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Abstract 
Big Data Analytics (BDA) has become an important source of competitive advantage for companies. 
By its high operational and strategic potential it may substantially increase business efficiency and 
effectiveness, foster agility and change the competitive game. BDA are best implemented in the cloud 
in a servitized way. In Marketing who is at the forefront of Big Data generation and use, analytics need 
to follow this trend in order to cope with Big Data Volume, Velocity and Variety (3V).  
We introduce an evolutionary view of the technological advances for marketing analytics in order to 
distinguish analytics in the Cloud as the strongly preferred pattern for dealing with Big Data. We insist 
on some new competences marketing scientist, need to acquire in order to deal with BDA in the Cloud. 
In contrast with analytic solutions that don’t need more than one computer to be implemented, BDA 
that require clusters of computers come with additional orchestration, provisioning and deployment 
challenges. Apart virtualization as a technological foundation, upon which cloud computing relies, we 
show some benefits, facilities and simplifications brought over by containerization for BDA.  
We finally suggest marketing analysts, that include academic model builders and data scientists, need 
to have a grasp of service oriented and cloud technologies as this is increasingly the way, and for Big 
Data it is probably the only way, analytic solutions can be brought to the market. 
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Introduction 
Big Data Analytics (BDA) has become an important source of competitive advantage for companies. 
More generally Business Analytics has been regularly reported, over the past decade, to be a top 
priority for many top-level managers (Holsapple, Lee-Post, & Pakath, 2014). The analytics process, 
including the deployment and use of BDA tools, has strategic potential and is seen by organizations as 
a means to improve operational efficiency, drive new revenue streams and gain competitive advantages 
over business rivals (Sivarajah & al, 2017). A study by Anderson (2015) showed that every $1.00 spent 
on analytics applications pays off $13.0. 
In a narrow sense BigData (BD) are data that are too big to be dealt with using one computer. Besides 
Volume, there is Variety, because such data include textual content (i.e. structured, semistructured as 
well as unstructured), to multimedia content (e.g. Videos, images, audio) on a variety of platforms (e.g. 
Machine-to-machine communications, social media sites, sensors networks, cyber-physical systems, 
and Internet of Things [IoT]). This huge amount of complex and heterogeneous data pouring from any-
where, any-time, and any-device resembling to a Data Deluge defines a new era of Big Data. It 
represents a datafication process (Mayer-Schönberger & Cukier, 2013) in which virtually anything and 
everything can be documented, measured, and captured digitally, and transformed into data.  
In essence, BD is the artifact of individual and collective intelligence generated and shared mainly 
through the technological environment (Sivarajah & al, 2017). Some called BD as the New Raw 
Material of the 21st century (Berners-Lee & Shadbolt, 2011) it may substantially increase business 
efficiency and effectiveness, foster agility and change the competitive game. Therefore Velocity is a 
third  defining element of BD,  it demands appropriate data processing and management in order to 
expose new knowledge, and facilitate in responding to emerging opportunities and challenges in a 
timely manner (Chen et al., 2013). BD needs to be analyzed in a way that brings big Value (Sivarajah & 
al, 2017) and can  be regarded as today's Digital Oil (Yi, Liu, Liu, & Jin, 2014). Besides the 3Vs 
(Volume, Variety and Velocity), Value, Variability, Veracity, Visualization are additional BD defining 
elements. 

BD opportunities and marketing transformation 
BD opportunities include value creation (Brown, Chui, & Manyika, 2011), rich business intelligence to 
support decisions (Chen & Zhang, 2014), and enhancing the visibility and flexibility of supply chain 
and resource allocation (Kumar, Niu, & Ré, 2013). Besides transforming marketing as technology 
always did, BD makes marketing “transformative”. Kumar (2018, p. 2) suggests that “technological 
advancements and data-processing capabilities, make the marketing function ripe to enter a phase of 
transformative marketing”. He offers a dialectic definition in which both marketing is transformed by 
the environment and the environment is transformed by marketing.  
On one side the marketing function is being transformed by environment due to: 

• a) societal changes (changing customer landscape which becomes more niche, more distinct)  

• b) changes in the nature of markets (blurred geographical boundaries, technology acting as a 
powerful market integrator that affects competitive advantage generating locational or product 
differentiation difficulties.  

• c) Multiplication of media outlets 

On the other side the business environment is transformed by the marketing function through: 
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• data tracked (enabling employees and companies to offer relevant content and offerings), 

• technology (agents, virtual reality, facial recognition, geofencing  etc. enable realtime response, 
personalized messages and improve the customer experience at each touchpoint along the 
customer’s journey), 

• privacy factors (in an interconnected world privacy becomes an issue and for marketing it 
remains an essential ingredient in forming relationships) 

We think that transformative marketing can be seen as the next 20 years phase in the evolution of 
marketing that continues the paradigmatic shift from transactional to relationship marketing as shown 
in table 1.  

Table 1– Multi-decennial phases in the evolution of marketing 

1960s 1980s 1990/2000s Current Next 20 years 
Mass Targeted  Personalized 

content 
Engaged 
customization 

Transformative 

Transactional Relationship 
Adapted from Kumar (2018) 

Our approach focuses on marketing scientists or analysts as a key human resource and the need to 
operate, as regards their skills, a both technical and cultural paradigm shift from “data” to “big-data”. 
Technical “big-data” skills refer to the know-how required to use new forms of technology to extract 
intelligence from big-data. Marketing scientists have a long tradition in developing and applying 
models and analytics to market and consumer data. Their valuable skills should constitute a powerful 
resource to build BDA capability.  

Understanding of the technological advances that have launched the Big Data 
Revolution  

We think that historical understanding of the technological advances that have launched the Big Data 

Revolution is fundamental for marketing scientists who want to acquire the additional skills needed for 

modeling and dealing with such data.  We also think that acquiring such skills is essential in order to 

take advantage of the distributed and data-rich context provided by the Internet, cloud computing and 

High Performance Computing (HPC). Neglecting factors that enhance usability of models models and 

analytics developed by marketing scientists risks to make the latter irrelevant and limit their use.  

The main points we develop and illustrate with marketing applications in this research are: 

• Understanding key technological advances that launched the Big Data Revolution and the role 
of the MapReduce approach in democratizing BDA calculations  

• Understanding the need for hardware, software and data scalability  

• Understanding hardware virtualization and software servitization in the Cloud  

• Understanding the role of containerization to facilitate orchestration, provisioning, and 
deployment of BigData calculation infrastructure and platforms.  
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Understanding key technological advances that launched the Big Data Revolution 
We think that the main stages in the arousal of the BigData phenomenon were: Internet that  allowed to 
potentially connect all computers in the world, the World Wide Web that democratized the use of the 
Internet and generated the “Data, data everywhere nightmare” and finally the MapReduce approach 
that democratized calculations on “monstrous” amounts of data. 
Internet and WWW origin of BD revolution: The Internet (contraction of interconnected networks) as 
the global system of interconnected computer networks that use the Internet protocol suite (TCP/IP) to 
link devices worldwide is probably the origin of the BD revolution. This unimaginable network of 
networks, evolved almost silently during more than two decades, its services being mainly used by 
researchers until the beginning of the nineties, when Tim Berners Lee  (1989) invented the World Wide 
Web (WWW).  
Data, data everywhere: The democratization of the use of Internet, its continuously evolving web 
applications and the dominance of e-platforms and social-media  came along, among others, with 
endless data flows, a kind of “data tsunami” that almost submerged businesses and institutions. Help 
was needed for “Shipwrecked” managers who saw “Data, data everywhere, and not a byte to use” 
which is a paraphrase of “Water, water, everywhere, Nor any drop to drink” from Coleridge's The Rime 
of the Ancient Mariner. 
MapReduce to democratize BD calculations:  High Performance Computing (HPC) most generally 
refers to the practice of aggregating computing power in a way that delivers much higher performance 
than one could get out of a typical desktop computer or workstation in order to solve large problems in 
science, engineering, or business. It usually deals with supercomputers and/or computer clusters. 
Although under continuous development, HPC, dealing with huge amounts of data using 
supercomputers or computer clusters was regarded by most users, but also by most data scientists and 
in particular marketing scientists, as something not worth worrying about, or too expensive, or even as 
a myth or something that appears as unattainable. It is finally the MapReduce approach that helped 
democratize HPC. For more details see Calciu & al. (2016) 
MapReduce defined: MapReduce is a high level programming model and an associated implementation 
for large scale parallel data processing. It has the merit to hide all complexities of parallel computing 
on distributed servers from users and to have contributed massively to democratize BigData processing. 
The name MapReduce originally referred to the proprietary Google technology (Dean and Ghemawat, 
2004), but has since become a generic trademark. It is integrated in Apache's Hadoop , an open-source 
software framework, written in Java, for distributed storage and distributed processing of very large 
data sets on computer clusters built from commodity hardware. It is useful for marketing scientists to 
have a grasp of MapReduce in order to be able to adapt their models and algorithms to distributed 
parallel processing of massive datasets.  
MapReduce is based on the observation that most Big Data computations can be expressed in terms of 
a Map() procedure that enables filtering and sorting and of a Reduce() procedure that performs an 
aggregating operation like counting, summing etc. Map and Reduce are common Higher-Order 
Functions in Functional Programming. 

 

Understanding the need for hardware and software scalability  
«Small is beautiful» is often used to praise small, appropriate technologies that are believed to 
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empower people more, and is opposed to "bigger is better". It is the title of a highly successful book on 
economics that reached millions (1973, 1999). E.F Schumacher, the author who took this phrase from 
his teacher L. Kohr, was interested not in smallness but in appropriateness of scale as a challenge to the 
'too big to fail' showing premonition concerning the bank crisis we witnessed recently.  
Scalability is the capability of a system to grow or to handle a growing amount of work. It is analogous 
with economic scalability of a company implying that the underlying business model offers the 
potential for economic growth within the company.  
Marketing Decision Support Systems (MDSS), the classical way for delivering marketing analytics, 
have been first defined by Little (1979, p.11) as “a coordinated collection of data, models, analytical 
tools and computing power by which an organization gathers information and turns it into a basis for 
action.” Although Little’s decision calculus approach1 defends the “small is beautiful” point of view 
while fostering usability his MDSS definition remains valid today and can be extended to include Big 
Data analytics with hardware and software scalability (Calciu & al. 2017). 
Computing power or Hardware scalability means that computing power for BigData calculations, can 
be increased economically by regrouping several commodity computers in a network in order to form a 
computer cluster. Today’s mainstream computer hardware is relatively cheap and almost infinitely 
replicable. It is much cheaper to purchase 8 off-the-shelf, “commodity” servers with eight processing 
cores and 128 GB of RAM each than to acquire a single system with 64 processors and a terabyte of 
RAM. While there exist other alternatives to grow computing power for analyzing very large datasets, 
the most successful, flexible and economic way is by distributed computing usually accessed though a 
cloud. Cloud computing provides the tools and technologies to build data/compute intensive parallel 
applications with much more affordable prices compared to traditional parallel computing 
techniques.(Hamdaqua & Tahvildari, 2012). 
Data scalability is a  subject that can be extended to data format, database, no-sql DB or even data-
warehouse aspects. Here we focus on network data storage approaches that facilitate BigData 
calculations: Virtual volumes, HDFS and RDDs. Virtual volumes on a cloud are persistent storage 
devices that may be attached and detached from computer instances, like an external hard drive. They 
do not provide shared storage in the way a network file system (NFS) does. Hadoop Distributed File 
System (HDFS) which is the preferred way to store BigData. Besides providing shared storage, it is also 
distributed, fault-tolerant and scalable. It provides very high aggregate bandwidth across the cluster. 
Fault tolerance in this case is achieved through data replication (3 times). Fault tolerance is necessary 
in distributed calculations, because the probability of a fault in a cluster of computers increases 
exponentially with the size of that cluster. Resilient Distributed Datasets (RDDs) besides being the 
main idea behind Spark the BigData engine that increased calculation speeds up to 100 times compared 
to previous MapReduce solutions, achieve fault tolerance through a notion of lineage (see DAG 
further): if a partition of an RDD is lost, the RDD has enough information to rebuild just that partition. 
This removes the need for replication to achieve fault tolerance. Besides resilience which is defined as 
the ability (of the network) to provide and maintain an acceptable level of service in the face of various 
faults and challenges to normal operation, RDDs are “.. parallel data structures that let users explicitly 
persist intermediate results in memory, control their partitioning to optimize data placement, and ma- 
manipulate them using a rich set of operators” (Zaharia et al., 2012)  
Computational scalability can be obtained by using the MapReduce approach and later developments 

 
1 decision calculus models,  in order to be used, had to be “simple, robust, easy to control, adaptive, as complete as 

possible and easy to communicate with (Little, 1970, p. 466).  
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like Apache Spark in order to scale and distribute calculations over computer clusters. They use Share-
Nothing as the strongly preferred distributed-computing pattern in a cluster of commodity computers. 
At this stage of technology the alternative classical Share-Everything pattern is not a choice because 
network latency and congestion are the bottleneck relative to main memory and local storage. The key 
contributions of MapReduce implementations are scalability and fault tolerance achieved by optimizing 
the execution engine.  
Software scalability is influenced by many factors, ranging from syntax details to component 
abstraction constructs, among which a subtle combination of object-oriented and functional 
programming is the most relevant. It is probably best embodied in a relatively new computer language 
called Scala. “..in Scala a function value is an object. Function types are classes that can be inherited by 
subclasses. This might seem nothing more than an academic nicety, but it has deep consequences for 
scalability”. (Odersky & al, 2011, p.55). Also in order to better understand what recommends Scala as a 
platform for statistical computing and data science one could refer to Wilkinson (2017). 

Understanding the virtualization of hardware and software servitization in the Cloud 
Hardware virtualization as implemented in computer clouds can be seen as a de-materialization of 
“bare metal” computer clusters. The main enabling technology for cloud computing is virtualization. 
Virtualization software separates a physical computing device (bare metal environment) into one or 
more "virtual" devices, each of which can be easily used and managed to perform computing tasks. 
With operating system level virtualization essentially creating a scalable system of multiple 
independent computing devices, idle computing resources can be allocated and used more efficiently. 
Virtualization provides the agility required to speed up IT operations, and reduces cost by increasing 
infrastructure utilization.  
The American National Institute of Standards and Technology (NIST) defines cloud computing “as a 
model for enabling ubiquitous, convenient, on-demand network access to a shared pool of configurable 
computing resources (e.g., networks, servers, storage, applications, and services) that can be rapidly 
provisioned and released with minimal management effort or service provider interaction. Clouds are 
composed of three service models: Software as a Service (SaaS), Platform as a Service (PaaS) and 
Infrastructure as a Service (IaaS) 
Software servitization is another fundamental aspect of cloud computing. The shift from local computer 
toolbox-centered to web-based service-centered analytics software, has preceded cloud and big-data 
computing.  
Web services (WS) are self-contained, self-describing, modular applications that can be published, 
located, and invoked across the Web (Calciu & al., 2013). RESTful Web services are gaining increased 
attention because of their publishing and consumption simplicity (Vinowski, 2002).  REST 
(REpresentational State Transfer) solution takes its inspiration from the web itself and shows that the 
same principles that have made the success of the World Wide Web can be used to solve enterprise 
application integration problems and to simplify service-oriented architectures (Calciu & al., 2013). 
These web service standards and approaches, and particularly REST are used in service-oriented (SO) 
solutions for the cloud that are preferred in Big Data calculations. 

Implementing Big Data Analytics in the Cloud 
Implementing Big Data Analytics in the Cloud comes with additional complexity. Apache Hadoop the 
today’s preferred big-data solution has become an ecosystem formed by numerous software projects 
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that make up the services required by an enterprise to deal with Big Data in an agile way. For example 
Hortonworks, a major data analytics vendor, groups these open-source components into a Data 
Platform with 23 components2 associated to five pillars: Data Management (2), Data Access (13), Data 
Governance & Integration (3), Security (2), Operations (3). For the computational aspects several of 
these Hadoop ecosystem components need to be installed on all Virtual Machines of a cluster. In 
contrast with analytic solutions that don’t need more than one computer to be implemented, BDA on 
clusters of computers comes with additional orchestration challenges for marketing scientists that 
include : 

• Configuring the local (client) computer to use the remote cloud 

• Provisioning the remote scalable BDA infrastructure 

• Deploying the computational ecosystem components 

A more detailed discussion of these aspects can be found in Calciu & al. (2019).  

Containerization a better way to deliver BDA 
Containers, a new trend in virtualization, may substantially reduce the BDA orchestration burden. 
Containerization has gained ground as an alternative to virtualization. In fact containerization can be 
seen as a special kind of virtualization that occurs at operating system level while in Virtual Machines it 
occurs at hardware-level. Historically, in Unix systems, the first containers just provided isolation of 
the root file system (via chroot). Later FreeBSD jails extended this to additional namespaces such as 
process identifiers. A modern container is more than just an isolation mechanism: it also includes an 
image that contains the files of the application that runs inside the container (Burns & al., 2016). While 
much more lightweight than Virtual Machines (VMs), containers provide resource-management tools 
that make running applications efficient. They also provide robust kernel-level resource isolation to 
prevent the processes from interfering with one another. Docker is a tool that can package an 
application and its dependencies in a virtual container that can run on almost any server, out of the box, 
without installing any software. The resulting flexibility and portability allowing running applications 
everywhere. Kubernetes is an open source container-centric management environment developed at 
Google, that facilitates both declarative configuration and automation. It orchestrates computing, 
networking, and storage infrastructure on behalf of user workloads. This provides much of the 
simplicity of Platform as a Service (PaaS) with the flexibility of Infrastructure as a Service (IaaS), and 
enables portability across infrastructure providers. While container technology serves two key 
functions: software packaging and kernel privilege segmentation,  Kubernetes extends on these key 
functionalities further to enables programmable, flexible, rapidly deployable environments. This is very 
useful for deploying BDA engines and their ecosystem. 

Building the BDA infrastructure and software ecosystem in the cloud 
As to our knowledge this is the first academic marketing attempt in France to apply BDA in the cloud. 
As acknowledged by some authors and reviewers in the latest special issue on Big Data of Marketing 
Science (Liu & al., 2016), academia lags behind industry in conducting cloud analytics. They state that 
cloud tools, like Spark, used by the industry go beyond the simple MapReduce programming model 

 
2 Apache Hadoop YARN, HDFS, Apache Hive , Apache Pig, MapReduce, Apache Spark, Apache Storm, Apache Hbase, 

Apache Tez, Apache Kafka, Apache Hcatalog, Apache Slider, Apache Solr, Apache Mahout, Apache Accumulo, 
Workflow Management, Apache Flume, Apache Sqoop, Apache Knox, Apache Ranger, Apache Ambari, Apache Oozie, 
Apache ZooKeeper 
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and suggest that future marketing research that requires large-scale data analytics should consider 
adopting these tools. Our paper introduces Apache-Spark which is the todays most powerful and 
popular BDA computation engine. 
A scalable BDA infrastructure has been orchestrated on the authors’ university's private cloud3. We 
adapted a solution suggested by Borisenko & al. (2016) based upon Ansible to automate provisioning, 
configuration and deployment of this infrastructure and BDA software.  
A computer cluster with 6 Virtual Machines (VMs) within the limits of the quota previously attributed 
by the cloud administrator has been created. For each VM we chose Ubuntu 16.04 LTS - 64 bit among 
the available operating system images with the biggest available flavor , 6 cores and 21GB RAM. In 
this way we scaled our computing power to 36 cores, 126 GB RAM.  
On the same occasion the computational engine Apache Spark and additional components form the 
Apache Hadoop ecosystem have been deployed. Among them Apache Torre a kernel for the Jupyter 
Notebook platform providing interactive access to Apache Spark and Ganglia a scalable distributed 
monitoring system for high-performance computing systems such as clusters and Grids. 
We used HDFS commands in order to put the above mentioned datasets and some subsets of them on 
the “data lake” created by Hadoop by putting together the available disk space of the 6 VMs.  

Two BDA case studies 
To illustrate the way BDA are applied in the cloud we present two case studies each based upon a 
different dataset. 
The first file we are using can be considered as BigData as it contains 343,766,402 transactions or rows 
(file size 9.57G) recorded during 78 weeks from 6,326,658 customers of a retail chain. It contains 
essentially three columns: customer identity followed by transaction date and amount. For 
confidentiality reasons the source of the data cannot be disclosed. We will call this dataset, the 
purchase history dataset. It is used to predict future customer purchase behavior based upon aggregated 
customer-level variables like Recency, Frequency and Monetary. Both the aggregation and prediction 
phases use cloud-computing based analytics.  
Another file we use is the Amazon customer reviews dataset (curtesy McAuley et al., 2015, file size 
58,3G) that contains 82.68 million reviews after deduplication (142.8 million reviews originally) 
spanning May 1996 - July 2014. The two first reviews in json (JavaScript Object Notation) format are 
given below: 
{"reviewerID": "A00000262KYZUE4J55XGL", "asin": "B003UYU16G", "reviewerName": "Steven N 
Elich", "helpful": [0, 0], "reviewText": "It is and does exactly what the description said it 
would be and would do. Couldn't be happier with it.", "overall": 5.0, "summary": "Does what 
it's supposed to do", "unixReviewTime": 1353456000, "reviewTime": "11 21, 2012"}  

{"reviewerID": "A000008615DZQRRI946FO", "asin": "B005FYPK9C", "reviewerName": "mj waldon", 
"helpful": [0, 0], "reviewText": "I was sketchy at first about these but once you wear them 
for a couple hours they break in they fit good on my board an have little wear from skating 
in them. They are a little heavy but won't get eaten up as bad by your grip tape like poser 
dc shoes.", "overall": 5.0, "summary": "great buy", "unixReviewTime": 1357603200, 
"reviewTime": "01 8, 2013"}  

We will refer to this dataset as the web reviews dataset. It will be used to predict customer ratings from 
verbatim feedback.  

 
3 Openstack cloud with 53 Tflops composed of 58 hypervisors pour un total de 1068 cors and 14 To of RAM. 
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Descriptive analytics with the RFM approach 
MapReduce can be best understood when analyzing aggregation tasks in the purchase history dataset 
like computing transaction Frequency, Monetary value and Recency per customer. The Map phase 
implies sorting customer transactions by name, date or amount into queues, one queue for each name. 
The Reduce phase then performs aggregating operations such as counting the number of transactions in 
each queue, yielding customer purchase Frequency, or retaining the maximum date, yielding customer 
Recency or summing transactions amount, yielding customer Monetary amount.  

Figure 1 – Aggregating Customer Transactions to obtain RFM Behavioral Variables and lazy evaluation   

 
Figure 1 shows the first code entry in Jupyter Notebook which is the most popular way to access BDA 
in the cloud. The code mainly contains transformations. Transformations are simply ways of specifying 
different series of data manipulation.  
Transformations in line 4 filter out the line containing headers from the purchase history dataset (raw 
text file) and then map several functions that split the rows using the “;” separator and associate 
appropriate data types to the three resulting fields (custid, date, M) as described in the Transactions 
class at line 2.  Then, in lines 5 to 7, map and reduce transformations are performed in order to 
aggregate  the about 350 million transactions to the about 6 million customers, defining customer 
Frequency (line 5), Monetary (line 6) and Recency (line 7) variables. 
Transformations allow to build up a logical transformation plan. This leads us to a topic called lazy 
evaluation. Lazy evaluation means that Spark will wait until the very last moment to execute the graph 
of computation instructions.  
To trigger the computation, we run an action. An action instructs Spark to compute a result from a 
series of transformations.  

Figure 2 – Actions triggering computation for RFM Variables     

 
 
The simplest action is “count” which gives the total number of records in the dataset. Entry 2 in the 
Notebook shows the count action that will trigger the whole transformation chain and finally, after 
several computing stages over the cluster, will  give the exact number of customers (frequencies) . 
Entry 3 triggers another action that takes and displays the first three customer frequency records.   
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This shows that in Spark, instead of modifying the data immediately when we express some operation, 
we build up a plan of transformations that we would like to apply to our source data. Spark, by waiting 
until the last minute to execute the code, will compile this plan from the raw, dataset transformations, to 
an efficient physical plan that will run as efficiently as possible across the cluster. 
RFM variables besides their descriptive, summarizing power can further be used in predictive analytics 
for targeting customers. For a more detailed discussion on such analytics one can read Calciu & 
Salerno (2005). 

Predictive analytics as a text-mining exercise : Predicting Consumer Ratings from 
Amazon Reviews 

Text mining methods to predict consumer ratings or sentiments from customer “voice” are heavily used 
in practice and constitute important subject for marketing research. Here we use the reviews dataset 
mentioned earlier in order to predict consumer ratings. The Lasso regression, applied here, uses a form 
of Regularized Least Squares that like Ridge regression is suited when the number of independent 
variables is big, and has the advantage over the latter to automatically select more relevant features and 
discard the others. This is another kind of BDA application in the cloud that is deemed to predict 
Amazon consumer ratings from reviews' unigrams by selecting a reduced number of more relevant 
features. It also illustrates the flexibility of Spark compared to the classical MapReduce approach.  

Figure 3 - Text mining approach to predicting customer ratings from Amazon reviews     

 
As before, we start by transforming the data into the correct format and create some valuable features. 
An important aspect here is the way a transformations pipeline is organized. A pipeline allows 
Advanced Analytics and Machine Learning, It can set up a data-flow of the relevant transformations, 
ending with an estimator. The tokenizer extracts and counts the individual words (line 11).A bag of 
words (BOW) representation of the review text is constructed. HashingTF (line 12) is a transformer 
which takes BOWs and converts them into fixed-length feature vectors. Each distinct word (token, 
unigram) defines a feature (independent variable) of each of the reviews. The final item this pipeline is 
the estimator of the lasso regression (line 13) that adds the “overall” customer rating as the dependent 
(explicative) variable. The next step will be evaluating the performance of this pipeline. Spark does this 
by setting up a parameter grid of all the combinations of the parameters that you specify (line 14). Here 
the evaluator's metric is the R2 (line 17). Finally the cross-validation procedure combines the pipeline 
as an estimator, the evaluator and the parameter grid (line 18)  
Again, as in the previous exercise, up to this point the listing contains no actions. According to lazy 
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evaluation the engine will wait until the very last moment to execute the graph of computation 
instructions. Real calculations occur later when cross-validation is launched to fit over the training 
dataset. Once the model has been estimated over what should be a reviews training-set its performance 
can be evaluated over a test-set and R2 score and customer rating predictions can be given by using the 
calibrated model with customer reviews from the test set. 
In order to show the potential computational burden we used the whole reviews dataset as a training-set 
as it is a good example of big data. We then analyzed (see figure 4) using Ganglia monitoring system 
the difference in terms of workload for the cluster processes mobilizing the available cores (CPUs), for 
the joint memory, for CPU resources mobilized by user, system or wait processes.  

Figure 4  

 
 

It appears clearly that the transformation or lazy evaluation phase that lasted about 10 minutes 
consumed much less resources than the action phase where the first model fitting phase lasted about 20 
minutes and continued almost endlessly during the other phases of the cross-validation process. 

Conclusion 
While trying to give an overall picture of the role of BD and BDA in transforming the marketing 
function of a company, our approach focuses on marketing scientists or analysts as a key human 
resource and the need to operate, as regards their skills, a both technical and cultural paradigm shift 
from “data” to “big-data”. BDA solutions form rather complex software ecosystems and normally 
operate on clusters of computers in either “bare metal” or virtualized form.  Marketing scientists have a 
long tradition in developing and applying models and analytics to market and consumer data. Their 
valuable skills should constitute a powerful resource to build BDA capability. By paraphrasing 
Clemenceau’s famous quote "War is too important a matter to be left to the military", we suggest that 
"Big Data are too important to be left to computer or data scientists". Marketing scientists should play 
an active role and contribute to the new approaches that lead to groundbreaking changes in data science. 
By trying to demystify BigData approaches and point out key technological aspects our paper invites 
marketing scientists to pay more attention to technologic evolutions, to become more involved in 
developing specific analytics. 
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We introduce an evolutionary view of the technical resources for marketing analytics in order to 
explain the shift from toolbox-centered to service-centered analytics and evaluate the impact on human 
and organizational resources. We then decline the several Service Oriented Approaches that have 
dominated service-centered analytics and decision support in order to distinguish analytics in the Cloud 
as the strongly preferred pattern for dealing with Big Data. We insist on some new competences human 
resources, that is marketing scientist, need to acquire in order to deal with BDA in the Cloud. In 
contrast with analytic solutions that don’t need more than one computer to be implemented, BDA that 
require clusters of computers come with additional orchestration, provisioning and deployment 
challenges. Apart virtualization as a technological foundation, upon which cloud computing relies, we 
show some benefits, facilities and simplifications brought over by containerization for BDA.  
We finally suggest marketing analysts, that include academic model builders and data scientists, need 
to have a grasp of service oriented and cloud technologies as this is increasingly the way, and for Big 
Data it is probably the only way, analytic solutions can be brought to the market. 
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