
RightInsight: Open Source Architecture for Data Science∗

Ahmet Bulut

Department of Computer Science
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Abstract: We give the details of our reference architecture called RightInsight for
enabling rapid data science. RightInsight is based purely on open source technolo-
gies. The data is stored in a standard distributed file system such as HDFS. The stored
data is processed in Apache Spark, which provides an enhanced Map/Reduce pro-
gramming environment. Its rich and powerful machine learning base makes it easy
to construct descriptive, prescriptive, and predictive models. In addition to providing
an agile environment for making sense of the data and the data science problem at
hand, its Python-based middleware with a wide array of scientific libraries such as
scipy, numpy, matplotlib, and pandas, enables interactive and exploratory data anal-
ysis. The ability to ask questions, especially the right questions, and to do what-if
analysis is extremely important for any serious data science project. The results of
such exploratory analyses are stored in a suitable format that is easily consumable in
the Web tier. Using rich JavaScript libraries such as data driven documents and boot-
strap, the formatted data can be visualised within a Web browser in creative ways for
rapid insight discovery.

1 Introduction

Data scientists are inquisitive. They explore the problem space, ask questions, do what-

if analysis, and while doing so they question their existing assumptions and processes.

Rather than looking at data from a single source, they examine data from multiple and

disparate data sources. All incoming data is sifted through with the goal of discovering

hidden insights, which in turn can be used as a competitive business advantage or can be

used towards coming up with solutions to pressing business problems. With the necessary

analytics and tools support, a capable data scientist will be well equipped to communicate

informed conclusions and recommendations across the whole organization [IBM14b].

The necessary analytics and tools support varies. From clustering and regression, to clas-

sification and probabilistic inference, and to data enrichment and visualisation, data sci-

entists need to have a solid foundation in computer science and applications, modelling,
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statistics, analytics and mathematics. In order to explore exabytes of data and do what-if

analysis, data scientists require powerful back-end systems so-called data science plat-

forms in order to digest raw data. The platforms have to provide an interactive mode of

data analysis required due to the iterative and inquisitive nature of data science projects.

Figure 1: The collaborative nature of data science projects, which require business analysts, business
users, data scientists, and IT working together for a common objective.

A recent research study conducted by Ventana Research revealed that having the right tools

are the most essential for predictive analytics [Res13]. Many organizations have made the

necessary human capital investment by hiring experts, who have the core responsibility

of ensuring success in predictive analytics. 70% of these companies with business fore-

sight emphasize the need for tools with enhanced usability, being workflow-driven, and

ability to handle any information source. The emphasis on usability reiterates the collabo-

rative nature of data science projects, which require business analysts, business users, data

scientists, and IT working together for a common objective as shown in Figure 1.1

1The depicted picture is drawn using the following source images at:

http://www.montel.com/en/markets/business/manufacturing/manuf-factor-it-department

http://blogs.sap.com/innovation/analytics/data-scientist-sexiest-job-century-01242806

http://www.computing.co.uk/IMG/768/231768/datascienceman-370x229.jpg

http://www.phoenixit.im/business_user.html

http://enterprise-dashboard.com/2009/07/

http://thebusyba.com/business-process-modeling-for-new-business-analysts/
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1.1 Organization of the paper

The details of RightInsight architecture is discussed in Section 2. In Section 3, we present a

representative data science project that exemplifies the primary uses cases for RightInsight.

Since data science projects generally require collaboration of multiple stakeholders from

multiple departments, i.e., being interdisciplinary in nature and scope, we present two

models of interaction that describe how to collaborate in Section 4. Finally, we discuss our

current agenda in Section 5 and emphasize key points to take away in Section 6.

Figure 2: The RightInsight architecture for big data science depicted as a workflow.
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2 RightInsight Architecture

RightInsight is architected for enabling rapid data science. The architecture is shown in

Figure 2. RightInsight is built on open source technologies. Structured, semi-structured,

or unstructured data are all stored in a standard distributed file system such as HDFS.

The stored data is processed in Apache Spark [ZCF+10], which provides an enhanced

Map/Reduce programming environment [DG08]. In order to construct descriptive, pre-

scriptive, and predictive models using the available data, Spark’s rich and powerful ma-

chine learning base called MLBase is utilised [KTD+13]. On top of it, a Python suite that

includes such widely used scientific libraries as scipy, numpy, matplotlib, and pandas en-

ables interactive and exploratory data analysis and the associated model analysis [vR97].

The ability to ask questions and do what-if analysis is extremely important for most data

science projects. The agility of the underlying Python-based platform expedites the pro-

cess of making sense of the data. The results of exploratory analyses made are stored

in JavaScript object notation (json). Using a rich set of JavaScript libraries such as data

driven documents [BOH11] and bootstrap [Ler12], the information in json can then be vi-

sualised inside a Web browser in creative ways for discovering insights and for furthering

team communication and collaboration.

There are other computing platforms available for enabling data science. StarCluster is the

closest to RightInsight. StarCluster is designed to automate and simplify the process of

building, configuring, and managing compute clusters on Amazon’s EC2 cloud [MIT13].

A StarCluster suits the computing needs of most distributed and parallel computing appli-

cations. The primary difference between RightInsight and StarCluster is the base platform

used for scalable data processing. For a StarCluster, OpenMPI, Hadoop, and NFS are used

as the base distributed data processing platform [GFB+04]. On the other hand for RightIn-

sight, Spark ecosystem provides a superior performance in processing big data files. More

specifically, Spark outperforms Hadoop by up to 80 times in iterative machine learning

and graph applications [XRZ+13]. In both RightInsight and StarCluster, a Python suite is

used as an interactive shell for agile data analysis.

In Spark, jobs are responsible for analytic or iterative computing on a large dataset. Each

job first loads its working data into memory for enabling rapid data access. The main

component of Spark is the construct of a resilient distributed dataset (RDD). An RDD

provides granular fault tolerance and distribution of work among multiple worker nodes.

The original input data is sliced into multiple chunks so that multiple jobs can be created

for execution in parallel on each chunk. Fault tolerance is supported through the lineage

information stored for a compute flow in the framework per RDD. In case of node failures,

each compute step in the compute flow can be re-executed linearly in order to recover. In

order to synchronise compute nodes when necessary for certain iterative end-user tasks,

RightInsight uses broadcasting feature of Spark for in-flight data and uses Tachyon for data

at-rest in contrast to the use of NFS in StarCluster. Tachyon is an in-memory based dis-

tributed file system, which enables memory-speed file sharing across cluster frameworks,

and which acts as an intermediate layer between HDFS and Spark [LGZ+14].

IBM Watson Analytics is one of the most compelling data science enablers in the industry

[IBM14a]. Watson Analytics brings together IBM Cognos Business Analytics capabilities

154



and IBM SPSS Modelling and Statistics functionalities in order to capture the most rele-

vant facts, patterns and relationships in data, and presents them in an engaging analytics

experience to the end users. The primary difference between RightInsight and Watson

Analytics is that Watson is built on IBM’s proprietary software stack; whereas RightIn-

sight is built on top of an open source technology stack. Similar to the use of Hadoop in

StarCluster, Watson uses a proprietary version of Hadoop called IBM BigInsights for im-

proved performance. To the best of our knowledge, there are no benchmarks that compare

Spark’s performance with IBM BigInsights performance on competitive workloads.

3 Representative Data Science Application

In IBM’s Smarter Planet initiative, RightInsight is being proposed as a candidate frame-

work for holistic event analysis in a trillion giga big data ecosystem. Our planet continu-

ously gets smarter and more complex. Heterogeneous information sources on the planet

produce streams of events. These information sources could be external sensors (embed-

ded in cars, home appliances, city roads, pipelines, medicine and livestock), internal sys-

tems in use, and we the people. Each event is associated with numeric or textual data, or

other richer media. From 2005 to 2010, over 33 billion RFID tags were produced, which

helped to grow the digital universe from 130 Exabyte (EB) to 800 EB. The digital universe

will double every two years till 2020. In 2020, it will be 40 trillion gigabytes, which is

more than 5,200 gigabytes for every man, woman, and child in 2020 [GR12].

In a trillion giga big data ecosystem, the collected events may not make sense when eval-

uated independently but they could indicate much larger developments and/or evolutions

when evaluated holistically. Our overarching hypothesis is that there is a higher order gen-

erative process that produces the observed events, and our goal is to identify and estimate

the parameters of that process through holistic event analysis. Once the inherent genera-

tive process is identified, it can be used for testing existing assumptions and doing what-if

analysis. For instance, if a harmful development is at work, a security policy can be en-

forced in order to counteract it. The planned discovery process can be used for measuring

the efficacy of the policies enacted and for driving new actionable insights. For holistic

event analysis, streams of events have to be monitored for discovering associations, in-

ferring generative themes, and capturing structural relationships. As an example, causal

relationships can be captured using Conditional Random Fields (CRFs) [RH13] that are

primarily used for structured prediction. Generative themes can be inferred using Latent

Dirichlet Allocation (LDA) that is used for learning probability distributions [Bul14]. In

this project, we will focus on news events available on the Web. Since news events could

arise from disparate data sources, the data processing infrastructure have to be capable of

handling the heterogeneity in data. Furthermore, having large amounts of data to work

with prompts us to use Apache Spark on top of a Hadoop layer for scalable data analytics.

Holistic data analysis is extremely relevant to IBM’s core business [TH11]. The capability

to move from reaction to prediction is identified as one of the core business strengths

for organizations. Organizations need to interpret and respond to streaming sentiments

and dialogues among consumers for taking predictive actions rather than reactive actions.
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That is, there is a shift towards increasing the information responsiveness of companies

of all sizes. RightInsight can turn data into dollars through holistic event analysis. The

generative process learned from the data can be used for predicting the near future or for

simulating what can happen in the near future within a short look-ahead window.

At the beginning of 2014, we received funding from National Research Council of Turkey

in order to develop a system called BOSS for inferring latent themes in dynamically evolv-

ing text collections. There is abundant textual data that evolves over time: Facebook status

updates, product comments on e-commerce websites, articles on news sites, tweets, and

business transactions to name a few. The goals in BOSS project is in line with the goals in

holistic event analysis since inferred latent themes correspond to semantic information that

is captured over raw data. And as such, the higher-level semantics helps decision makers

drive actionable insights.

4 Collaboration Models for Data Science

Bringing together multiple stakeholders from multiple disciplines and backgrounds is not

a straightforward undertaking. Viable collaboration environments and processes need to

be crafted for increasing productivity and interaction while not hindering the participation

of any stakeholder. We propose two candidate collaboration models for this purpose: (1)

OODA and (2) Active Learning.

Figure 3: Observe, Orient, Decide, Act (OODA) Loop. (Adapted from
http://upload.wikimedia.org/wikipedia/commons/3/3a/OODA.Boyd.svg).

4.1 Observe, Orient, Decide, and Act

In today’s highly competitive business environment, all companies that want to stay ahead

of the curve have to shorten the time it takes from the point of an observation being made

to the point when an action is taken based up on that observation. This is how systems get
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smarter, how organizations get more agile, and more importantly how people win.

The time it takes from the point of an observation being made to the point when an action

is taken based up on this particular observation is the realization and one cycle in the

Observation (O), Orientation (O), Decision (D), and Action (A) loop, i.e., OODA loop as

shown in Figure 3 [Boy95]. For most types of decision-making processes in the business

world, OODA presents a viable execution model.

RightInsight can facilitate the OODA collaboration model in data collection, analysis of

the collected data, and in decision-making through controlled experimentation [KLSH09].

The process was proposed for enabling data-driven policy making in smart cities [Bul12].

It is depicted in Figure 4. The more loops are completed, the more patterns are revealed.

Such patterns are catalysts for engineering automated drivers that correspond to these pat-

terns and for crafting expert systems.

Figure 4: Six step process to orchestrate OODA loops.

Using RightInsight, we can detect anomalies using custom monitors, diagnose fault by

comparing operational data with baselines, and finally apply control based on diagnosis

[HY06]. This whole process describes a single OODA loop. The actions that are taken

based on the decisions given at the last step affect the underlying social and physical

processes. These processes give rise to a totally new set of observations. This in turn

marks the beginning of the next OODA loop.

4.2 Active Learning

Imagine the following scenario that describes how a historian and a computer scientist col-

laborates. By using RightInsight, the computer scientist cultivates from a heterogeneous

set of digital information sources prepares a portfolio of “interesting” events. The event
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sources are spatio-temporal. At the beginning, the collected events are seemingly interest-

ing events. Furthermore, the number of events presented to the historian is limited. The

historian evaluates the suggested events and identifies which events are indeed interesting

and may be worth delving deeper into. Armed with this insight, the computer scientist

goes back to cultivation and drills in further for coming up with more interesting events

to present. This process continues indefinitely with one caveat. Since the historian is a

precious resource with limited time and energy, the computer scientist and the system in

turn has to actively learn from the historian.

“Active Learning” defines the interdisciplinary collaboration between a computer scientist

and a social scientist. Technically, active learning is used for training classifiers with

less training data than needed during a regular supervised training [Set09]. The key idea

behind active learning is that when the learning algorithm is allowed to choose the data

from which it learns, then it can perform up to par with less training data. This is valuable

in situations where unlabelled data is abundant but labelling them is expensive.

Figure 5: Illustration of an active learning cycle.

In our sample scenario, a custom data selector that is built based up on the historian’s

domain expertise can speed up the learning process with less training data. RightInsight

provides the necessary tools suitable to interact with data and enables iterative machine

learning for easing exploratory analysis outlined in the scenario. Let E be the total set of

all events including those events that are known to have a certain interesting characteristic.

During each active learning step i as depicted in Figure 5, the set E is broken up into three

subsets as known events EK,i, unknown events EU,i, and ES,i ⊂ EU,i that is selected for

expert opinion. There is an active body of research on the best method to use for event

selection. All events that carry a certain characteristic that are known to exist in previously

known interesting events can be chosen for expert opinion. However this naive approach

does not explore parts of the event space that is yet to be explored. The events to select

is an interplay between the exploration and the exploitation over the event space repre-

sentation. Thomson sampling, which is an implementation of exploration and exploitation

tradeoff, has been shown to work well for display advertisement selection and news article

recommendation [CL11]. Thomson sampling is used for event selection in RightInsight.

158



5 Discussion

RightInsight architecture is instrumental for us to set up a center of excellence in data

science. The center stands on the shoulders of human resources and compute resources.

Academicians and data scientists are the key human resources. A masters program in Data

Science, which is a joint venture with IBM Turkey, sustains the human resources pipeline

and supports the ongoing skills development. The compute resources are provisioned

among various in-house data science projects. The initial infrastructure is an elastic private

cloud; a hybrid or a purely public cloud will be considered when necessary.

6 Conclusions

RightInsight is an enabler of data science. For agility, it is built on top of open source

technologies. Heterogenous data is stored in a standard distributed file system, and then

processed iteratively in Apache Spark. Complex descriptive, prescriptive, and predictive

models can be built on the collected data using a rich and powerful machine learning

base called MLBase. On top of the base data processing platform, a Python suite enables

interactive & exploratory data analysis, and the associated model analysis. The agility of

the Python-based suite expedites the process of making sense of the data. The results of

exploratory analyses made are visualised in a Web browser in creative ways for discovering

insights and for furthering team collaboration.
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