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Abstract

The volume of data that is being generated each day is rising rapidly. There

is a need to analyze this data efficiently and produce results quickly. Data sci-

ence offers a formal methodology for processing and analyzing data. The goal

of processing and analyzing data is to produce actionable insights from this

data. The insight gathered from the data enables individuals and businesses

to make informed and important decisions. Data science involves a work-

flow with multiple stages, such as data collection, data wrangling, statistical

analysis, and machine learning. The first part of this thesis evaluates data

analytics systems that support the data science work-flow by introducing a

data science benchmark, Sanzu.

Further, we believe that data analysts and scientists would want to use a

single system that can perform both data analysis tasks and SQL querying,

without requiring data movement between different systems. Ideally, this

system would have adequate performance, scalability, built-in data analy-

sis functionality, and usability. Currently, relational databases and big data

frameworks are used for SQL querying and complex data analysis respec-
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tively. However, with relational databases, the data must be completely

loaded into the database before performing any analysis, this is increasingly

expensive and unnecessary as the volume of data continues to grow. Also,

the data must be either analyzed in the database using UDFs, which are of-

ten not-optimized or moved to a data science system to be analyzed. On the

other hand, big data frameworks tend to entail steeper learning curves and

require a larger development effort. Therefore, these big data frameworks are

often not the first choice of a data scientist, especially in the early phase of

the data analysis, such as data exploration. The second contribution of this

thesis is DaskDB, a unified data analytics and SQL querying system that we

have developed. DaskDB has similar APIs as a popular Python data science

distribution, Anaconda Python. So, it can be easily integrated with most

existing data science applications that have been developed with Anaconda

Python. Furthermore, in our experimental evaluation, we demonstrate that

DaskDB scales out well and has comparable performance as other big data

systems with similar capabilities.
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Chapter 1

Introduction

The digital information revolution is accelerating the growth of data. Data is

everywhere and a significant part of our daily activities generate data. These

activities include online shopping, browsing and searching, and even offline

tasks like medical checkups at a clinic or check-out at our local grocery stores.

Besides human activities, a large amount of data is generated from machine to

machine (M2M) interaction. However, most of the collected data is raw (that

has not been processed for use). To extract value from the data, it is necessary

to process and analyze the data to enable the creation of actionable insights.

With the recent advances in data collection and storage technologies, data

analysis has become widely accepted as the fourth paradigm of science [38].
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1.1 A Data Science Benchmark

Data science provides formal methods and techniques for processing and an-

alyzing data. Data science is still evolving as a field and it derives skills from

different disciplines, such as math, statistics and computer science. The data

science process is characterized by a workflow with a feedback loop (described

in Section 2.1.1). In this workflow different tasks are pipelined, which resem-

ble the stages in the “big data pipeline” as described in [41]. However, data

science not only includes notions of big data technical challenges, but also

considerations that might arise even with smaller datasets [20].

To derive value from raw data, it needs to be cleaned, analyzed, manipulated,

stored and retrieved. These actions can be performed in different ways.

Historically, data were stored in the database, retrieved when needed and

then operations were performed on it. This can be very useful in many

situations. However, when there are large amounts of data that need to be

analyzed together multiple times, this can result in inefficiencies. Some of

these inefficiencies are due to constantly retrieving and storing data from

the database. The others are due to a lack of support for one or multiple

stages of the data science workflow. To address these challenges, a number

of data systems and frameworks have been developed to analyze data. These

data systems, libraries and platforms, are constantly evolving. The variety

of systems offered by current commercial and open-source data analytics

systems, differ significantly in terms of available features, functionality and
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storage capacity. In computing, the purpose of a benchmark is to run one

or more computer programs to assess the relative performance of an object,

by running a number of standard tests against it [24]. Benchmarks have

been developed to evaluate some of the big data systems ([12, 28, 27, 31,

48, 86]). They focus on either business model queries or more specific tasks

and implementations, such as popular machine learning algorithms, genomics

algorithms and smart grid analytics. However, to our knowledge, there is no

benchmark to evaluate the functionality and performance of the systems for

doing data science. It is unclear what system does this best, because there is

no industry standard for evaluating or comparing the data science systems

that are commonly used for these kinds of analyses.

To address this need, we introduce a data science benchmark called Sanzu.

Our benchmark is intended to serve as a basis for an industry standard bench-

mark for evaluating systems and libraries for doing data science. The bench-

mark includes two components: a micro benchmark and a macro benchmark.

The micro benchmark consists of several task suites that closely follow the

stages in the data science workflow, including data loading, data wrangling,

descriptive and inferential statistical analysis, and machine learning. For in-

stance, Sanzu looks at the capacity for the systems to do simple statistical

tasks, such as filtering and finding the central tendency, to more complex

tasks with machine learning, such as linear regression and K-means cluster-

ing. It also includes time series tasks owing to its importance in different

industries. The intent of the macro benchmark part of Sanzu is to incorpo-
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rate applications that are representative of real-world data science use cases.

To that end, the macro benchmark includes some real-world tasks in the field

of sport analytics, particularly, ice hockey. It also includes a smart grid an-

alytics application, with a focus on demand curves. Sanzu is an open-source

project and the source code is publicly available 1.

We use Sanzu to evaluate five popular data science frameworks and systems.

The five data analytic systems are R [72], Anaconda Python [70], Dask [14],

PostgreSQL (MADlib) [69] and PySpark [83]. The research focus of this

work is on the performance of each individual system in completing each

particular task. The benchmark aims to expose strengths of the systems as

well as particular limitations of each system. The micro benchmark tasks

were first evaluated with a small dataset to ensure consistency of results

across all systems. Then they were tested with three different datasets by

varying the scale factor (SF: 1, 10, and 100, where SF 1=1 million rows) to

evaluate their scalability on a single machine.

1.2 A System for Unified Data Analytics and

SQL Query Processing

Through the process of evaluating data science systems with Sanzu, we found

that some of these systems lack support for specific data science tasks and

most of them do not scale well with larger data sets. These findings led us to

1Sanzu data science benchmark: http://bigdata.cs.unb.ca/projects/sanzu
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think about how we could improve support for functionality, usability, and

scalability for data science tasks within some of the systems. In the context

of big data, the four V’s (volume, variety, veracity, and velocity) are used to

describe the increased complexity and challenges in dealing with the rising

growth of data. Efficiently analyzing data is becoming increasingly difficult,

as these data systems have to ensure scalability as well as provide a wide

range of data analysis functionalities. We believe that there are scopes for

significant improvement, as they lack one or more of the following: usability,

scalability, performance or built-in data analysis capabilities. A data system

must be able to scale out to a cluster of machines and support “big data”

workflows. A data system needs to offer high usability for both novice and

experienced analysts in order to support fast learning and shorter develop-

ment cycles. Typically, usability refers to the ease of use and learnability of

a system, and more formally, it is the ability of the users to achieve predeter-

mined objectives with effectiveness, efficiency, and satisfaction in a quantified

context of use [84]. Further, in the context of data analysis, we believe this

implies that the system has support for one or more popular data analysis

languages, such as Python, R, and SQL. With regards to the built-in capa-

bilities, we believe that it is essential to be able to conduct exploratory data

analysis (EDA) effectively. EDA refers to the process of performing initial

investigations on the data in order to discover patterns, to spot anomalies,

and to test a hypothesis [91]. Typically, this is done by generating summary

statistics and graphical representations. Furthermore, through the process of
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EDA, it is often found that parts of a dataset may be “bad data”, and this

“bad data” needs to be “cleaned” using data wrangling techniques before

the data can be analyzed any further [53]. We believe that a data system

that supports “big” data science tasks should have all of these characteris-

tics: built-in data analytics functionality, scalability and performance, and

usability.

At present, there are two primary categories of systems used for data anal-

ysis. The first category includes dedicated data analytic systems comprised

of language frameworks, such as R, Python, and MATLAB. Usually, these

frameworks offer a wide range of library APIs supported by a large com-

munity. NumPy [61], Pandas [67], and scikit-learn [78] are all packages be-

longing to Python’s data science portfolio. In the second category, there are

database management system (DBMS). Traditionally, a DBMS is utilized for

data management tasks and SQL (a powerful declarative query language) is

used to perform such tasks within DBMS. Since SQL is widely popular,

increasingly data analytics and machine learning applications are being de-

veloped that are SQL-centric. An example of this is the MADlib analytics

library [37] for PostgreSQL database.

However, both language framework and DBMS approaches have some draw-

backs. The drawback with the language framework is that the data must be

retrieved from DBMS into user space, if data resides in DBMS tables, which

can happen in many cases. For large volumes of data, this can impose sig-

nificant overhead. Moreover, unlike server-class machines operating DBMS
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engines, user systems are usually not equipped with large memory capacity

or processing power. Therefore, users are often forced to use smaller data

sets that can comfortably fit inside the user system’s memory.

The drawbacks of the DBMS approach is that typically SQL offers limited

data analysis capabilities, which include join and aggregation. For more

advanced analytics involving statistical analysis and machine learning, the

application developer must either develop new User Defined Function (UDF)

or use an existing UDF. The other possibility is to load the data from the

DBMS into an outside language framework based data analytic system. The

issues with UDFs is that in most DBMS systems the UDFs are not optimized.

Typically the only way to interact with a UDF is through its input parameters

and final output results and this imposes constraints in terms of the number

and data types of its input and output [21]. This results in them being

difficult to debug and to incrementally develop. Hence, many users tend to

use outside language framework based data analytic systems, which inherit

their limitations, as discussed above.

In response to the drawbacks of the two categories of systems for data ana-

lytics, a third category of systems have emerged in recent times. They are

usually classified as “big data systems”. Spark [83] and Hive [89] are prime

examples of these. However, the main drawback with these big data systems

frameworks is that they have complicated APIs and hence entail steeper

learning curves. Thus for the general user, it takes much longer and more

effort to become proficient with these systems, compared to the other two

7



categories of systems that perform data analytics.

The workflow involving executing SQL queries and performing data analytics

on large datasets is where we think most existing systems lack the desired

characteristics mentioned earlier. Given the vast ecosystem of SQL applica-

tions and large user base, we think that having SQL querying capabilities in

a data science platform exposes their analytic potential to a wide variety of

end users. These considerations led us to focus our attention on Dask. Dask

is a system that performed the best on our Sanzu benchmark in terms of

functionality and scalability on a single machine. Dask is a parallel comput-

ing library for analytic computing that extends and supports similar APIs

as popular Python data-science packages NumPy, Pandas, and scikit-learn.

Dask extends the ability of these packages to scale up to larger datasets on

a single machine, as well as scale out to a cluster of machines.

The second part of this thesis presents our system DaskDB, which we de-

veloped. It combines the dedicated analytics functionalities of Dask with

SQL querying capabilities. DaskDB supports all Dask features and enables

SQL querying on raw data in a data science friendly environment, which has

access to all of the packages available within the Anaconda Python ecosys-

tem. We believe that DaskDB addresses the issues that existing data science

systems face when performing SQL querying and data analytics together.

Python and SQL are among the most popular data science languages used

for data science, according to a survey from KDNuggets [43]. Also, we be-

lieve that DaskDB possesses all of the desired attributes (mentioned earlier):
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performance, scalability, usability and built-in functionalities. We perform

an extensive evaluation to show that our system remains competitive against

current state-of-the-art big data systems. We present an evaluation that runs

a subset of the micro benchmark from Sanzu and a subset of queries from

the TPC-H benchmark on a cluster of 4 machines. Finally, we discuss why

we believe that our system has much higher usability than the other current

state-of-the-art big data frameworks with similar capabilities.

1.3 Contributions

The main contributions of this thesis are as follows:

(1) Sanzu: A Data Science Benchmark

• Sanzu is a novel data science benchmark that encapsulates the full

workflow of common data analytic tasks. It includes a micro benchmark

to test individual operations and a macro benchmark to represent real-

world use cases. It is a performance evaluation of five popular data

science systems: R, Anaconda Python, Dask, PostgreSQL (MADlib)

and PySpark.

(2) DaskDB: A Unified Big Data System for Supporting SQL Queries and

Data Analytics.

• We introduce DaskDB, a unified big data system that combines a data

analytic system with SQL querying capabilities. We describe the ap-

proach we take to designing DaskDB and discuss the advantages it

9



has over current big data systems with similar capabilities. Lastly,

we benchmark our solution DaskDB against Spark using TPC-H and

several data science tasks from our Sanzu benchmark.

1.4 Thesis Outline

The rest of the thesis is organized as follows. In Chapter 2, we introduce and

discuss data science, data analytics, big data, and SQL querying and why

they are important. We also introduce the systems we evaluated throughout

our work. In Chapter 3, we discuss benchmarks related to data science

as well as various other approaches that combine SQL querying and data

analytics. We then introduce Sanzu in Chapter 4, we go into detail on the

key features within the benchmark itself, such as the systems we evaluated,

the datasets, the implementation, the experimental setup, the evaluation, and

results. In Chapter 5 we introduce DaskDB and discuss the methodology,

system architecture and evaluate and benchmark DaskDB against Spark. We

finish with a discussion of possible future directions to build on the work, and

a conclusion of the findings in Chapter 6.
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Chapter 2

Background

In this chapter, we define data science and discuss why benchmarks are so

important. Also, we introduce other key data science concepts and aspects.

Lastly, we introduce the systems evaluated and benchmarked throughout our

work.

2.1 Data Science and Data Analytics

Data science is still an evolving field and it provides tools, techniques and

methodologies to turn data into knowledge [18]. Joel Grus has defined a data

scientist as someone who extracts insight from messy data [33].
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Figure 2.1: Data Science Workflow

2.1.1 Data Science Workflow

Data science draws various techniques and skills from different fields, includ-

ing math and statistics, machine learning and computer science. In addition,

a data scientist may possess domain expertise in her own areas. Invariably,

data science tasks follow a series of steps, from data gathering to building

analytical models. The data science process [77] can be conceptualized as a

workflow.

As shown in Figure 2.1, the first step of the workflow is the collection of data.

The second step is data wrangling, which involves loading, cleaning, trans-

forming, and rearranging messy data for easier access and analysis. This

data preparation step is vital for subsequent downstream processing. Ac-

cording to some estimates [62], on average about 50% to 80% of the time in

the data science workflow is spent in data wrangling. The next step is to

apply statistical analysis on the clean data to build explanatory models. The

12



statistical analysis could be descriptive or inferential. Descriptive statistics

quantitatively describe the characteristics of a dataset. Essentially, it is used

to characterize a population. Important descriptive statistical properties in-

clude measures of central tendency and measures of dispersion. Inferential

statistics is used to make generalization about the population based on rep-

resentative subsets of the population called samples. A common approach to

investigate a claim about the population by analyzing samples is hypothesis

testing. The statistical analysis techniques can be used to build explanatory

models. An explanatory model establishes a causal effect from the observed

data. On the other hand, a predictive model is used to predict new observa-

tions and can be constructed by machine learning algorithms. The choice of

a particular machine learning algorithm depends on the type of problem at

hand.

Once there is a model one could communicate our results or build a “data

product”, such as an email spam filter. The data product is usually incor-

porated back into the real world, thus enabling user interaction with that

product. This process helps generate more data, and in turn creates a feed-

back loop. Schutt and O’Neil [77] noted that this feedback loop is a key

distinguishing feature of the data science process.

2.1.2 Why a Data Science Benchmark?

We believe that a benchmark for data science should faithfully follow the data

science process. Reflecting the ground reality, it should contain tasks from
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every step of the workflow (as in Figure2.1). As described in Chapter 3,

there are a few benchmarks that focus on a few domain specific analytics

applications. However, no benchmark exists that captures the data science

process. Given the growing importance of data science, we have developed

our benchmark. We call it “Sanzu”, which is a mythical river of life in

Japanese tradition, to symbolize the workflow in data science.

2.1.3 Data Analytics

Data analytics is the process of examining large and varied data sets to gather

relevant insightful information from the data. Before examining any data, a

system must first deal with the collecting, cleaning and wrangling the data.

First, a system must read it from various data formats and then perform

common data wrangling and cleaning techniques such as sorting, filtering,

merging, aggregating and removing duplicates. After collecting and clean-

ing, data analysis tasks can be performed to derive insights, which include

uncovering hidden patterns, unknown correlations, trends and any other use-

ful information that can help organizations and businesses make informed

decisions. Common categories in analytics are descriptive statistics (cen-

tral tendency, measures as dispersion), distribution and inferential statistics

(correlation, skewness), time series analysis (auto-correlation and exponen-

tial weighted moving average) and machine learning (regression, clustering

and classification algorithms) [93]. Formally, data analytics involves apply-

ing an algorithmic or mechanical process to derive insights. Data analytics
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are used by big companies to make smart, informed decisions. Thus, having

feature-rich data analytic toolkit is an essential part of having a productive

and usable big data system.

2.1.4 Big Data Systems

With the amount of data that needs to be analyzed in this world, “Big Data”

analytics is often necessary to deal with these large amounts of data. Big data

is a term generally used to refer to data sets that are too large or complex for

traditional data-processing systems. The big data systems were developed

to deal with these large and more complex datasets and computation heavy

analysis and algorithms. Thus, more time and effort is required to run,

configure, and use these big data systems and frameworks, which in turn

often requires a much steeper learning curve (lower usability) compared to

the traditional data analytic systems. Typically, these big data frameworks

are able to scale up to a cluster of machine that allows them to perform more

computation heavy queries and query larger amounts of data.

2.1.5 SQL Querying

SQL is a standard going back to the 1970s and is a popular way to get infor-

mation out of relational database systems. The SQL language is written to

retrieve data or otherwise interface with a conventional RDBMS (Relational

Database Management Systems). SQL is widely used in business and in
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other types of database administration. It is the default tool used to create,

alter table data, retrieve data or manipulate an existing data set. SQL has

remained very popular over the years due to its simplicity and power and

continues to remain essential in both academia and industry.

2.2 Systems Evaluated

Next we describe popular data analytics systems that we evaluate in our

work. All of these systems are evaluated by the Sanzu benchmarks. Also,

Spark and our proposed system DaskDB were compared in 5.5.

1. Anaconda: The Anaconda distribution is an open-source platform for

the languages Python and R for data science and machine learning

available on Linux, Windows, and Mac OS. It has over 11 million users

worldwide [70] and it has a simple installation and configuration pro-

cedure that gives the user access to over 1500 data science packages for

Python and R. It allows for easy management of libraries, dependen-

cies and virtual environments with Conda 1. Furthermore, they have

functionalities for machine learning with packages such as scikit-learn

[78] and TensorFlow [88]. Also Anaconda has packages that analyze

data with scalability and performance, such as Dask[14], NumPy [61],

Pandas[67], and Numba. Lastly, it has visualization packages with

1Conda: https://conda.io/
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Matplotlib [52], Bokeh 2, Datashader3, and HoloViews4 . The packages

used throughout this benchmark are Pandas, NumPy, Matplotlib and

scikit-learn. Pandas is a package that provides data structures and

tools for data analysis. NumPy is a package for scientific computing

with Python. With a powerful N-dimensional array object, it supports

linear algebra, and other capabilities. Matplotlib is a Python plotting

library to produce figures and graphs. Scikit-learn is a machine learning

library that is built on NumPy.

2. Dask: Dask [14] is a parallel computing library for analytic comput-

ing and part of the Anaconda Python ecosystem. It is composed of

two components: dynamic task scheduling and “big data” collections

(data structures). This collection includes parallel arrays, dataframes,

and bags (to support unstructured data). Dask extends common data-

science packages Pandas, NumPy and scikit-learn. Dask represents

computation as task graphs with data dependencies and it supports

out-of-core execution. It can be set up and run on a single machine or

on a cluster with 1000s of cores using the extended ‘dask.distributed’

library. ‘Dask.distributed’ [15] is an extension of Dask that is needed to

extend to a cluster of machines. Dask.distributed is necessary compo-

nent implementation of DaskDB. Dask.distributed is composed of three

main components, the client, scheduler, and worker. The client is the

2Bokeh: https://bokeh.pydata.org/
3Datashader: http://datashader.org/
4HoloViews: https://holoviews.org/
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primary entry point for users of Dask. The scheduler coordinates the

actions of all worker processes and the concurrent requests of clients.

The worker has two main functions: to compute tasks as directed by

the scheduler and store and serve computed results for other workers

or clients.

3. PostgreSQL (with Apache MADlib): PostgreSQL [69] is an open-source

object relational database management system. PostgreSQL is accom-

panied by MADlib [37], an in-database machine learning toolkit which

performs statistics and analytics. It provides many SQL-based algo-

rithms for machine learning, data mining and statistics, which run at

scale within a database engine.

4. R: R is a language and environment for statistical computing and

graphics [72]. R has the ability for data handling and storage fa-

cility, data manipulation, statistical analysis, time series analysis, and

machine learning algorithms. R is extensible and includes a wide col-

lection of open-source packages.

5. Spark: We chose to implement Spark using PySpark. PySpark is the

Python API from Apache Spark [83]. Spark is a main-memory dis-

tributed data processing platform. It provides an application program-

ming interface centered on a data structure called the resilient dis-

tributed dataset (RDD). Spark supports data manipulation, statistical

analysis and machine learning analysis. Spark Core is the foundation
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of the overall project. It provides distributed task dispatching, schedul-

ing, and basic I/O functionality. Also, the package SparkSQL provides

the ability to query using SQL Strings.

2.3 Summary

In this chapter, we introduced a definition of data science. We discussed the

importance of benchmarks and introduced several relevant aspects. They

included data analytics, big data systems, and SQL querying. Finally, we

introduced the systems we evaluate throughout our work: Spark, Dask, Ana-

conda, PostgreSQL (MADlib) and R.
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Chapter 3

Related Work

3.1 Introduction

In this chapter, we discuss the current work that is related to Sanzu and

DaskDB respectively. In Section 3.2, we discuss current data science bench-

marks and benchmarks that closely relate to data science. In Section 3.3, we

describe and discuss several systems that combine SQL querying and (big)

data analytics.

3.2 Data Science Benchmarks

To our knowledge, no benchmark exists that can be termed as a data science

benchmark. However, there are several categories of benchmarks that are

related. Relational database benchmarks belong in the first category. In
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the second category are the big data systems benchmarks. Lastly, there

are domain specific analytics benchmarks, these however, tend to focus on

specific tasks, such as smart grid or genomics problems.

3.2.1 Database Benchmarks

There are a number of commercially available and free database benchmarks.

The most well known is the Transaction Processing Performance Council

(TPC) [90]. It is devoted to defining transaction processing and database

benchmarks for diverse workloads. TPC-C is an On-line Transaction Pro-

cessing (OLTP) benchmark to measure transactional throughput. TPC-H is

a decision support benchmark characterized by the execution of complex SQL

queries. Some of these benchmarks have evolved over the years. TPC-DS

is TPC’s latest decision support benchmark with a complex snowflake-like

data model [45].

Besides transactional and decision support workloads, there have been at-

tempts to develop database benchmarks for other kinds of workloads. For

instance, Jackpine [75] is a benchmark to evaluate spatial database perfor-

mance.

3.2.2 Big Data Systems Benchmarks

The growing popularity of big data systems, such as Hadoop [35] and Spark [83],

led to the development of several benchmarks. These benchmarks address
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the different aspects of big data such as the 4 V’s: volume, variety, veracity

and velocity. YCSB [12] is arguably the first among the big data bench-

marks. The focus of this benchmark was to evaluate the performance of

emerging NoSQL data stores and also to compare them against traditional

relational databases. In the original paper, the authors executed three differ-

ent workloads with four different data systems: HBase, Cassandra, PNUTs,

and MySQL. TeraSort (or GraySort) [31] is another well-known benchmark

to be run on commercially available hardware. It is a micro benchmark that

sorts a large number of 100-byte records with the goal of stress testing pro-

cessing, and storage I/O subsystems. BigBench [28] is a popular end-to-end

big data benchmark. It provides a data model and synthetic data generator.

Its data model was adopted from the TPC-DS benchmark, and extended

that with semi-structured and unstructured data components. Recently, a

modified version of BigBench, called BigBench V2 [27], has been introduced.

It includes a new data model and an overhauled workload, that includes

Web-logs modeled as key-value pairs. Perhaps the most recent benchmark is

[5], they evaluate several big data systems using the TPC-H, TPC-DS and

TPCx-BB benchmarks.

3.2.3 Domain Specific Analytics Benchmarks

Mehta et al. [54] evaluated several systems with scientific image data pro-

cessing tasks. The uses cases were from neuroscience and astronomy. The

systems they evaluated were Spark, Myria, Dask, SciDB and TensorFlow.
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In [86] a genomics benchmark, GenBase, was developed to measure systems

performance on data management and data analytics tasks. The systems that

were evaluated were R, PostgreSQL, a commercial column store database,

SciDB, and Hadoop. A benchmark to evaluate common smart grid analytic

tasks was developed by Liu et al. [48].

3.3 Standalone Data Analytic Systems

Next, we discuss well-known systems that perform data analytics, SQL, or

SQL-like queries. We look at dedicated data analytics systems, in-database

analytic systems and big data frameworks.

3.3.1 Dedicated Data Analytics Systems

Dedicated analytic systems are used to perform data analysis tasks and ex-

ecute queries that process the whole dataset or extensive subsets. These

operations are often computation intensive and long-running. Some popular

open-source data analytic systems and tools include, ELKI [76], Orange [16],

and Tupleware [13]. Some popular commercial data analytic systems include

Tableau [85], RapidMiner [40], MATLAB [51] and Sisense [82].

Many dedicated open-source data analytic tools, systems, frameworks, and

environments traditionally use the R ecosystem [72]. More recently, Python

has increased in popularity mostly because of the Anaconda distribution

[70]. The Anaconda distribution contains a multitude of Python and R data
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science and analytics packages. R is a language and environment for data

analytics that provides many packages and libraries for common analyti-

cal tasks such as statistical computing, visualization, and machine learning.

Python also has many data analytics libraries such as Pandas [67], SciPy [79],

Matplotlib [52], and scikit-learn[78], these libraries are also readily available

through the Anaconda distribution. These libraries provide machine learn-

ing, data visualization, scientific computing to this ecosystem. These systems

are readily available, are easy to learn and have a lot of documentation. For

these reasons, they are heavily used among data scientist for data analytics,

and implementations of new algorithms are often integrated. Furthermore,

these libraries also offer single-threaded and multi-core computation. R has

a package ‘parallel’1 and Python has several packages that offer parallel com-

putation support including Dask [14]. Further discussion in 5.2.1 explains

how data analytic systems typically fall short in terms of scalability.

3.3.2 Big Data Analytic Frameworks

Big data frameworks were initially introduced to handle one or more of the

4Vs (volume, variety, velocity, veracity) of ‘big data’. These frameworks

typically are cluster-computing frameworks and have scale-up and scale-out

capabilities. Programming interfaces like Java, SQL (or a SQL-like declara-

tive language like Pig2), Python, Scala, and R are supported depending on

1https://stat.ethz.ch/R-manual/R-devel/library/parallel/doc/parallel.pdf
2https://pig.apache.org/
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the framework. The frameworks allow for the programming of entire clusters

with data parallelism and fault tolerance. The most well-known big data

framework is Spark [94]. Spark supports SQL like queries with SparkSQL

[6] and machine learning with MLlib [55]. Some other well-known big data

frameworks include Hadoop [35], Hive [89], HBase [36] and Storm [1]. Some

drawbacks of big data frameworks include more complicated development

and steeper learning curve than most other analytics systems and the diffi-

culty in integration with SQL based applications (DBMS). Further discussion

about these issues is in Section 5.2.3.

3.3.3 In-Database Analytics

If data is already loaded in a DBMS, they would likely need to be moved back

and forth between external analytics environments and the DBMS, resulting

in considerable inefficiencies and performance overheads. The performance

becomes increasingly worse as the datasets grow due to the I/O constraints.

Thus, an increasing number of the major databases now include data science

and machine learning analytic tools. Most modern DBMSs have data analyt-

ics capabilities and functionalities. They include PostgreSQL (MADlib) [69],

MySQL [57], Oracle Database [64], and SAP HANA [26]. There have also

been parallel databases developed such as Pivotal Greenplum [32] derived

from PostgreSQL and Amazon Redshift derived from MySQL [34]. While

modern DBMSs do incorporate analytical components, interacting with a

DBMS to implement analytics can be troublesome [25]. The end user requires
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the knowledge of database specific languages such as SQL. Even though the

SQL is a mature technology, database languages are not rich enough to be

suitable for extensive data analysis. The drawback of most modern DBMS

solutions is that they typically use UDF (User Defined Functions) to support

analytics functionalities. A database system treat a UDF as a black box be-

cause no optimization can be performed on it, as it may execute any external

code written in R, Python, C, C++, Java or T-SQL code.

There have been several in-database analytics solutions over the years, both

open-source and commercial. One of the most popular open-source in-database

analytic systems is Apache MADlib [37]. MADlib is an in-database machine

learning toolkit supported by PostgreSQL and Greenplum, which performs

statistical and analytics tasks. It provides many SQL-based algorithms for

machine learning, data mining, and statistics, and runs within a database en-

gine. It provides support for analytical algorithms as user-defined functions

(UDF) written in C++ and Python that are called from SQL queries. Other

academic efforts include MauveDB [17], which integrates regression models

into a RDBMS and [23], which integrates and supports in-RDBMS analytics

and integrates and supports least squares regression models.

As for commercial databases, Microsoft SQL Server [56] has machine learn-

ing services, predictive analytics, and data science engine that can execute R

and Python code within a SQL Server database as stored procedures. SAP

HANA [22] offers multi-threaded C++ implementations of analytical algo-

rithms with an extension to a predictive analytics library [26]. SAP HANA
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uses UDFs to perform this functionality with parallel execution along with

relational operators. IBM DB2 warehouse formerly DashDB [47], allows for

optimizations for parallel execution of relational operators and UDFs. Lastly,

Alteryx 3 and tableau 4 are business analytics solutions, in-database analytics

also and uses well-known in database query compiler of Hyper [60].

Even with all these optimizations and progress made to increase functional-

ity and performance, the same issue still persists in DBMS. They have the

constraint of ETL (extract, transform, load). The data must be completely

loaded into the database to run any analysis. ETL is a time-consuming

process and is not necessary in a growing number of cases. This is further

discussed in Section 5.2.2.

3.4 Integrating, Data Analytics, DBMS and

Big Data Frameworks

There have been several attempts at creating more efficient systems that

perform data analytics and run SQL and SQL-like queries. These solutions

take vastly different approaches, but generally combine two or more of either

dedicated data analytic systems, DBMS or big data frameworks.

3https://www.alteryx.com/
4https://www.tableau.com/
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3.4.1 Database Connectors

Database connectors are typically packages or libraries that integrate data

analytics or big data framework systems directly into the database. Some ex-

amples include RIOT-DB [95], a system that makes R programs I/O-efficient

and uses a database system as a backend. Others include PostgreSQL with

RPostgreSQL 5 and Oracle with RORACLE 6. Others integrate with Spark

ecosystems, such as Oracle (OTA4H) and IBM DB2 [47]. IBM DB2 also

connects with the Python interface via ibmdbpy7 library, for database ad-

ministration and data analytics and uses data analytics library Pandas and

machine learning library scikit-learn. Lastly, [42] is a big SQL system that

supports UDFs and any big machine learning system that can support the

Hadoop InputFormat 8. The disadvantage of the “database connectors” sys-

tems is ETL, as the data needs to be loaded into a database and this can be

a waste of resources depending on the workflow.

3.4.2 Directly Integrated

The “directly integrated” solutions integrate two or more system types to-

gether into one system. AIDA [21] integrates the Python client directly to

use the DBMS memory space, eliminating the bottleneck of transferring data.

5https://cran.r-project.org/web/packages/RPostgreSQL/RPostgreSQL.pdf
6https://rdrr.io/cran/ROracle/
7https://pypi.org/project/ibmdbpy/
8Hadoop InputFormat: https://hadoop.apache.org/docs/r2.7.5/api/org/apache/

hadoop/mapreduce/InputFormat.html
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In [44] the authors present a prototype system that integrates a columnar

relational database (MonetDB) 9 and R together using a same-process zero-

copy data sharing mechanism. Lastly, in [50] they attempt to combine R,

MapReduce (a well-known big data framework), and DBMS technologies to

try to take advantage of each individual system. Again, the drawback of the

“directly integrated” systems is ETL, since the data needs to be loaded into

a database and this can be a waste of resources depending on the workflow.

3.4.3 Cross-Platform Data Processing

In cross-platform data processing, front-end frameworks are decoupled from

the back-end execution engines, which allow workflows to be written once and

mapped to many different systems. In Musketeer [29] different systems can

be combined within a workflow and existing workflows seamlessly ported to

new execution engines. In RHEEM [4] there is a cost-based optimizer in the

executor to find the most efficient platform for specific tasks. Cross-platform

solutions are still in the infancy as they only show a few use cases. These

are not viable options in practice at this stage for EDA (exploratory data

analysis). They still need to address several issues such as inter-platform

communications and fault tolerance while moving data across platforms.

9MonetDB: https://www.monetdb.org/
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3.4.4 Middleware and Polystore Systems

Middleware and Polystore systems expose multiple storage engines through a

single middle interface, which allow the system to pick which engine performs

best on specified workflow. BigDawg [63] middleware chooses the best engine

for each subquery and optimizes the joins. In [49] they propose a polystore

that relies on query augmentation, and a data manipulation operator, it

allows results to be stored locally with related data stored on the polystore.

The constraint of the “polystore” systems is ETL, the data needs to be loaded

into a database(s) to do any sort of EDA, which is a waste of resources.

3.4.5 In-Memory Optimizations

These solutions aim to improve performance by optimizing the workloads

in-memory on single machines. Level-Headed [3] is an in-memory query pro-

cessing engine that compromises between relational and statistical systems,

by unifying their query workloads. It uses a novel (Worst-Case Optimal Join)

WCOJ query architecture. Weld [65, 66] and Tupleware [13] use a common

intermediate representation to combine SQL, data analytics, machine learn-

ing, and graph analytics into one workload. Weld can be integrated incre-

mentally into existing frameworks like TensorFlow, Apache Spark, NumPy

and Pandas without changing their APIs. These systems focus more on

optimized code that runs on the applications in-memory data.
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3.4.6 DBMS Query Plan Optimizers (Optimizing UDFs

in Query Plan)

These solutions aim to optimize the UDFs by converting them into relational

operators so that the optimizations already present in the DBMS compiler

can optimize the UDFs. In both, [68] and Froid [73] the authors use re-

lational main-memory database systems and they are capable of executing

analytical algorithms by adding a new operator in which the UDFs can be

optimized by the DBMS in their query execution plan. In Froid, they focus

their optimizations on scalar UDFs and in [68] they extend with optimizing

predictive analytics algorithms such as PageRank, KMeans and Naive Bayes.

3.4.7 DBMS SQL Query Code Generation

In these solutions, they convert SQL into executable code. LegoBase [80]

is a query engine written in Scala. It first converts SQL statements into

Scala code and then compiles it into low-level C code. SimSQL [10] compiles

SQL queries into Java code that run on top of Hadoop. Nagel et al. [58]

integrate database queries with a Language Integrated Query (LINQ) 10 to

convert SQL and LINQ code into C and C# code. SimSQL and LegoBase are

systems that focus on running SQL queries and do not consider other aspects

of data analytics such as machine learning. The Q*cert [8] platform includes

some support for SQL and OQL, and for code generation to Java, Spark and

10https://docs.microsoft.com/en-us/dotnet/csharp/programming-
guide/concepts/linq/
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Cloudant. Q*cert is not integrated with any big data system, but the idea

is similar to the code generation component of DaskDB called DaskPlanner,

explained in Section 5.3.2. None of these code generations system are viable

solutions to do a full data analytic workload or EDA.

3.4.8 Creating a New Big Data Framework

The Myria [92] stack is a big data framework for big data management and

analytics created from scratch. It was built to test novel database research

ideas. It was created because they wanted the freedom to decide on all com-

ponents of the systems design rather than extend other big data systems such

as Hadoop [35] or Spark [94]. In our system DaskDB, we extended Myria’s

Relational Algebra compiler (RACO). It was used to create an initial phys-

ical plan, described in detail in Section 5.3.2. Myria has recently concluded

development and it is not as mature compared to other big data frameworks.

3.4.9 Other Implementations

MLOG [46] program is similar to a SQL program but it extends relational

algebra relations to linear algebra over tensors 11. MLOG supports machine

learning models that are not currently available with in-database analytics

systems and can read directly from a file. However, MLOG is in its initial

stages and is not currently implemented in any DBMS.

11https://www.tensorflow.org/guide/tensors
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3.4.10 Why these Solutions Fall Short

In the following section, we discuss the limitations of existing systems that

attempt to unify SQL-querying and data analytic systems. The systems

described in the Sections 3.4.1, 3.4.2, 3.4.4, and 3.4.6, all store data in DBMS,

and so their main constraint is ETL. The data needs to be loaded into a

database(s) to do any kind of EDA, which is a wasteful and time-consuming

step in EDA, as the analyst usually does not know in advance how much or

if any data is not useful. The systems mentioned in Sections 3.4.3, and 3.4.9

are still in their infancy and lack EDA functionality to make them viable

options. The systems described in Section 3.4.7 also lack EDA capabilities,

while Myria big data framework, mentioned in Section 3.4.8, is no longer in

development.

3.5 Summary

In this chapter, we presented different benchmarks related to data science,

described popular systems that perform analytics and SQL querying, and

explored various systems that unify and improve SQL querying and data

analytics. We then discuss the most popular dedicated analytic systems, big

data framework, and DBMS, that perform data analytics.
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Chapter 4

Sanzu: A Data Science

Benchmark

4.1 Introduction

This chapter introduces and describes our data science benchmark called

Sanzu [93]. This benchmark contains two components: a micro benchmark

and a macro benchmark. With Sanzu, we evaluate five popular data sci-

ence frameworks and systems. We test the performance of each individual

system completing each particular task. The micro benchmark tested three

different datasets by varying the scale factor (SF: 1, 10, and 100, where SF

1=1 million rows). The macro benchmark tested two representative tasks

in the industry with smart grid and sports analytics. We discuss the imple-

mentation overview and challenges, as well as the experimental setup. The
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Table 4.1: Software configuration

Software Version Language Key libraries

Anaconda 4.4.0 Python
Pandas, NumPy,
Matplotlib, scikit

Dask 0.15.1 Python
PySpark 2.11 Python
PostgreSQL 9.6 SQL MADlib
R 3.4.1 R

benchmark results and discussion examines performance in terms of running

time and scalability.

4.2 Systems Evaluated

The five analytics systems that we have evaluated are all publicly available

open-source software. The software version, programming language and key

libraries of these systems are shown in Table 4.1. We chose these five analytic

systems because we believe that they are a good representation of current

state-of-the-art tools used in data science. Moreover, they were used in other

benchmarks mentioned in Chapter 3. PostgreSQL is a popular relational

database with support for machine learning in SQL (MADlib) and it has

been used by other benchmarks such as ([48] [75], [86]). R is one of the most

popular statistical computing libraries and is also used in other benchmarks

[86]. Anaconda is the most popular Python-based data science platform. The

libraries we used from Anaconda in Sanzu were Pandas, NumPy, Matplotlib

and scikit-learn. Dask extends Anaconda and adds support for out-of-core
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execution and parallelism to some of the libraries within Anaconda. Dask

was used in the benchmark in [54]. Spark is one of the leading candidates

among the big data systems with its distributed data processing framework

and it was used in a few benchmarks ([27], [48], [54]).

4.3 The Benchmark

Our benchmark, Sanzu, consists of two different components: a micro bench-

mark and a macro benchmark. The micro benchmark consists of several task

suites, which involve data wrangling, statistical, time series and machine

learning analyses. The macro benchmark contains two applications that are

modelled after real-world use cases.

4.3.1 Micro Benchmark

The micro benchmark is intended to test the basic tasks across multiple

data analytics systems. These tasks are common and are used everyday in

solving real-world and industry problems. They are modeled after the data

science workflow (in Section 2.1.1). The micro benchmark consists of 6 task

suites: basic file I/O, data wrangling, descriptive statistics, distribution and

inferential statistics, time series analysis and machine learning. Each suite

represents a different stage in the data science workflow. Each suite includes

a number of tasks. Usually, some of the operations involving statistical dis-

tribution, such as correlation and skew, are considered as part of descriptive
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Table 4.2: Micro benchmark tasks and feature matrix (NF=no built-in func-
tionality)

Operation TaskId Description
Support in the evaluated systems
Ana-
conda

Dask
Postgre-
SQL

PySpark R

Basic File I/O
Read read Read from data1 Y Y Y Y Y
Write write Write data1 to a CSV file Y Y Y Y Y
Data Wrangling

Sorting sort
Sort data based on the column
uni in data1

Y Y Y Y Y

Filtering filter
Filter the column rand1 of data1,
if smaller than a given value

Y Y Y Y Y

Merging merge
Merge on column rand1
from both data1 and data2

Y Y Y Y Y

GroupBy groupby Group by column city in data1 Y Y Y Y Y

Removing Duplicates remdup
Remove duplicates from
column words in data1

Y Y Y Y Y

Descriptive Statistics

Central Tendency centend
Find the mean of uni, mode of rand1
and median of rand2 in data1

Y Y Y Y Y

Measure of dispersion dispers
Finds the range of exp and standard
deviation of uni column in data1

Y Y Y Y Y

Rank rank
Add a new column based on
rank of column uni in data1

Y NF Y Y Y

Outliers outlier
Remove the outliers of column
exp in data1

Y Y Y Y Y

Scatter Plot scatter
Draw the scatterplot based
on column uni and nor in data1

Y Y NF NF Y

Distribution and Inferential Statistics
Probability Density
Function (PDF)

pdf
Find the Pdf of the data series
on column rand1

Y Y NF Y Y

Skewness skew
Calculate the skewness of
the data1 series on column rand2

Y NF Y Y Y

Correlation corr
Calculate the correlation between
uni and exp columns in data1

Y Y Y Y Y

Hypothesis Testing hypo Hypothesis testing (shuffling method) Y Y Y NF Y
Time Series
Exponentially-weighted
moving average (EWMA)

ewma
Find the exponentially-weighted
moving average on column rand1

Y NF NF NF Y

Autocorrelation autocorr
Find the autocorrelation of the
nor column in data1 time-series

Y Y NF NF Y

Machine Learning

Linear Regression linreg
Linear Regression between columns
rand1 and rand2 in data1

Y Y Y Y Y

Clustering kmeans
K-means Clustering with two clusters
between columns rand1 and rand2

Y Y Y Y Y

Classification naivebayes
Naive Bayes (rand1 as the target and
rand2 and uni in data1 as features)

Y Y Y Y Y
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statistics. But we put them under the task suite distribution and inferential

statistics, to have a sizable number of tasks in that suite. Ideally, these tasks

should be based on built-in functions or should have simple implementation

in each of the systems. We implemented the tasks using built in functional-

ity when available. However, in some cases this was not possible. The tasks

included in the micro benchmark are summarized in Table 4.2. The table

also indicates the level of support for these tasks in each data system.

4.3.1.1 Micro Benchmark Task Suites

• Basic File I/O: An important goal of the micro benchmark is to

demonstrate weaknesses and strengths on a specific task for each of the

systems. File I/O operations are the basic tasks that are necessary to do

any data analysis. In our benchmark reading and writing operations are

performed with CSV files. This file format was chosen for consistency,

because each data system has the ability to read and write from CSV.

• Data Wrangling: The data wrangling tasks are: sorting, filtering,

merging, groupby and removing duplicates. All the five data systems

provide built-in functionality to implement all of these tasks.

• Descriptive Statistics: The descriptive statistical analysis tasks are:

finding central tendency, finding measures of dispersion, ranking, elim-

inating outliers and plotting a scatter plot. However, the outcome of

breaking ties in sorting is different depending on the default data sys-
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tem. Dask does not have the functionality to rank a column based on

value. For plotting tasks, Dask, Anaconda (Matplotlib) and R have

the built-in support for plotting.

• Distribution and Inferential Statistics: All the systems are able to

calculate correlation. However, when it comes to estimating the PDF

(probability density function), hypothesis testing and skewness some

of the systems do not have the functionality. The PDF is calculated

using the kernel density estimator. The PostgreSQL (MADlib) does

not have any available functionality for PDF. Dask has a rolling skew

function, but the max window size is the size of a partition, which is

smaller than one million. In our experiments, PySpark did not support

efficient hypothesis testing for datasets with over one million rows.

• Time Series: Time series is a sequence of data points indexed by

time order. The two tasks in this suite are autocorrelation and EWMA

(exponential weighted moving average). Anaconda, Dask and R have

built-in functionality to calculate autocorrelation. PostgreSQL or MADlib

does not have either feature built-in and we have not found an effi-

cient user defined function (UDF). Dask has built-in functionality for

autocorrelation, but not for EWMA. PySpark does not have built-in

functionality for either of the time series tasks.

• Machine Learning: The machine learning tasks are: linear regres-

sion, K-means Clustering and Naive Bayes Classification. All the the
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systems or libraries used by the systems have built-in functionality to

complete these tasks. Dask and Anaconda use the same library scikit-

learn, PostgreSQL use MADlib, whereas, R and PySpark have built-in

functionality in the library.

4.3.1.2 Data Model for the Micro Benchmark

We created a synthetic dataset generator that can generate data tables (as

text files) with different scale factors. As shown in Table 4.3, each dataset

consists two data tables: data1 and data2. For a given scale factor, both

the data tables contain the same number of rows. For instance, with scale

factor (SF) 1, each data table has 1 million rows and with SF 100, each has

100 million rows. Three different scale factors were used for the scalability

experiments: SF 1, 10, and 100.

The schema and the number of columns of data1 and data2 differ. Ta-

ble data1 contains one time series, two string, two integer and three float

columns. The time series column is sequential and starts at the year 1970

and the time interval between each row shrinks as the scale factor grows.

One string column values are chosen uniformly from a list of 1,000 elements

and the other string column values are chosen from a Zipf distribution of

a list of 100,000 elements. One integer column values are randomly chosen

between 0 and 1,000,000 and the other between 0 and 231. The values of the

three float columns are selected from a normal distribution, an exponential

distribution and a uniform distribution respectively.

40



Table 4.3: Micro benchmark dataset: cardinality for various scaling factors
(Mil.=Million)

Data
table

Scale factor
1 10 100
Rows
(Mil.)

Size
(MB)

Rows
(Mil.)

Size
(MB)

Rows
(Mil.)

Size
(GB)

data1 1 92.6 10 926.3 100 9.3
data2 1 43.9 10 438.9 100 4.4

Table 4.4: Macro benchmark dataset (K=thousand)

Data table
Rows
(K)

Size
(MB)

Benchmark
application

weather 35,064 0.863
Smart Grid Analytics -
Demand Forecast

consumption 35,064 0.875
Smart Grid Analytics -
Demand Forecast

hockey stats 888 1.2
Sports Analytics -
Corsi in Ice Hockey

Table data2 contains one string, one integer and two float columns. The

string column values are chosen from a uniform distribution from a list of

1000 strings, the integer column values are randomly distributed between 0 to

1,000,000 and the float columns values are selected from a normal distribution

and a uniform distribution between 0 and 231.

4.3.2 Macro Benchmark

With the rapidly rising volume of data, the importance of data science is

growing in many application domains. The goal of our macro benchmark is to

model some of these applications and assess the performance of the evaluated

data systems with each. In our macro benchmark we have included two real-
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world applications. Each application consists of a series of data science tasks

that are executed in sequence. Table 4.5 summarizes these applications and

which data systems have support for which tasks from these application. In

the next section, we briefly describe each application.

4.3.2.1 Macro Benchmark Applications

• Smart Grid Analytics - Demand Prediction: The demand predic-

tion application focuses on predicting power consumption over a year

for a particular substation based on the HDD (heating degree day) and

CDD (cooling degree day) curves. The tasks for the demand predic-

tion are: reading data from multiple CSV files, create 5 minute time

series intervals from 2013 to 2016, merge all the data, add two separate

columns, filter the data based on two values, predict the consumption

for the years and correlate the real results with the predicted results.

• Sport Analytics - Corsi in Ice Hockey: The hockey analytics

application focuses on calculating well-known and used statistics called

Corsi and Fenwick. These are used to calculate the player effectiveness

while on the ice. The tasks of finding Corsi and Fenwick are reading the

data from a CSV, calculate Corsi, as well as Fenwick, based on several

statistics, split the players based on position and group the players by

team’s so one could evaluate each team puck possession skills.
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4.3.2.2 Data Model for Macro Benchmark

The details of the datasets in the macro benchmark are shown in Table 4.4.

The data used for the smart grid demand prediction came from two sources:

historical weather data for New Brunswick from Environment Canada [30],

and historical New Brunswick power demand from NB Power [59]. The data

used for the sports analytics came from the hockey analytic database [39].

Table 4.5: Macro benchmark tasks and feature matrix

Operation TaskId Description
Support in the evaluated systems

Anaconda Dask
Postgre-
SQL

PySpark R

Smart Grid Analytics - Demand Prediction
Reading table data reading Read data from CSV files Y Y Y Y Y
Create data create Create five minute time series data Y Y Y Y Y
Join
tables

merge
Join consumption and weather
tables on time columns

Y Y Y Y Y

Added HDD
Heating Degree Day

addcol
Calculated heating degree day from
outside temperature

Y Y Y Y Y

Filter filter
filter on columns HDD
and on the hour of the day

Y Y Y Y Y

Find curves 2linereg
Use linear regression to find heating and
cooling curve from HDD and consumption

Y Y Y Y Y

Predict consumption predict
Predict power consumption for 3 years
from the curves and outside temperature

Y Y Y Y Y

Correlation corr
Use correlation to see if curves
predicted realistic results

Y Y Y Y Y

Sport Analytics - Corsi and Fenwick in Ice Hockey
Reading data reading read the data from a CSV Y Y Y Y Y

Corsi statistics corsi
Add multiple columns for
each player (row) for Corsi

Y Y Y Y Y

Fenwick statistics fenwick
Add multiple columns for
each player (row) for Fenwick

Y Y Y Y Y

Split players
on position

split
Filter the players based
on forwards and defense

Y Y Y Y Y

Group players groupby Group payers based on their team Y Y Y Y Y
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4.4 Implementation

In this section we discuss about the benchmark implementation and the

challenges we encountered along the way.

4.4.1 Implementation Overview

The details of the benchmark tasks can be found in the Description columns

of Table 4.2 and 4.5. The source code of Sanzu can also be inspected to

provide additional details. While implementing a task, we tried to use as

much built-in functionality as possible. If the built-in functionality was ab-

sent, no effort was made to implement it in a given system. However, if open

source libraries were available with that functionality, it was implemented.

An issue with using the built-in software was the different built-in defaults.

For example, while sorting data if there was a tie, each system would arrange

the tied values based on a different criteria.

4.4.2 Challenges

Anaconda and R were similar in terms of implementation effort, as they both

have sufficient documentation Dask extends libraries used in Anaconda, but

only partially. As a result, implementation in Dask was straightforward until

a certain functionality was missing. This missing functionality resulted in an

incomplete task. PySpark and PostgreSQL required more development effort

than the other systems. Sometimes, otherwise simple operations needed
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significant coding effort. For example, in PySpark there are only two ways to

get rows by index while using a dataframe. The first is to add a new column

for the index manually and filter based on this. The second is to convert

to another data-type or structure, perform slicing and indexing operations

there, and then convert back to a dataframe. This issue presented itself

when developing the hypothesis testing, as there was no efficient way to

shuffle (randomize) data and then split it based on the index, into a PySpark

dataframe. Furthermore, when working with the macro benchmark (i.e. real-

world messy data), cleaning the data up is much more difficult while using

PostgreSQL or PySpark, as opposed to Anaconda or R.

While running tasks involving certain aggregate functions (e.g. finding the

median and mode), PostgreSQL 9.3 took too long even with dataset scale

factor 1. After upgrading PostgreSQL to the later version (9.6), the issues

were resolved.

4.5 Experimental Setup

During the experiments, for each task and for a specific data system we

loaded the data first. Then each task was run four times. We exclude the

first run from the results as this can be affected by the loading of the data.

We report execution times of each task with error bars. In-house data science

tasks are usually run on a single machine so we limited all systems to one

machine even though Dask and PySpark could scale out to a cluster. Each
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Figure 4.1: Execution times of the tasks in the Micro Benchmark suites (scale
factor 1: 1 million)

machine has 8 GB memory, 1 socket with 4 cores (per socket) and each 4

Intel i5-2400 CPUs running at 3.10 GHz. The machines run Ubuntu 14.04

OS.

4.6 Benchmark Results and Discussion

In this section we present our evaluation of the systems with the bench-

mark. We introduce the micro benchmark results first, and then the macro

benchmark results.
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4.6.1 Micro Benchmark Results

We conducted two different series of experiments to evaluate the data sys-

tems with the micro benchmark task suites. The first series of experiments

(Section 4.6.1.1) were run with dataset scale factor (SF) 1 i.e. 1 million rows

per data table and the goal was to determine relative performance and fea-

ture support. The aim of the second series of experiments (Section 4.6.1.2)

was to evaluate scalability of the systems with increased data size. So for

these we used all three datasets with SF 1, 10 and 100.

4.6.1.1 Performance and Functionality

As can be seen in Figure 4.1, there is no system that is the best across-the-

board in all tasks. On the basic file I/O, R is the slowest at reading, however

it is competitive in writing, while PySpark is the fastest at both. In the data

wrangling suite, Anaconda is consistently the fastest and PostgreSQL is the

slowest in all but the groupby, and the others vary depending on the task. In

descriptive statistics suite, Anaconda is consistently the fastest, R is in second

in all but one tasks. PostgreSQL, Dask and PySpark lack some functionalities

(shown as ‘NA’), and PostgreSQL outperforms Dask and PySpark in every

task it has functionality. In the distribution and inferential statistics suite

Anaconda and R are the fastest in all cases; Dask, PySpark and PostgreSQL

are slower and lack different functionalities for certain tasks. In the time

series suite, Anaconda is the fastest. R also has functionality for both time

series tasks, but it is significantly slower. In contrast, Dask only supports
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autocorrelation, and PySpark and PostgreSQL do not have functionality for

either task. As for the machine learning task suite, Anaconda is the fastest

in two out of the three tasks, while PostgreSQL is the slowest in two out of

the three. These results suggest that at dataset scale factor 1, Anaconda’s

performance is the most consistent and it is the best choice for most tasks.

R also supports all the features, but it is slower than Anaconda in all but

two tasks. As for Dask, PySpark and PostgreSQL, their performance and

functionality depend on specific tasks. Thus at SF 1, whenever the data fits

in memory, Anaconda is the best choice for the combination of functionality

and performance.

4.6.1.2 Scalability

Table 4.6 summarizes information about scalability of the data systems for

each task of all the micro benchmark suites. In Figure 4.2 the scalability

results are presented for some selected tasks.

In almost all cases all the systems scale up to SF 10 (ten million rows per

data table). The only exceptions are the merge operation, which joins both

data tables. As the memory of the systems start to run out, R and Post-

greSQL throw memory errors, whereas Anaconda is significantly slower than

Dask and PySpark. Naive Bayes Classification did not scale up on any of

the systems except for R, while hypothesis testing scaled for all except for

PostgreSQL.

For the SF 100 (100 million rows per data table), the R data loading was
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taking over two hours to read, PostgreSQL ran out of memory that caused

the machine to restart and there was a memory error thrown during the read

for Anaconda. As a result, the rest of the tasks for these systems were not

evaluated. It is important to note that if the task failed or took too long on a

lower row count, it was not evaluated again on a higher SF. For the systems

that we were able to run at SF 100, their results mostly stayed consistent

with the results at a lower SF. Some tasks, however, did not scale up from

SF 10 to 100. For Dask, it was only with K-means Clustering that did not

scale. Whereas for PySpark, central tendency, measure of dispersion and

K-means Clustering were all unable to scale. These results suggest that in

terms of scalability up to SF 100, Dask scales better than others with regards

to functionality.

4.6.2 Macro Benchmark Results

In Figure 4.3 the macro benchmark results are presented. As can be seen, in

the Demand Prediction application, there is no single system that is the best

across-the-board. Anaconda is consistently competitive and is the quickest

in the task reading, linear regression, and prediction. The others vary in

competitiveness and performance depending on the task.

In the sport analytics application, Anaconda has the best performance in all

of the tasks and R consistently has the second best performance. PostgreSQL

is also very competitive with R but is much slower in the split task. PySpark

and Dask are consistently slower in overall performance than the others.
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4.6.3 Ranking the Systems

Historically, benchmark results were summarized and presented in several

different ways. The authors in [24] discuss how to correctly summarize bench-

mark results. In [75] geometric mean, normalized to a reference system, was

used for ranking. We considered using this approach, but it proved to be

challenging. In our benchmark a number of tasks were not supported by

some of the systems either due to lack of functionality or because of failure

to complete at higher scale factors. Therefore, we decided not to rank the

systems.

4.7 Summary

In this chapter, we presented Sanzu, a benchmark for data science. It includes

a micro benchmark to test individual operations and a macro benchmark to

represent real-world use cases. We have presented a performance evaluation

of five popular data science frameworks and systems: R, Anaconda Python,

Dask, PostgreSQL (MADlib) and PySpark. Our evaluation suggests that

some of these systems lack support for specific data science tasks. Further-

more, we have found that several systems do not scale with larger data sets

(scale factor 10 or 100). We hope that our findings may lead to improved

support for functionality and scalability for the data science tasks within

some of the systems.

50



Table 4.6: Scalability of the Micro benchmark tasks with dataset scale fac-
tors: 1, 10 and 100 [NA=Not Applicable (the dataset could not be loaded),
NF = No built in functionality available, F=failed (Out of memory error or
crashed the machine), L=took too long]

Operation

Support in the evaluated systems
Anaconda Dask PostgreSQL PySpark R
scale factor scale factor scale factor scale factor scale factor

1 10 100 1 10 100 1 10 100 1 10 100 1 10 100
Basic File I/O
Read Y Y F Y Y Y Y Y F Y Y Y Y Y F
Write Y Y NA Y Y Y Y Y NA Y Y Y Y Y NA
Data Wrangling
Sort Y Y NA Y Y Y Y Y NA Y Y Y Y Y NA
Filtering Y Y NA Y Y Y Y Y NA Y Y Y Y Y NA
Merging Y Y NA Y Y Y Y F NA Y Y Y Y F NA
Grouping Y Y NA Y Y Y Y Y NA Y Y Y Y Y NA
Removing Duplicates Y Y NA Y Y Y Y Y NA Y Y Y Y Y NA
Descriptive Statistics
Central Tendency Y Y NA Y Y Y Y Y NA Y Y F Y Y NA
Measure of dispersion Y Y NA Y Y Y Y Y NA Y Y F Y Y NA
Rank Y Y NA NF Y Y NA Y Y Y Y Y NA
Outliers Y Y NA Y Y Y Y Y NA Y Y Y Y Y NA
Scatter Plot Y Y NA Y Y Y NF NF Y Y NA
Distribution and Inferential Statistics
PDF Y Y NA Y Y Y NF Y F NA Y Y NA
Skewness Y Y NA NF Y Y NA Y Y Y Y Y NA
Correlation Y Y NA Y Y Y Y Y NA Y Y Y Y Y NA
Hypothesis Testing Y Y NA Y Y Y Y L NA NF Y Y NA
Time Series
EWMA Y Y NA NF L NA NA NF Y Y NA
Autocorrelation Y Y NA Y Y Y NF NF Y Y NA
Machine Learning
Linear Regression Y Y NA Y Y Y Y Y NA Y Y Y Y Y NA
Clustering Y Y NA Y Y F Y Y NA Y Y F Y Y NA
Classification Y L NA Y L NA Y F NA Y F NA Y Y NA
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Figure 4.2: Scalability of selected Micro benchmark tasks with dataset scale
factors: 1, 10 and 100 (All y-axis are in log scale)
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Figure 4.3: Execution times of the tasks in the Macro Benchmark applica-
tions
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Chapter 5

DaskDB: Unifying Data

Analytics and SQL querying

5.1 Introduction

In this chapter, we introduce and describe the unified big data system,

DaskDB, which we have developed for supporting SQL queries and data

analytics. We discuss why we believe that there is an opportunity to develop

this type of system and why current state-of-the-art systems that perform

analytics fall short. Next, we present the system architecture of DaskDB,

and discuss the system design principles, including why we chose each as-

pect and how we implement different components of DaskDB. Finally, we

evaluate and compare our system against a state-of-the-art big data system,

Spark and discuss the results.
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5.2 Methodology

As the volume of data continuously grows, the data science community are

constantly searching for simpler, quicker and more efficient ways to analyze

and process this data. Consider a scenario, in which an analyst wants to

perform some analytics on a 100 GB (Gigabytes) dataset. However, the data

is stored as a raw text file. This raw text file may be formatted in different

ways, such as a .txt (text), CSV (comma-separated values) or JavaScript

Object Notation (JSON). The three popular options to perform this type

of analysis include a dedicated data analytic system comprised of language

frameworks, a DBMS, or a big data framework. In the next subsections, we

will explore the strengths and weaknesses of each of these options.

5.2.1 Scalability of Dedicated Data Analytic Systems

The first option to process and analyze data is using a dedicated data an-

alytic system. They are typically based on language frameworks, such as

R, MATLAB and Python. The upside to this option is that these systems

are usually simple to install and require limited configuration. Furthermore,

they have large ecosystem of data analytic libraries supporting a diverse set

of tasks, such as machine learning, data visualization, scientific computing,

graph libraries, multidimensional data structures, file formats, and database

connectors.

The Anaconda distribution of Python and R ecosystem are the most popular
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dedicated analytic systems currently being used. Performing different types

of analysis is possible with these systems, due to the availability of large body

of libraries mentioned in Section 2.2. However, since the data is relatively

large (100 GB - in the scenario mentioned above), it would not fit within the

main memory (2 to 32 GB) of a typical personal computer. This issue has

been mentioned in Section 4.6.1.2, as the Anaconda and R systems cannot

load the 9.3 GB dataset into a machine’s main memory (8GB RAM). Until

recently, the way all dedicated data analytic systems worked was that all

data was needed to be loaded into the main memory before performing an

analysis task. So, a supercomputer or a workstation with main memory

larger than 100GB would be needed to perform an analysis task. In recent

times, several dedicated analytic systems have been extended with parallel

computing libraries. They automatically keep the data in the disk and load

parts of the data into memory as needed for processing. An example of

one of these libraries is Dask, as mentioned in Section 4.6.1.2. Dask is the

only framework, supporting Python data science library ecosystem, which

we found that has the ability to scale out to a cluster of machines. However,

Dask does not have SQL querying capabilities.

5.2.2 The Challenge of ETL with DBMS

The second option is to use a DBMS and in particular utilize the in-database

analytic functionality to perform the analysis. Most modern DBMS have

data analytic capabilities and functionalities such as mentioned in Section
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3.3.3. Traditionally, database application developers need to create user-

defined functions (UDF) for analytics, but they treat UDFs as black boxes

with little or no optimizations. Depending on the DBMS, it is possible to

execute UDFs written in R, Python, C, C++ or T-SQL languages. However,

the only way to interact with UDFs are through their input parameters and

final output results. Furthermore, they are often constrained in terms of the

number and data types of its input and output. This results in them being

difficult to debug and to incrementally develop [21]. Further, the other major

issue is the bottleneck involved with extracting, transforming and loading

(ETL) the data into the DBMS. ETL is a time-consuming process and is

not viable or necessary in many big data workflows. For example, only a

subset of the data might be actually valuable or useful, so loading it into

the database is a waste of time and resources. Also, with the data volume

growing exponentially, a greater portion of the data for analysis is not being

stored in databases.

5.2.3 Usability in Big Data System Frameworks

The last option is to perform the analysis using a big data system framework.

These frameworks can scale-up processing to multiple machines (if machines

are available and configured), partition the data into chunks and keep data in

disk, until chunks of the data are brought into main memory to process. Fur-

thermore, they enable automatically programming entire clusters with data

parallelism and built-in fault tolerance. Some popular frameworks include,
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Hadoop [81], Spark [94], Storm [1] and Hive [89], and often a combination

of these frameworks are used in real-world applications. Their programming

interfaces include Java, Python, Scala, SQL (or a SQL-like language) and R,

and their functionalities include SQL querying capabilities, machine learning,

streaming and graph libraries. The downside of these types of frameworks is

that they often entail more complicated APIs and a steeper learning curve

than the other two options. In general, big data frameworks are more com-

plex, take larger development effort and have comparatively lower usability.

Furthermore, many programmers often have knowledge of high-level pro-

gramming languages, but they usually lack domain knowledge to use these

frameworks effectively. For example, even though these frameworks have

popular data science language interfaces like Python and R, they require an

analyst to use completely new APIs native to the big data framework. This

results in an increase in time for non-experts to become proficient at using

such a system. We ran into this issue specifically while performing experi-

mental evaluation with Spark. It took multiple iterations to find an optimal

configuration by reading the documentation.

5.2.4 Our Approach: DaskDB

To address the above-mentioned issues, we introduce DaskDB. Before DaskDB,

if a user (analyst or DBA) wanted to perform SQL queries with analysis on

a large dataset, they only had three practical options.

We summarize these options (as discussed in Sections 5.2.1, 5.2.2 and 5.2.3)
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next. First, the user could choose a subset of the data and pick whatever

system they preferred to perform analytics. However, this data sub-setting

increase algorithm complexity and decrease accuracy compared to the full

dataset [19]. This is a bad choice as it will produce non-realistic results. Sec-

ond, the user could choose an in-database analytic system, however, these

systems have high ETL cost. Additionally, as data continues to grow, the

ETL time of data will only get larger. If a user wants to perform any addi-

tional analysis not supported by SQL, she either has to use a UDF or load the

data out of the DBMS into her analytic system. This loading process con-

strains the user to option three: use a big data system framework like Spark

or Hive. However, these frameworks have complicated APIs, steeper learning

curves and it takes a considerable amount of time and effort to become profi-

cient in them. This leaves the average user with a decision: either allocate a

significant amount of time to properly learn the framework, or pay a trained

user to do it or try to convert the SQL code using the APIs supported by

a big data analytics system like Dask. These considerations provided the

inspiration for DaskDB, which in addition to supporting all Dask features,

also enables SQL querying on raw data in a data science friendly environ-

ment. We believe that DaskDB or a system like it gives the ability for more

potential users to face the challenges of big data analytics.
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5.3 Our System

In this section, we explain the approach we took to implement our system of

DaskDB. Our goal is to create a unified big data system that supports SQL

query, and big data analytics with competitive performance and scalability,

high usability and built-in EDA capabilities. Fortunately, due to the selection

of our implementation environment of Anaconda distribution, a significant

part of our goal is already met due to the supported API ecosystem, as we

discuss in Section 5.3.1 below. Next, we explain the components of DaskDB

and the design decisions we made in Section 5.3.2.

5.3.1 Why Python?

One of the main reasons we chose to work with Python is the growing popu-

larity of it. From the StackOverflow.com question views and trends in Figure

5.11, Python has grown steadily to become the most popular viewed ques-

tion tag over the past 6 years. A major reason for this growth is the large

number of data science libraries currently available. The Anaconda distri-

bution is the main data science platform for Python. Furthermore, Dask is

part of this distribution and is configured out of the box with various data

science packages. We have mentioned about a few of them in Section 2.2.

Some of the other frameworks include Datashader, a graphics pipeline system

that visualizes large datasets and machine learning libraries scikit-learn and

1https://stackoverflow.blog/2017/09/06/incredible-growth-python/
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Figure 5.1: StackOverflow Question Tags Views

DaskML 2. Lastly, the number of available data science packages in Anaconda

distribution is growing.

5.3.2 System Architecture

The system architecture of DaskDB incorporates five main components: the

SQLParser, QueryPlanner, DaskPlanner, DaskDB Execution Engine, and

HDFS. They are shown in Figure 5.2. First, the SQLParser gathers meta-

data information pertaining to the SQL query, such as the names of the

tables, columns and functions. This information is then passed along to the

2http://ml.dask.org/
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2.QueryPlanner
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physical plan

1. SQLParser
Extracts metadata 
information from SQL 
Query

Raco is a subset of Myria stack, Myria was developped for big data management and 
analytics, it was developed by the database group at the University of Washington. Raco 
is from the MyriaL at the University of Washington \cite{Wang2017Myria}. Raco is a SQL 
query parser. It takes an SQL query and returns a a preliminary optimized physical plan. 
We chose to use Raco at because it was natively built in in python, this allowed for easy 
integration and no potential overheard or trying to merge separate run-time 
environments. We added a few features to the existing code and changed a few things 
for the SQL Query Parser and Optimizer. Namely we added functionality to the parser to 
support more keywords commonly used in SQL.

SQL Parser first takes in the original 
sql query. In this step we gather 
information about relevant table 
names, column names and any user 
defined function. This is done because 
the format Raco needs all this 
information beforehand to 

Available at 
https://github.com/TwoLaid/python-sqlp
arser 

a. Metadata 
and SQL query

3. DaskPlanner
Converts to Daskplan 
then converts to Dask 
code and sends to 
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DaskDB takes in the Physical Plan 
from raco then creates a Dask Plan. 
From the dask Plan we are able to 
convert this plan into dask which is 
executable in the dask client.

Simple but subtle improvements to 
improve query performance. Only read 
in 

b. Physical 
Plan

c. Executable 

Dask Code

Within Dask I head to modify few 
features to make it capatable . Such 
as returning nth (smallest or largest 
function) with a multi-index.

4.DaskDB Execution Engine

Client

Scheduler

W1 W2 W3 Wn

…
...

5. HDFS

DataData …

Figure 5.2: DaskDB System Architecture

QueryPlanner. Next, in the QueryPlanner component, physical plan is gen-

erated from the information sent by SQLParser about the SQL query. The

physical plan is an ordered set of steps that specify a particular execution

plan for a query and how data would be accessed. The QueryPlanner then

sends the physical plan to the DaskPlanner. In the DaskPlanner, a plan is

generated, which closely resembles the Dask API, called the Daskplan. The
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Daskplan is produced from the physical plan, and it is then converted into

Python code and sent to DaskDB Execution Engine. Note that when we refer

to Dask, we refer to both Dask and Dask.distributed packages. DaskDB Ex-

ecution Engine then executes the code and gathers the data from the HDFS

then computes the SQL query. Further details are provided in the sections

below.

5.3.2.1 SQLParser

The SQLParser is the first component of DaskDB that is involved in query

processing. The input for the SQLParser is the original SQL query. It first

checks for syntactical errors and creates a parse tree with all the metadata

information about the query. We then process the parse tree to gather the

metadata information needed by the QueryPlanner. This metadata informa-

tion includes table names, column names and UDFs. We then check if the

table(s) exist (e.g. if there is a .txt file with that name) in the default direc-

tory. If the table exists, we collect the relevant table name, column names

and data types, and dynamically generate a schema. The schema contains

information about all the tables and column names and data types used in

the SQL query. The schema, UDFs (if any) and the original SQL query are

then passed to the QueryPlanner.

Note that our system can treat any file (with a supported file format) as

a data table, whereas a traditional DBMS requires an ETL process to load

data into its native storage. Thus, DaskDB can support in-situ heterogeneous
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data source querying [11].

5.3.2.2 QueryPlanner

The QueryPlanner, shown in Figure 5.2, is the second component of DaskDB

designed to support query execution. The QueryPlanner creates logical and

preliminary physical plans. The schema and UDFs produced by SQLParser,

along with the SQL query, are passed into the QueryPlanner. The Query-

Planner uses these to first create a logical plan and then a optimized prelim-

inary physical plan. This plan is then sent to the DaskPlanner.

5.3.2.3 DaskPlanner

The DaskPlanner is used to transform the preliminary physical query plan

from the QueryPlanner into Python code that is ready for execution. The

first step in this process is for the DaskPlanner to go through the physical

plan obtained from QueryPlanner and convert it into what we call the ‘Dask-

plan’. This maps the operators from the physical plan into operators that

more closely resemble the Dask API. This Daskplan also associates relevant

information with each operator from the physical plan. This information

includes columns and tables involved and specific metadata information for

a particular operator. We also keep track of each operator’s data depen-

dency. This is needed to pass intermediate results from one operation to the

next. The pseudo code of how DaskDB converts the physical plan into the

Daskplan is shown in Algorithm 1.
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Input: A physical plan (P) is given as input. P contains ordered
groups of dependent operators (G). Each G consists of an
ordered list of tuples (k, o, d), where k contains the unique
key of a operation, o is the operation type and d contains the
operation metadata information.

Output: The final result is a Daskplan DP, which consists of an
ordered list of operators.

DP ← list();
for sorted(G ∈ P ) do

for sorted(k, o, d ∈ G) do
dp ← dict() //create Daskplan operator;
dp[o] ← convertToDaskPlanOperator(o) ;
dp[d] ← getMetadataInfo(d) ;
dp[key] ← k //adds key (used to get data dependencies) ;
DP.add(dp) //adds dp to Daskplan (order is important) ;

end

end
//Each operation (aside from the table scans) needs intermediate data
(tables) results from the previous operations. Note that the join
operation has two children (c), so we need to check if a particular
operation has multiple children.

for sorted(dp ∈ DP ) do
while dp has children (c) do

dp[ti] ← get table information from ci;
end

end
return DP;

Algorithm 1: DaskPlanner: Conversion of Physical Plan to Daskplan
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In the next step, the DaskPlanner converts the Daskplan into the Python

code, which utilizes the Dask API. The Algorithm 2 shows pseudo code of

how DaskDB performs this. All of the detail about each table and their

particular column names and indexes are tracked and maintained in a dictio-

nary throughout the execution of a query, this is because multiple tables and

columns may be created, removed or manipulated in any given query. For

example, columns often become unnecessary after a particular filter or join

operation is executed. These columns are dropped for optimization to avoid

unneeded data movement. Columns may also be added due to aggregation

or groupby operators. For these reasons, the names of the tables, columns,

and indexes are dynamically maintained while transforming the Daskplan

into Python code to execute it. The resultant code can be executed by Dask

over a cluster of machines.

5.3.2.4 DaskDB Execution Engine

As shown in Figure 5.2, there are three main components of the DaskDB

execution engine: the client, scheduler and workers. The client transforms

the Dask Python code into a set of tasks. The scheduler creates a DAG

(directed acyclic graph) from the set of tasks, automatically partitions the

data into chunks, while taking into account data dependencies. The scheduler

sends a task at a time to each of the workers according to several scheduling

policies. The scheduling policies3 for task and workers depend on various

3http://distributed.dask.org/en/latest/scheduling-policies.html
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Input: A Daskplan (DP) is given as input. DP contains an ordered
list of tuples (o, d, t), where o is the operation type, d
contains the operation metadata information and t contains
the table dependency from previous operation(s).

Output: The final result exec is Python executable code.
exec ← list();
cols ← dict() // maintains the columns indexes for all tables ;
for sorted(o, d, t ∈ DP ) do

O ← get(o) // get operation in Dask API
T ← get(t) // get table(s) from previous operation(s)
D ← set(O,d) // set the operation specific Dask parameters
E ← convertToDaskCode(O,T,D)
columns ← update(T,cols) // update tables and columns indexes
exec.add(E) // add to final executable Python code.

end
return exec;

Algorithm 2: DaskPlanner: Conversion of DaskPlan to Executable Code

factors including data locality. A worker computes and stores a data chunk

until it is not needed anymore and is instructed by the scheduler to release

it.

The DaskDB Execution Engine extends the libraries, Dask and Dask.distributed.

Both these libraries were introduced and briefly explained in Section 2.2. We

refer to both Dask and Dask.distributed as Dask. Enhancements to the Dask

library were necessary for a few SQL features to work properly within the

execution engine, as the original library does not support sorting with a limit

by multiple columns in different directions (one column ascending, one col-

umn descending). Adjustments were made to the Pandas and Dask APIs for

‘nLargest’ and ‘nSmallest’ methods. Furthermore, a bug needed to be fixed

for Dask to properly interact with HDFS.
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5.3.2.5 HDFS

The Hadoop Distributed File System (HDFS) [81] is the primary data stor-

age system used by Hadoop applications. It is one of the more popular

open source distributed file systems and many big data frameworks includ-

ing Spark, Hive and Storm utilize it. Its basic architecture include the com-

ponents: ‘NameNodes’ and ‘DataNodes’. HDFS provides high-performance

and access to data across highly scalable Hadoop clusters.

5.3.2.6 Implementation

DaskDB was implemented in Python. A few tools and frameworks were

utilized to develop DaskDB. The SQLParser utilizes a tool called ‘sqlparser’4.

This tool was chosen for its simplicity and very little overhead. This tool

checks for syntactical errors and returns a parse tree from a SQL query as

input. The QueryPlanner extends a tool called Raco [92], which is used

in the MyriaL data language as a relational algebra compiler. We decided

to use Raco because it was natively developed in Python, and hence there

is very little integration overhead. Other options such as Q*cert [8] and

Calcite [9] were considered, but the difficulty in integrating separate runtime

environments rendered them impractical. We also modified Raco to accept

a few more keywords such as ‘interval’ and ‘date’, as well as the binary

operators, so that we could support date strings in a SQL query. We made

these modifications so that it is compatible with the TPC-H benchmark

4https://github.com/TwoLaid/python-sqlparser
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queries.

5.3.3 Support for SQL Query with UDFs in DaskDB

DaskDB supports UDFs in SQL querying. A UDF enables a user to cre-

ate a function using Python code and embed it into the SQL query. Since

DaskDB converts the SQL query, including the UDF back into Python code,

the UDFs can reference and utilize features from any of the data science

packages available in Anaconda. This is another advantage that DaskDB

has over Spark. Spark can only execute UDFs that can be applied to one

data tuple at a time. In contrast, DaskDB has the ability to pass in UDFs

with code involving machine learning, data visualization, numerous other

functionalities.

5.4 Illustration: DaskDB query execution

In this Section, we show an example to illustrate how DaskDB executes an

SQL query. The Listing 5.1 is the example query used in our illustration.

This query contains two tables: lineitem and orders. The operations in this

query include filter, join, aggregation and orderby. This query is a simplified

version of the type of queries in the TPC-H benchmark. We visualize the

query as it gets transformed from the logical to physical plan and then to the

Daskplan shown in Figure 5.3. The logical and physical plan use standard

relation algebra describe in [74] to represent the operations of a SQL query.
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We then show the Python code the DaskPlanner creates for the Daskplan

in Figure 5.4. This code is then sent to the DaskDB Execution Engine.

The resulting execution is illustrated in Figure 5.5a in a per worker per core

fashion. We also include part of the corresponding progress bar that shows

how the colors relate to specific tasks in the execution in Figure 5.5b.

Listing 5.1: SQL Query associated with Figure 5.3

SELECT

l orde rkey ,

sum( l e x t e n d e d p r i c e ∗ (1− l d i s c o u n t ) ) as revenue

FROM

orders , l i n e i t e m

WHERE

l o r d e r k e y = o orderkey

and o orde rdate >= ‘1995−01−01

GROUP BY l o r d e r k e y

ORDER BY revenue

LIMIT 5

5.4.1 SQL Query Plan Transformation

In Figure 5.3, three plans are shown which are generated from the SQL

query in Listing 5.1. However, this SQL query must be scanned, parsed and

validated by the SQLParser before it can be interpreted as query execution
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plan. The first plan generated is the logical plan, as shown in Figure 5.3a.

The logical plan is an unoptimized internal representation of the query within

the QueryParser. The logical plan is the initial plan and is presented in

the form of a relation algebra tree. The QueryParser then performs query

optimization to try to find efficient query execution strategies. This results in

a second plan generated by the QueryParser called the physical plan, shown

in Figure 5.3b. The physical plan shows a specific join operator with the ‘hash

join’. Also, the filter condition is now pushed down below the join operation.

This is done to minimize the data transfer done during the execution of the

join and reduce the cost of the join.

The Daskplan is the third plan generated show in Figure 5.3c. The Daskplan

is generated from the physical plan in the DaskPlanner component. The

Algorithm detailing how this is done is shown in Algorithm 1. The Daskplan

does not use relational algebra, instead, the operators are converted to tasks

that more closely resemble the Dask API. For example, these include the

‘read csv’ and ‘filters’ methods shown on the tree. This Daskplan is then

converted into executable Python code shown in Figure 5.4.

5.4.2 Executable Python Code

The Python code that is generated from the DaskPlanner can now be sent

to the DaskDB Execution Engine. DaskDB keeps track of the column in-

dexes for each table and the table indexes. The method ‘add columns index’

appears when we manipulate a table, particularly when there is a need to
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σ o_orderdate>='1995-01-01'

 γ l_orderkey; sum(l_extendedprice * (1-discount))→revenue

τ revenue asc 

π l_orderkey, revenue limit 5

orders lineitem

o_orderkey=l_orderkey 

σ l_orderkey, l_extendedprice,l_discount

(a) Logical Plan Relational Algebra

σ l_orderkey, l_extendedprice,l_discount

 γ l_orderkey; sum(l_extendedprice * (1-l_discount))→revenue

τ revenue asc limit 5 

π l_orderkey,revenue

orders

σ o_orderdate>='1995-01-01'

hash Join

lineitem

o_orderkey=l_orderkey 

(b) Physical Plan Generated by Query-
Parser

ColumnMapping l_orderkey, l_extendedprice,l_discount

  groupby: (l_orderkey) 
aggregate: sum(revenue)

order by revenue

read_csv orders

 filter o_orderdate>='1995-01-01'

HashJoin

read_csv lineitem

o_orderkey=l_orderkey 

 NewColumn revenue = (l_extendedprice * (1-l_discount) 

limit 5 l_orderky revenue

(c) Generated Daskplan

Figure 5.3: Plan Transformations

check for changes on the given table columns. For example, when tables are

joined or filtered, often times columns are not needed anymore and can be
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dropped, which minimizes data movement. The generated executable code

is shown in Figure 5.4. The code is then sent to the execution engine. For

this example, we executed it on a cluster of 4 machines each having 4 cores.

Thus, there are 16 processes where a task may be executed. This is shown

in Figure 5.5, as there are 16 processes shown on the ‘y’ axis. The ‘x’ axis is

the time elapsed. This illustration shows a typical workflow within DaskDB.

Each task is represented by a bar graph, and the colour of the task corre-

sponds to a task type shown in Figure 5.5b. For example, yellow represents

‘merge’ and so is ‘getitem’. Note that ‘getitem’ and ‘merge’ are related and

hence they are coloured the same. The only type of task not shown in the

legend are the data transferring tasks in red. This happens when data needs

to be transferred from one machine to another. To summarize, we use this

visualization to demonstrate the progress of the different task steps involved

in an SQL query execution on our distributed data analytics system.

5.4.3 DaskDB with UDFs

In this section, we show two examples of DaskDB using UDFs in SQL queries.

The first example is of a UDF that removes duplicates. As can be seen in

the code in Figure 5.6, the UDF, ‘remove dup’, is referenced in the same way

as a typical SQL based application. The SQL query combines two tables

customer and orders, filters the data with dates prior to “1995-03-21” and

then removes all duplicates. The query returns a Dask dataframe structure

containing three columns. The ‘query’ method sends the SQL statement to
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Figure 5.4: Executable Python Code

DaskDB to be executed. The resulting DAG is shown in Figure 5.7.

Next we present an illustration of a linear regression example using a Dask

machine learning package (dask ml). As shown in Figure 5.8, the UDF is

again called in the same way as it would be in a typical DBMS system. In

the SQL query, we invoke the ‘lin regress fit’ method to create and fit the
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(a) Query Execution on the DaskDB Engine

(b) Progress Bar for Cooresponding Task execution

Figure 5.5: Query Execution on the DaskDB Engine
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Figure 5.6: Removing Duplicate Code

linear regression. The query result can be further manipulated using native

Python code to create and plot a prediction for the test data.

5.5 Evaluation

In this section, we discuss our experimental evaluation. All systems evaluated

are publicly available open-source software. The software version, program-

ming language and key libraries of these systems are shown in Table 4.1.

5.5.1 Experimental Setup

During the experiments, for each task, and for a specific data system we

loaded the data first. Then each task was run four times. We exclude the

first run from the results as this can be affected by the loading of the data.

We report execution times of each task with error bars. We ran experiments
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Figure 5.7: Removing Duplicate DAG Plan

on a cluster of 4 machines each having 8 GB memory and 4 Intel i5-2400

CPUs running at 3.10 GHz and each machine ran Ubuntu 14.04 OS. HDFS

was used to store the datasets for each system on all the tasks.

We chose to compare DaskDB against Spark because it has similar data sci-

ence functionalities as DaskDB. Furthermore, Spark is considered the state-

of-the-art and is one of the most popular big data frameworks. Spark was

used in other benchmarks mentioned in Sections 3.2.2 and 3.2.3. Spark,
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Figure 5.8: Resulting Linear Regression Graph

SparkSQL or PySpark have appeared in many other benchmarking studies

involving the TPC-H such as [87, 71, 5, 7].
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Table 5.1: Software configuration

Framework Version Language Key Package(s)

DaskDB 1.0.0 Python 2.7.3
Dask, dask ml
dask.distributed

Spark 2.4.0 Python 2.7.3
PySpark,
SparkSQL

Hadoop 2.9.1 Java 1.8.0 HDFS, Yarn

5.5.2 Benchmarks

5.5.2.1 Extension of Analytic Benchmark

For this evaluation, we ran a subset of the micro benchmark tasks used in the

Sanzu benchmark describe is Chapter 4. A few changes were made to both

the Spark and Dask code to extend task execution to a cluster of machines,

but the code for each task remained the same. The tasks we extend are

groupby, join (merge), dispersion, outliers, and sorting. These tasks show

the strength and weaknesses of each of the systems as well as, highlight some

of the results in the TPC-H benchmark.

5.5.2.2 TPC-H Benchmark

The TPC-H benchmark is a suite of ad hoc analytical (OLAP) SQL queries

[2]. It consists of 8 datasets (tables) and 22 queries typically evaluated with

DBMS systems that have SQL or SQL-like query execution capabilities. The

queries and the database tables have industry-wide relevance. This bench-

mark illustrates a decision support system that examines and processes large

volumes of data. It executes queries with a high degree of complexity. The
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Figure 5.9: Execution times for the Analytic Tasks

data tables are generated as text files using dbgen 5, and they are loaded into

HDFS. We used 3 scale factors (SF): 1, 4, and 10, where SF 1 indicates that

the dataset size is 1GB.

5.5.3 Results

In this section we present our results of the evaluation of the systems. We

present the Sanzu (analytic) results first, and then the TPC-H benchmark

results.

5dbgen: https://github.com/electrum/tpch-dbgen
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5.5.4 Analytic Benchmark Results and Discussion

In Figure 5.9, we see that neither DaskDB nor Spark is better across all tasks

or scales factors. Looking at Figure 5.9a, we see that DaskDB shows better

performance on the merge task, and Spark has better performance on the

groupby, while in three other tasks the performance of the two systems is

relatively close. As we scale up to 10 million rows, in Figure 5.9b, we see

that the groupby task has faster completion time on Spark than DaskDB,

while the other four tasks are all faster on DaskDB than on Spark. Scaling

up to 100 million rows in Figure 5.9c, we see that four out of the five tasks

have the same trend as 10 Million, while the performance of merge has com-

pletely changed. We see Spark has better performance in the groupby and

merge, while DaskDB has better performance on sort, measures of dispersion

(dispers) and removing outliers.

Looking back to Figure 4.2, we observe that the results from the Sanzu

benchmark remain mostly consistent on all of the tasks, except for two, as

we scaled out to a cluster of machines. The main differences are with the

merge and groupby tasks, as DaskDB becomes comparatively worse than

Spark. DaskDB does not scale out as well as Spark on groupbys and merge,

although they were fairly close in terms of performance on a single machine.

DaskDB was able to the scale out to a cluster effectively on the other three

analytical tasks.
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Figure 5.10: Execution times of the query’s in the TPC-H

5.5.5 TPC-H Benchmark Results and Discussion

The benchmark consists of SQL query tasks. As can be seen in Figure 5.10,

neither DaskDB nor Spark is better across the board at scale factor 1.

DaskDB has faster completion times on Q1, Q3, Q6, and Q10, while Spark

is only faster on Q5, as shown in Figure 5.10a. At scale factor 4, shown in

Figure 5.10b, we see that the trends remain the same for Q1, Q3, Q6, and

Q5, however, Spark is much faster on Q10. In Figure 5.10c, at scale factor

10, we see that with Q5 and Q10, Spark further improve its completion time

over DaskDB, while on Q1 and Q6 still has a consistently faster completion

time on DaskDB. However, on Q3 Spark seems to have closed the gap in
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completion time slightly.

Looking at the queries makeup specifically, queries 5 and 10 have more table

joins and groupbys than the other queries. This is where Spark held the

advantage over DaskDB. Q6 has no groupby or joins, while Q1 has a groupby

but no joins and Q3 has both joins and groupbys. These results suggest that

in terms of scalability up to SF 10, DaskDB scales better on more analytical

queries, but Spark holds advantages over the DaskDB on queries with more

groupby and joins.

5.6 Challenges and Limitation of DaskDB

The results of the evaluation indicate that DaskDB is not as optimized as

Spark on joins and groupbys. One issue is that by default Dask combines

all groupby aggregate chunks into a single Pandas dataframe. It is up to

the user to manually make sure that the output does not get too large.

DaskDB also automatically combines the resulting aggregation chunks (every

8 chunks by default). This value is fine for most cases, but if the aggregation

chunks are large, it could take a substantial amount of time to combine them,

especially when transferring chunk from worker to worker. Another reason

may be that DaskDB cannot parallelize within individual tasks nor does it

automatically re-partition data. For example, if a task gets too large like

on a join, it may overwhelm any particular worker, and this could force a

restart, slowing down the overall completion time. Furthermore, Dask also
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assigns tasks to workers heuristically, and this type of task scheduling usually

makes the right decision. However, non-optimal situations do occur, and they

can lead to unneeded data transfers between workers. A limitation of our

implementation of DaskDB is that it only has limited subquery (query placed

within another query) execution. Lastly, the machine learning packages for

Dask are still in their infancy. We believe that there are opportunities for

significant improvements in many different aspects of DaskDB.

5.7 Summary

DaskDB is a novel approach to addressing the question of how to unify query

processing and data analysis capabilities in a single system. It is an integrated

big data system that combines the functionalities of a data analytics system

with the SQL querying features of a DBMS. It brings SQL querying to a

data science platform in a way no other existing system, which we are aware

of, can match in terms of usability, performance, scalability and built-in

capabilities. We have introduced and described each of the components of

DaskDB and how they seamlessly work together to convert a SQL query into

executable Python code using the Dask APIs. Furthermore, DaskDB also

has the ability to incorporate any UDF into the input SQL query, where

the UDF could invoke any Python library call. The other systems, (DBMS

and big data frameworks) with UDF capabilities, that we looked into, have

some sort of restriction with the UDF. These include only allowing scalar
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UDFs (restricting output results) and restricting initial input parameters.

Lastly, we evaluated our solution DaskDB against Spark using the TPC-H

benchmark and several data science tasks from our Sanzu benchmark and

demonstrated its competitive performance.
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Chapter 6

Conclusions, Challenges and

Future Work

6.1 Summary of Contributions

With the rapid growth in data that is being generated from diverse sources,

the need to efficiently analyze data has become paramount. As a result, data

science is rising in importance. Data science provides a systematic approach

for processing and analyzing data. Although a number of frameworks and

data systems have emerged to support the data science work-flow, there is no

standard benchmark to evaluate them. We have presented Sanzu, a bench-

mark for data science. It includes a micro benchmark to evaluate individual

operations and a macro benchmark to represent real-world use cases. We

conducted a systematic performance evaluation of five popular data science
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frameworks and systems: R, Anaconda Python, Dask, PostgreSQL (MADlib)

and PySpark. Our evaluation suggests that some of these systems lack sup-

port for specific data science tasks. Furthermore, we have found that several

systems do not scale with larger datasets (10 or 100 million rows). We hope

that our findings may lead to improved support for functionality and scala-

bility for the data science tasks within some of the systems.

While evaluating data science frameworks with the Sanzu benchmark, we

found that many popular systems lack support for specific data science tasks

and they do not scale with larger data sets. We then discussed how there is

room for improvements in most state-of-the-art systems that perform data

analytics and SQL querying as part of the same workflow. We addressed why

current big data frameworks and DBMS fall short in terms of scalability,

performance, usability, and built-in functionalities when performing these

workflows. Thus, we developed DaskDB, a unified big data system that

combines data analytics with SQL querying capabilities. We described the

design principles and system architecture of DaskDB and discuss the benefits

it has over current state-of-the-art systems. Finally, we evaluated our solution

DaskDB against Spark using TPC-H, and an extended version of the Sanzu

benchmark.
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6.2 Future Work

For our future work on Sanzu, we plan to test the ability of each system

to process other data models, by incorporating semi-structured and unstruc-

tured datasets. We would like to include additional macro benchmark ap-

plications. We would also like to evaluate other data science systems, and

further scale-out Sanzu to evaluate data science systems that run on a cluster

of machines.

With DaskDB, we think there are a plenty of potential opportunities for fu-

ture work and at the top of the list are the limitations mentioned in Section

5.6. We would like to optimize joins and groupbys within Dask, look into

particularly at adaptive indexing, dynamic partitioning resizing, and differ-

ent task scheduling strategies and policies. We would also like to incorporate

the ability to process subqueries inside DaskDB. Lastly, we also like to de-

velop and evaluate and test the benefit of a distributed cache within DaskDB

framework.
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[9] Edmon Begoli, Jesús Camacho-Rodŕıguez, Julian Hyde, Michael J. Mior,
and Daniel Lemire, Apache calcite: A foundational framework for opti-
mized query processing over heterogeneous data sources, Proceedings of
the 2018 International Conference on Management of Data (New York,
NY, USA), SIGMOD ’18, ACM, 2018, pp. 221–230.

[10] Zhuhua Cai, Zografoula Vagena, Luis Perez, Subramanian Arumugam,
Peter J. Haas, and Christopher Jermaine, Simulation of database-valued
markov chains using simsql, Proceedings of the 2013 ACM SIGMOD In-
ternational Conference on Management of Data (New York, NY, USA),
SIGMOD ’13, ACM, 2013, pp. 637–648.

[11] Javad Chamanara, Birgitta König-Ries, and H. V. Jagadish, Quis: In-
situ heterogeneous data source querying, Proc. VLDB Endow. 10 (2017),
no. 12, 1877–1880.

[12] Brian F. Cooper, Adam Silberstein, Erwin Tam, Raghu Ramakrishnan,
and Russell Sears, Benchmarking Cloud Serving Systems with YCSB,
SoCC, 2010, pp. 143–154.

[13] Andrew Crotty, Alex Galakatos, Kayhan Dursun, Tim Kraska, Ugur
etintemel, and Stanley B. Zdonik, Tupleware: “big” data, big analytics,
small clusters, CIDR, 2015.

[14] Dask, https://dask.pydata.org/en/latest/.

[15] Dask Development Team, Dask.distributed, 2016.
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