor
scale_factor
scale_factor

-T ¢
-T I
Tp
-T s
-T d

The scale factor is a numerical value in the range [0.01, 1000]. It determines the size
of the generated database. The last argument determines the table to be generated. All

five generated tables will be in the tb/ format and can be transformed to any format we

choose.
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4.0.4 Local installations

For local tests we installed Ubuntu 20.04 on our working machine. In order for our SQL
engines to work, we need to install JDK, Scala and Git dependencies. It is also impor-
tant to install the latest Java version. After that is done, the latest version of Spark is
downloaded, in our case it was 3.1.1. The next step is to extract the archive into a se-
lected Spark locatin. Alongside that install the compatible version of Hadoop, for instance
Hadoop 2.7. Download the archive and extract it to the Hadoop folder. The final stage is
to configure the Spark and Hadoop environments and edit the configuration files so we
could access the Spark and HDFS APIs from our localhost addresses from several differ-
ent ports. After that is done, HDFS files can be accessed from pyspark or scala terminals
by specifying their local addresses.

After that Spark and HDFS should be all set to work.

4.0.5 Cloud installations and EMR

EMR without Alluxio

Our first goal is to set up an Amazon EMR cluster for easier use of Spark, Hive and
Presto. In order to do that, we went to the Amazon EMR service and created a cluster
from there. While setting up the cluster, EMR service automatically offers to install all
3 applications. 1 Master node and 1 Worker node m5.Xlarge are created. Each node
has 4 cores, and each core has 16GB of memory available. This sums up to a total of
128GB. After the installation process, the cluster is almost ready to use. The last step is
to enable SSH connection in order for the cluster to be accessible from local terminals,
which is done from the applications user interfaces settings. In order to open an SSH
tunnel to the Amazon EMR cluster, a program PuTTY is used. PUTTY is an open source
terminal emulator that supports several network protocols, including SSH. Host name
should be retrieved from cluster information and pasted in a local running instance of
PuTTY along with the private key of EC2 file that was used to create the EMR cluster.
After the configuration is complete, launch local terminal through PuTTY.

EMR with Alluxio

The next step is to set-up and EMR cluster with the Alluxuo service. The major difference
with the previous section is to activate the Alluxio AWS service provided by Amazon
before creating the cluster, which is done by navigating AWS website. The cluster set-up
procedure is similar to the previous section. AWS IAM roles need to be created if they
have not been already. Creating default roles should be enough. After that a bootstrap
action must be performed during the installation procedure. Bootstrap actions in AWS
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allow to install additional software to the cluster by running additional scripts. When the
script is specified, cluster is then installed. The necessary script can be found from the
AWS website [15]. The running cluster now has Alluxio service in it. It is useful to verify
that Alluxio is running on the cluster. For this Alluxio has a script called runTests:

$ sudo runuser -1 alluxio -c "/opt/alluxio/bin/alluxio runTests"

Alluxio, if set up correctly, then will show you the result of the tests and tell if the tests
passed. Now all SQL architectures are set up to use Alluxio when querying data.

4.0.6 Data generation and queries

After everything is set up, the data needs to be generated and queries should be tested
locally. Local tests are only needed to verify the appropriateness of queries selected from
the test queries provided by the Star Schema Benchmark([3]. First, the data is generated
by using Star Schema Benchmark’s generator tool. We used the scale factor of 10 to
create a database of an appropriate size for our experiment. The result is a database of
roughly 6.8 GB in size. Hadoop home directory is configured, queries are then written
directly into Scala terminal and processed. Queries for working with SSB can be found
from open-source repositores such as the one from open source database management
system ClickHouse [16]. We selected 12 successful queries. In cloud tests performance
was measured across all 3 engines by running 12 selected queries. The queries are
selected so they could simulate real warehouse working environment while retaining rela-
tive simplicity and diversity. All 12 queries are run on each engine with Alluxio VDFS and
without it and the time to execute each query is measured.

Selected queries can be found from Appendix A.
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5. DATA ANALYSIS

The tests were conducted on the 12 selected queries in both EMR clusters. Each query
was run 20 times and the average execution time for each individual query was mea-
sured. Since we are interested in the overall performance of each SQL engine and not
the individual queries, the averaging method was judged sufficient. It is also expected
that the execution times will not vary as much due to the nature of our installation and the
secure connection to the AWS clusters. There will be no additional load and no simulta-
neous computation present in the cluster. Thus, possible deviations are not expected to
impact the results and the necessary statistical tools, like standard deviation, will not be
necessary. The queries are rerun to simply confirm their average execution time.

The resulting 12 numbers will also then be averaged into 1 number in order to get the
general idea of the SQL engines’ performances. They will be compared against each
other with individual queries as well as the generalized results.

The queries are run on all 3 engines and the time is measured by using Python’s Date-
Time module. The time is normalized there, hence we only have to compare the raw
results obtained from our console.

An example of an SQL query and time measuring can be seen in figure [5.1]

Figure 5.1. Query execution example.
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6. RESULTS

6.0.1 Tests with no VDFS

The results of testing all 3 SQL platforms without Alluxio VDFS are shown in figure [6.1]

Query execution time comparison, no VDFS

g
8

= 7

§ 6

& 5
4 EHive
g mSpark
1 EFresto
0

Query| Query|Query|Query|Query|Query|Query Query|Query | Query| Query|Query
1 2 3 4 5 6 7 8 9 10 " 12
mHive | 942 | 887 1041 |1112/10,14(10,36(10,38 | 8,83 | 9.3 |10,52|10,29 |11.41

mSpark |0,589|7,979)1.889 [1,001]1,196|1.353 /1,262 |1,112| 0,958 |1.441|1436 |1,123
BFresto|0432|5543/1.343 05631344 (0,834 /0,784 | 0,654/ 0533]1,003|0423|0,334

Figure 6.1. Comparison with no Alluxio.

As it can be observed from the results, Hive performed the worst out of all 3 engines,
while Presto outperforms the other two in nearly all cases. This is expected, since Hive
spends most of the time accessing the data. Presto has a very linear straight-forward
architecture, while Spark is composed of a variety of levels, where Spark must do a ton of
management before executing the job. Spark also spends some time managing resources
and negotiating with the cluster manager. This allows Spark to work with more types of
queries while Presto is a more strictly SQL engine.
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Table in figure[6.2]shows the average execution time for each SQL platform with no Alluxio
preinstalled.

Average execution time comparison, no
VVDFS

11
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Average Time Taken
mHive 10,0875
mSpark 1,77828975
mPresto 1,1492

mEHive mSpark mPresto

Figure 6.2. Average execution time with no Alluxio.

6.0.2 Tests with VDFS

It is important to note, that Alluxio needs to read and store the data before it can be
accessed through cache. Thus, the very first query executions on the tables saved in our
S3 storage will perform on roughly the same level as the queries run on top of just SQL
architecture. The queries are thus run one time in order for Alluxio to be able to cache
all the data from S3. We ran a couple of very basic queries such as SELECT * in order
to load the files into Alluxio file system. After that all 12 previously selected queries are
run from each of the API's of SQL engines. We averaged the result from each query in
order to get the general picture of each engine’s performance. Just a simple averaging
operation is enough in our case since we aim at general understanding of each engine’s
performance when integrated with Alluxio and not the nature of each individual query.

The results of testing all 3 SQL platforms with data being cached in Alluxio VDFS are
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shown in figure [6.3)and the average result is shown in figure [6.4]

Query execution time comparison with VDFS
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Figure 6.3. Comparison with Alluxio.

The cloud tests with Alluxio VDFS verify the claim that Alluxio does improve the perfor-
mance of SQL queries done on cached data. As with normal testing, Hive performed the
worst while Presto remained in the lead. This can be explained by the fact that Alluxio
worked closely with Presto and optimized its architecture in order to be compatible with
Presto, and the fact that Presto has a rather straight-forward structure that is easy to work
with. The results for Spark do show the same level of performance increase as in the
work by Rajaram and Haridass [4] for Parquet files. The increase in the performance is
big but gets smaller the smaller the file sizes are and eventually would become irrelevant
as was stated in the mentioned work.
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Here we can see the results for each individual SQL architecture. Thus, we can provide
answers to our research questions.

Main research question 1: The difference in query executions times in our Hive installa-
tions can be seen in figure 6.5

Hive comparison
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m Hive with VDFS

| A EREEEEENR

1 2 3 4 5 6 7 8 9 m 11 12

Queries
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—
=]

Seconds
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Figure 6.5. Hive comparison.

Main research question 2: The difference in query executions times in our Spark installa-
tions can be seen in figure 6.6

Spark comparison
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Figure 6.6. Spark comparison.

Main research question 3: The difference in query executions times in our Presto instal-
lations can be seen in figure [6.7]
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Figure 6.7. Presto comparison.
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7. CONCLUSION

This paper has analyzed the impact of the Virtual Distributed File System Alluxio on the
execution times of SQL queries done by using 3 different SQL architectures: Apache
Hive, Apache Spark and Presto. 12 SQL queries were tested locally and then on the
cloud with application of Alluxio integrated with the 3 SQL architectures. All necessary
applications were installed by using AWS EMR clusters and the data was stored in the
AWS S3 storage. Queries were done by using SSH connection to the clusters.

The results obtained in this work coincide with the expected values and measurements
obtained by other researchers, while also providing some insight on how different archi-
tectures work with extra data orchestration levels applied on top of them. Alluxio archi-
tecture does indeed provide a reliable caching solution when it comes to enhancing the
performance of basic queries on SQL engines. The tests were kept simple in order to
make sure that the impact on the execution times is only dependent on the presence
of Alluxio and not on the structure of the queries, memory capacities or other external
factors.

There is a lot of room for future research in that area. Moving big data to the cloud is a
global trend in the modern technology world and Alluxio can provide a reliable caching
solution to the problem of cloud data storage. This has many implications for companies
that mainly rely on older storage systems like Hadoop to store their data. With Alluxio,
they can achieve much better performance and will be able to stay competitive in the ever
evolving technology market.
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APPENDIX A: QUERIES

Query 1:

SELECT sum(LO_EXTENDEDPRICE * LO_DISCOUNT) AS revenue
FROM lineorder_flat

WHERE toYYYYMM(LO_ORDERDATE) = 199401

AND LO_DISCOUNT BETWEEN 4 AND 6

AND LO_QUANTITY BETWEEN 26 AND 35;

Query 2:

SELECT sum(LO_EXTENDEDPRICE * LO_DISCOUNT) AS revenue
FROM lineorder_flat

WHERE toISOWeek (LO_ORDERDATE) = 6

AND toYear (LO_ORDERDATE) = 1994

AND LO_DISCOUNT BETWEEN 5 AND 7

AND LO_QUANTITY BETWEEN 26 AND 35;
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Query 3:

SELECT sum(LO_REVENUE), toYear (LO_ORDERDATE) AS year, P_BRAND
FROM lineorder_flat

WHERE P_CATEGORY = ’MFGR#12°

AND S_REGION = ’>AMERICA’

GROUP BY year, P_BRAND

ORDER BY year, P_BRAND;

Query 4:

SELECT sum(LO_REVENUE), toYear (LO_ORDERDATE) AS year, P_BRAND
FROM lineorder_flat

WHERE P_BRAND >= °’>MFGR#2221°

AND P_BRAND <= ’MFGR#2228° AND S_REGION = ’ASIA’

GROUP BY year, P_BRAND

ORDER BY year, P_BRAND;

Query 5:

SELECT sum(LO_REVENUE), toYear (LO_ORDERDATE) AS year, P_BRAND
FROM lineorder_flat

WHERE P_BRAND = ’MFGR#2239°

AND S_REGION = °’EUROPE’

GROUP BY year, P_BRAND

ORDER BY year, P_BRAND;

Query 6:

SELECT C_NATION, S_NATION, toYear (LO_ORDERDATE) AS year,
sum (LO_REVENUE) AS revenue

FROM lineorder_flat

WHERE C_REGION = ’ASTA’

AND S_REGION = ’ASIA’

AND year >= 1992

AND year <= 1997

GROUP BY C_NATION, S_NATION, year

ORDER BY year ASC, revenue DESC;
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Query 7:

SELECT C_CITY, S_CITY, toYear (LO_ORDERDATE) AS year,
sum (LO_REVENUE) AS revenue

FROM lineorder_flat

WHERE C_NATION = ’UNITED_,STATES’

AND S_NATION = ’UNITED_STATES”’

AND year >= 1992

AND year <= 1997

GROUP BY C_CITY, S_CITY, year

ORDER BY year ASC, revenue DESC;

Query 8:

SELECT C_CITY, S_CITY, toYear (LO_ORDERDATE) AS year,
sum (LO_REVENUE) AS revenue

FROM lineorder_flat

WHERE (C_CITY = °’UNITED_,KI1’ OR C_CITY = ’UNITED_KI5’)

AND (S_CITY = °’UNITED_KI1’ OR S_CITY = ’UNITED_,KI5?’)

AND year >= 1992

AND year <= 1997

GROUP BY C_CITY, S_CITY, year

ORDER BY year ASC, revenue DESC;

Query 9:

SELECT C_CITY, S_CITY, toYear (LO_ORDERDATE) AS year,
sum (LO_REVENUE) AS revenue

FROM lineorder_flat

WHERE (C_CITY = °UNITED_ KI1’> OR C_CITY = ’UNITED_ KI5’)

AND (S_CITY = °UNITED_KI1’> OR S_CITY = °UNITED_ KI5’)

AND toYYYYMM(LO_ORDERDATE) = 199712

GROUP BY C_CITY, S_CITY, year

ORDER BY year ASC, revenue DESC;



27

Query 10:

SELECT toYear (LO_ORDERDATE) AS year, C_NATION,
sum (LO_REVENUE - LO_SUPPLYCOST) AS profit
FROM lineorder_flat

WHERE C_REGION = ’AMERICA’
AND S_REGION = ’AMERICA’
AND (P_MFGR = °’MFGR#1’ OR P_MFGR = ’MFGR#2’)

GROUP BY year, C_NATION
ORDER BY year ASC, C_NATION ASC;

Query 11:

SELECT toYear (LO_ORDERDATE) AS year, S_NATION, P_CATEGORY,
sum (LO_REVENUE - LO_SUPPLYCOST) AS profit
FROM lineorder_flat

WHERE C_REGION = ’AMERICA’

AND S_REGION = ’AMERICA’

AND (year = 1997 OR year = 1998)

AND (P_MFGR = °’MFGR#1’ OR P_MFGR = ’MFGR#2’)

GROUP BY year, S_NATION, P_CATEGORY
ORDER BY year ASC, S_NATION ASC, P_CATEGORY ASC;

Query 12:

SELECT toYear (LO_ORDERDATE) AS year, S_CITY, P_BRAND,
sum (LO_REVENUE - LO_SUPPLYCOST) AS profit
FROM lineorder_flat

WHERE S_NATION = °UNITED,STATES’
AND (year = 1997 OR year = 1998)
AND P_CATEGORY = °>MFGR#14°

GROUP BY year, S_CITY, P_BRAND
ORDER BY year ASC, S_CITY ASC, P_BRAND ASC;
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