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Getting Started with Machine
Learning in the Cloud 

Executive Overview 
“Machine learning” is a term that we hear virtually everywhere 
today. Everyone, it seems, is getting into it, and for good reason. 
Companies are gaining competitive advantage, delivering better cus‐
tomer experiences, increasing revenue, reacting more swiftly to 
market shifts—all by applying machine-learning techniques and 
technologies to the data they already possess. 

But challenges abound as well. Data scientists with the necessary 
know-how are scarce, and they sometimes work in organizational 
silos rather than in collaboration with other stakeholders in the 
technical and business groups. It can be difficult to integrate 
machine-learning models with existing or new applications or pro‐
cesses. And a host of security issues in this area have yet to be 
resolved. 

In this report, we go over the types of real-world applications for 
machine learning that are delivering successes today. We review the 
benefits and challenges alike of deploying machine learning. We also 
explain why most organizations are currently implementing their 
machine-learning projects in the cloud. And we provide you with a 
list of best practices that early adopters have found useful in their 
machine-learning deployments. 

1 



Introduction: The Data Opportunity 
Think of all the data that is collectively accumulating across different 
areas of the enterprise. Terabytes and terabytes of it. Just imagine if 
you could really put this data to work for you. 

Imagine predicting with an extraordinary degree of accuracy how 
much of Product A you’ll sell next quarter. Knowing exactly which 
customers will deliver the highest lifetime value. Identifying and fix‐
ing inefficiencies in your back-office operations. 

This is all possible, if you are taking advantage of your data effec‐
tively, and if you are—to use the latest vocabulary—data driven. But 
recent research by NewVantage Partners finds that most large com‐
panies are experiencing problems getting there. A full 69% of IT 
professionals surveyed said they have failed to create data-driven 
organizations. Worse, we’re apparently heading in the wrong direc‐
tion. The percentage of organizations calling themselves “data 
driven” has actually declined annually in recent years—from 37.1% 
in 2017 to 32.4% in 2018, and down to 31.0% in the latest survey (as 
shown in Figure 1). 

Figure 1. Data-driven companies in decline 

Machine learning promises to reverse this negative trend. An 
increasingly popular technology that falls under the broad umbrella 
of artificial intelligence (AI), machine learning is predicted by 
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McKinsey Global Institute to create an additional $2.6 trillion in 
value by 2020 in marketing and sales, and up to $2 trillion in value 
for manufacturing and supply-chain planning activities. If you 
haven’t started experimenting with machine learning to tame your 
data, you could quickly fall behind the curve. In the next section, we 
give some real-world examples of how machine learning is already 
yielding often hefty returns on investment (ROI) to companies. 

Machine Learning Solves Real-World Problems 
Machine learning is paying off for early adopters. A full 82% of 
enterprises adopting machine learning and AI have gained signifi‐
cant financial advantage from their investments, with an impressive 
median ROI of 17%, according to Deloitte. Here are some examples 
of machine learning as applied to challenges businesses face every 
day. 

Recommendation engines 
Anyone who has bought something on Amazon or streamed a video 
on Netflix is familiar with recommendation engines. These are really 
exercises in personalization. Machine learning helps companies 
detect patterns based on what customers have purchased in the past, 
what they’ve clicked, or even where they’ve hovered on a particular 
screen. They use this information in combination with other data— 
for instance, the customer’s age, gender, or geographic locale—to 
recommend other products or services that they might like, person‐
alized to their tastes—as perceived by the machine-learning algo‐
rithms powering the recommendation engine, of course. 

Recommendation engines are often expanded with machine learn‐
ing to predict click-throughs, so businesses know who is most likely 
to click on an ad. They also learn when to offer timely discounts, 
including knowing the precise times to send promotional codes to 
customers so that they will make purchases. 

Fraud detection 
Machine learning is also being used by credit card companies and 
other financial-services organizations to detect fraudulent uses of 
credit cards, identity theft, and account takeovers. And it’s not just 
financial companies that need to be wary of fraud these days. All 
transactions by online retailers are a potential opportunity for fraud. 

Introduction: The Data Opportunity | 3 

https://oreil.ly/h1sv6
https://oreil.ly/E8i3S


One example of a company that uses machine learning to help with 
fraud detection is Danske Bank. Based in Denmark, but serving the 
entire Nordic region of Denmark, Finland, Norway, and Sweden, 
this 145-year-old bank has made fighting fraud a top priority. 

Danske Bank’s machine-learning fraud initiative was made urgent 
by changes in customer behavior. Traditionally, most Danske Bank 
customers had transacted business in person, in branch offices. But 
today, virtually all interactions are digital—completed through call 
centers, ATMs, phones, computers, or other mobile devices. Prior to 
deploying machine learning, the bank had a poor fraud-detection 
rate—just 40%—and its legacy fraud-detection system was generat‐
ing 1,200 alerts a day, 99.5% of them false positives. After installing a 
new machine learning–driven system, the bank cut false positives by 
60% and increased genuine alerts by 50%, and could focus its 
resources on the cases that truly required the attention of its security 
staff. Danske Bank did this by integrating deep learning software 
with graphical processing unit (GPU) appliances optimized for AI-
based deep learning. Data scientists wrote an analytic model that 
identified potential cases of fraud while intelligently avoiding false 
positives. Additionally, most operational decisions were shifted from 
human workers to the AI-based system. 

Retention modeling 
Retention modeling systems predict whether—or when—a customer 
is likely to abandon a brand. This information is extraordinarily val‐
uable to businesses, giving them the opportunity to take appropriate 
actions to retain at-risk customers and, in the process, increase their 
lifetime value. Knowing who your most valuable customers are is 
particularly critical in the online retail space. 

Donatos Pizza, a family-owned pizza parlor based in Ohio that has 
grown from a single location in 1963 to more than 160 franchises 
today, noticed that its clientele was dropping off. Using machine 
learning, Donatos was able to identify customers it was at risk of los‐
ing and consequently take immediate action to retain them, such as 
offering coupons for free food items. Within months of applying 
machine-learning algorithms to its database of customers’ past 
behaviors, Donatos was able to retain 45% of these at-risk custom‐
ers, and it achieved a 15% improvement in overall customer reten‐
tion. So successful was the program that Donatos made it obligatory 
across all of its franchised locations. 

4 | Getting Started with Machine Learning in the Cloud 

https://oreil.ly/Yje3x
https://oreil.ly/sTHSq
https://oreil.ly/sTHSq


Predictive maintenance 
Predictive maintenance driven by machine learning is a huge—and 
growing—trend, especially in manufacturing, aerospace, oil and gas, 
and other industries that must manage expensive, mission-critical 
heavy equipment. Rather than a company depending on rough esti‐
mates of when a part should be replaced or other maintenance per‐
formed on machinery, machine-learning algorithms can predict 
when a piece of equipment is likely to fail based on a broad range of 
signals detected and learned from that particular piece of equipment 
itself. 

This ability is extraordinarily valuable. It prevents unplanned down‐
time due to failures in key equipment, reduces the need to keep 
excess spare-part inventory on hand, and minimizes the overtime 
pay of personnel required to fix equipment in emergency situations. 

AGR is a leading global oil-well design-and-drilling project-
management and field-management company whose services cover 
the entire oil-field life cycle. It manages hundreds of oil and gas pro‐
duction plants, many of them in remote locations. If broken equip‐
ment delays or stops oil or gas production, the costs can range from 
tens of thousands to hundreds of thousands of dollars in lost reve‐
nue. By deploying machine learning and advanced analytics, today 
AGR can predict when equipment needs maintenance prior to an 
unplanned disruption, and can take timely action. 

Despite early successes at AGR and elsewhere, the use of predictive 
maintenance and machine learning is still in its infancy. A recent 
study showed that a plurality of industrial organizations (44%) still 
rely heavily on simple ad hoc analyses done in Excel, for example; 
that’s significantly more than the percentage of analyses done via 
machine learning (12%). Much of this difference can be attributed 
to the complexity of developing predictive maintenance systems for 
specific pieces of equipment. 

Medical diagnoses 
In the field of medicine, machine learning is being applied to medi‐
cal diagnostics. Its capacity to analyze numerous variables in huge 
volumes of data makes it possible to predict which patients are most 
likely to contract certain kinds of diseases, and to take preventive 
measures to slow down or even ward off symptoms. 
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For example, more than 12,000 children are diagnosed annually 
with diabetic ketoacidosis (DKA), a life-threatening complication of 
Type 1 diabetes. Texas Children’s Hospital used machine learning to 
more precisely predict DKA risk in time to take preventive meas‐
ures. Deploying a machine-learning system resulted in an impres‐
sive 30.9% decrease in DKA admissions per year and the formation 
of an interdisciplinary team to collaborate on high-risk cases as pre‐
dicted by the machine-learning system. 

All of these successes are building a convincing case for machine 
learning. In the next section, we talk at a high level about some of 
the most compelling benefits. 

Benefts of Deploying Machine Learning 
As the real-world examples in the previous section reveal, you can 
gain many business benefits from machine learning. We discuss 
these benefits in more detail throughout this section. 

Help You Make Smarter, Faster Decisions 
Machine-learning models deliver recommendations and predictions 
faster than you could previously hope for. Given the volumes of data 
that your connected organization collects every day—data it gener‐
ates itself, data from operations, data from transactions, and data 
from partners—it would be impossible to process all of this infor‐
mation and act on it without relying on an AI technology like 
machine learning. Real-time decision making based on hard data is 
now possible—giving companies that have deployed machine learn‐
ing an edge over competitors, many of whom are still, for example, 
getting their sales data two weeks in arrears. 

Help Remove Bias from Decision Making 
A machine-learning algorithm has no preconceived notions of how 
a particular business problem can or should be solved. It doesn’t rely 
on “gut feelings” as do so many business executives, feelings that can 
lead an enterprise down a wrong path. Machine learning looks at the 
data and nothing else. It allows analysts to uncover structure in the 
data and derive insights so that you can make better business deci‐
sions. 
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Of course, because any “learning” that the machine-learning system 
does will be based on the data, it is essential that the data is not 
biased. Human beings have their blind spots, and the data they gen‐
erate and collect and analyze can reflect that. In several notorious 
instances, machine-learning systems that had been used to make 
important business decisions (such as hiring for strategic jobs) were 
later revealed to be incredibly biased because they were fed biased or 
incomplete data. 

With the right data, machine learning is also able to adapt to new 
knowledge or trends more swiftly than people can. So, in an envi‐
ronment where markets or customer behaviors are shifting rapidly, 
machine learning is a very appropriate tool. 

Leverage All Your Data 
Data is the name of the game in machine learning. Unlike tradi‐
tional programming models, machine-learning models can be 
trained on virtually unlimited amounts of data to predict valuable 
outcomes and drive business decisions. For example, you might 
want to use customers’ online behavior data to drive your advertis‐
ing budget—to tell you where to invest your digital ad dollars. In 
such a case, the model will be hungry for any data you can feed it— 
structured, unstructured, and everything in between. Then the 
model uses this new data to continuously adapt for advertising strat‐
egy. By taking data from your website—who clicked on what—and 
combining it with data on who clicked through on your Facebook 
ads and with what you know about your existing customers, you can 
predict who is most likely to purchase based on ads and target your 
advertising budget accordingly. 

Deliver a Better Customer Experience 
Because machine learning helps you understand your customers 
much better than you could previously—goodbye to the crude mar‐
ket segmentation techniques of yesterday—you can personalize 
experiences to meet their particular needs and preferences. Accord‐
ing to an IDC survey, AI-based customer relationship management 
could boost global business revenues by $1.1 trillion from the begin‐
ning of 2017 to the end of 2021. This boost will be driven mostly by 
increased productivity ($121 billion) and lowered expenses due to 
automation ($265 billion). 
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Streamline Operations and Reduce Costs 
Until fairly recently, our ability to automate business processes was 
limited to those processes that were predictable and repetitive in 
nature—for example, feeding structured data from your accounts 
payable system into your accounting system. If any part of the pro‐
cess required taking new information into consideration or making 
a judgment call based on more than simplistic rules, the organiza‐
tion needed to perform it manually. With machine learning, you can 
now automate processes that are variable and unpredictable because 
the system learns as it processes data in real time. For example, you 
can use machine learning to look at unstructured data coming from 
a wide variety of invoices and automatically assess and pay the ones 
that match your records, while routing problematic invoices to a 
human to resolve. This is revolutionizing both front- and back-
office activities, speeding up operations, improving employee pro‐
ductivity, and saving money. 

Now that we’ve covered the benefits, it’s time to dig a little deeper 
into the details. A major question that comes up with AI and 
machine learning is, where should it be deployed—on premises or 
in the cloud? We explore this question in the next section. 

To Cloud or Not to Cloud? 
One of the first—and most important—decisions you will need to 
make when considering machine learning is, where do you locate 
your machine-learning models: on premises or in the cloud? 
Increasingly, companies are choosing the cloud. A recent survey by 
Deloitte Global found that 2019 is the year when using the cloud for 
AI—which encompasses machine learning—will dramatically accel‐
erate. 

Cost is likely a factor here. The infrastructure required to support an 
effective machine-learning model was once prohibitively expensive, 
putting it out of reach for many organizations. The public cloud 
changed that. Suddenly, more businesses are finding it possible to 
have complete machine learning–ready environments available on 
demand, and pay only for what they use. 

According to this same Deloitte study, among companies that adopt 
AI technology, 70% will subscribe to cloud-based enterprise soft‐
ware, and 65% will create AI applications using cloud-based devel‐
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opment services. By 2020, an estimated 87% of organizations that 
use AI software will use cloud-based AI software. 

The top cloud computing platforms are all betting big on democra‐
tizing AI. All have made significant investments in machine learning 
and are announcing new services every few months. And many are 
beginning to reap the benefits of the cloud, which we discuss in the 
next section. 

Benefts of the Cloud 
The first benefit of the cloud is elasticity. The compute and storage 
requirements for machine learning are extensive because of the 
sheer volume of the data that needs to be stored and processed. Plus, 
machine learning can be enormously variable in its demands, 
requiring a lot of resources during one hour and far fewer the next. 
The cloud is the perfect place for large and variable workloads, 
because you can scale up—and down—as required. It’s also more 
cost effective than on-premises because you only rent the resources 
you need when you need them. No need to overprovision on-
premises infrastructure to meet your maximum projected require‐
ments for peak workloads. 

A second benefit is that you can take full advantage of data you pre‐
viously couldn’t—from data warehouses, software-as-a-service 
(SaaS) applications, and on-premises databases. In the past, it was 
difficult to create a dedicated, on-premises environment (such as a 
data lake) to hold all this data, due to complexity, cost, and data vari‐
ability. Today, you can put your data lake into the cloud, and it will 
hold anything and everything you need until you are ready to ana‐
lyze it or run it through machine-learning models. 

Agility is the third major benefit of using the cloud for machine 
learning. Because you can provision compute and storage instantly, 
you can move on new ideas more swiftly and adjust to market shifts 
more seamlessly. You also get faster access to the latest technologies 
because you don’t accumulate the technical debt that you would if 
you were buying, not renting, all the required resources. 

For example, you can take better advantage of the latest advances in 
GPU technology in the cloud than if you’d invested in a previous 
generation of the technology. And because whatever is stored in the 
cloud is accessible to anyone anywhere, the cloud can truly democ‐
ratize data-driven decision making, leading to much more agile 
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business operations. As an added bonus, the major cloud providers 
offer machine-learning tools and capabilities that don’t require a 
data scientist; business users can easily learn these tools, which 
streamlines machine learning and makes it easier for everyone. 
Tools like Oracle Machine Learning Notebook, Amazon SageMaker, 
Google Cloud ML Engine, and Azure Machine Learning services 
offer options such as prebuilt algorithms or trained models for busi‐
nesses to easily use. 

Finally, you get operational efciencies from the cloud because you 
don’t need to worry about maintaining hardware and patching soft‐
ware. All that is done for you by the cloud vendor. This frequently 
leads to cost savings over operating an extensive on-premises 
machine-learning operation. 

The next section looks at the machine-learning life cycle: the step-
by-step process by which you create, deploy, and retire machine-
learning models. 

The Machine-Learning Life Cycle 
The machine-learning life cycle is a process that defines each phase 
for deploying machine learning to get practical business value out of 
your data. There are six sequential phases, each of which is critical 
for deployment success. It’s important to understand that the life 
cycle is iterative: when you get to the final phase, it’s time to begin 
thinking about starting all over again. 

Phase 1: Establish a business goal 
You need a tangible goal. Whether that’s to increase revenues, 
enhance the customer experience, streamline operations, or 
otherwise create value for your organization depends on your 
reasons for turning to machine learning in the first place. Take 
online retail. You might have the goal of identifying which cus‐
tomers are likely to leave so you can take preventive action and 
improve the lifetime value you derive from them. But too many 
organizations fail to start with a business goal. Instead they say, 
“We have all this data. What can we learn from it?” If you 
approach it that way, you will end up spinning your wheels and 
wasting time and money. It’s always good to start with a smaller 
and more easily achievable goal (see “Step 1: Formulate a Con‐
crete, Achievable Goal” on page 12). 
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Phase 2: Acquire, clean, and prepare data 
Now you need to gather and prepare all relevant data. In the 
online retail case outlined earlier, this would mean consulting 
with experts within the business as to which attributes might be 
most important to predicting whether a customer might stop 
doing business with you. This can range from data on gender 
and physical location to historical data of price fluctuations, 
number of dropped calls, changes over time, or myriad other 
variables. These are called features, and the process of choosing 
them is called feature engineering, or using in-depth knowledge 
of the data to create features that will make machine-learning 
algorithms work. Then you need to scrub and clean the data— 
nothing is more important in a machine-learning project than 
reliable data—and get it into a format suitable for analysis. 

Phase 3: Build and train models 
There are two types of machine-learning models: supervised 
learning and unsupervised learning. With supervised learning, 
you start by deciding what your “target variable” is. (This is not 
the case with unsupervised learning.) In our retail example, it 
would be whether your customer continues buying from you or 
not. Data scientists and citizen data scientists then run machine-
learning algorithms on the data. These algorithms build models 
—sometimes hundreds of them—based on different algorithms 
or machine-learning approaches. These models are then trained 
by the historical customer data that has been collected and pre‐
pared. Finally, you take the trained models and run them on 
new data to see whether they correctly predict customer churn. 
You pick the model or models that return the best results. 

Phase 4: Evaluate and understand your model 
One of the most difficult tasks of machine-learning projects is 
to evaluate the performance of a model and understand its 
inner workings. Even for data scientists, it can be difficult to 
understand why a model is making the predictions that it is 
making. But before you deploy a machine-learning model, you 
need to understand which of the many data features you’ve col‐
lected affect the outcome. This is an important activity for any 
project and can even be mandatory in heavily regulated indus‐
tries such as banking and health care. 
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Phase 5: Deploy and operationalize the model 
The next step is to deploy the model into production. This is 
often the most difficult step because of disconnects between the 
technologies used to build the model and the production tech‐
nologies. In fact, by one estimate, 87% of models never make it 
into production. For successful completion, this step requires 
intense collaboration among infrastructure professionals, data 
scientists, data engineers, domain experts, end users, and man‐
agement. 

Phase 6: Monitor and retire the model 
This is the “last mile” in the model life cycle and is often neglec‐
ted, despite being a key aspect. You must continuously monitor 
the model—in real time, if possible—to determine how well it is 
performing. The accuracy of models degrades over time. They 
become less effective. They need to be refreshed or replaced. 
Unfortunately, many early users of machine-learning models do 
not do this, and as time goes by their machine-learning deploy‐
ments return less and less value. Or they do it at fixed intervals, 
when ideally it should be done continuously, in real time. 

The reason for this is that the world is constantly changing, and 
thus the data you are collecting reflects this. Customers change 
their preferences. Fraudsters actively monitor what works and 
change their attack modes to avoid being identified. As a result, 
the new data coming in could be very different from the data 
that was used to train the model. Thus, the goal of monitoring is 
to identify when the model becomes subpar in performance. 
Then it’s time to return to Phase 2. 

How to Get Started 
After you understand the machine-learning life cycle, it’s time to get 
started on a machine-learning initiative. Much like the process of 
actually doing machine learning, there are steps to boosting the suc‐
cess of your machine-learning deployment. Here are five basic steps 
to getting started. 

Step 1: Formulate a Concrete, Achievable Goal 
You need to have a vision that is realistic—a solid business goal— 
and then you need to “think small” within that vision to get going. 
The trick is to be extraordinarily specific about the business prob‐
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lem. For example, rather than “I want to know whether a customer 
is going to churn,” you should say, “I would like to know within 
three months of renewal whether a customer is going to cancel their 
subscription.” Or, if you are a hospital wanting to prevent heart-
attack fatalities, you might say, “I want to know the vitals and symp‐
toms of the patient three months before she had a heart attack.” 

Step 2: Assemble the Team 
The next step is to understand that putting together a machine-
learning team is not just finding data scientists—as difficult as that 
will be in and of itself. You need to be able to put together a multi‐
disciplinary team. That means not just machine-learning engineers 
and data scientists but also data engineers, application developers 
with DevOps engineers to support them, and business analysts to 
take the insights generated by the models and apply them to real-
world challenges. By themselves, data scientists generally don’t bring 
models to production. They surround themselves with other profes‐
sionals to facilitate that. 

Step 3: Achieve Quick Wins That Show the Value of
Machine Learning 
The most important thing is to think small so that you can prove 
immediate, tangible value. Don’t try to impress the boss with how 
you’re going to take all unstructured data from Twitter and combine 
it with sensor data from the internet of things (IoT) to do something 
risky and time consuming that ultimately fails. Instead, think of 
some finite problem that nevertheless is holding back your organi‐
zation in some way. Perhaps your hospital is readmitting too many 
patients. Or not enough people are moving from the freemium to 
the premium version of your product. Identify what you’d like to 
accomplish, set an attainable goal, and reach it. You can then achieve 
quick wins through discovering new insights and potential cost sav‐
ings, and that’s very valuable. But keep in mind that machine learn‐
ing isn’t truly considered valuable in the eyes of the business until it 
starts to improve revenue, which is related to the coming step of 
operationalization. 
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Step 4: Evangelize to Get Executive Support 
When you have proof that machine learning is working for you, 
loop in senior management. Executives focused on digital transfor‐
mation and transitioning the company to becoming data driven will 
be interested, as machine learning is a proven way of achieving both 
those outcomes. Moreover, an executive sponsor is likely needed to 
okay budgets for expanded machine-learning activities. 

Step 5: Operationalize/Productionize Machine-Learning
Initiatives 
Finally, you need to ensure that your machine-learning initiatives 
are consumable by other parts of the organization. If your model is 
not consumable, it does not exist. This means getting the model into 
production. However, some of the steps between developing a 
machine-learning model and producing it require engineering skills. 
But many data scientists don’t possess the skill set to complete a 
complex engineering task like deploying a REST API endpoint. And 
the last thing you want is for the machine-learning models to stay 
on the laptops of the data scientists. 

Some of the new cloud-based data-management and machine-
learning platforms make it easy for data scientists to build and oper‐
ationalize models by themselves, so they can directly put them into 
production or undergird larger enterprise applications without 
involving too many other disciplines. However, because data scien‐
tists typically prefer languages like Python or R, whereas production 
requires a model to be in Java, all too often you’re looking at lengthy 
time frames for getting models into production. 

Challenges of Getting Started with
Machine Learning 
Poor data quality and availability are some of the biggest machine-
learning challenges. No matter how well built the model, its output 
will only be as accurate as the data that you feed it. Deloitte recently 
surveyed 1,900 executives who have begun to use AI technologies, 
including machine learning, and found that 38% of them ranked 
data access and data quality issues as a top-three challenge. Moving 
data around from databases to tools costs time, money, and resour‐
ces, and it’s best to minimize data movement if possible. 
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Ensuring collaboration between data scientists and other relevant 
parties can also be a challenge. Data scientists can sometimes oper‐
ate in silos. They work on their laptops and don’t share their code, so 
if a data scientist leaves the company, it’s a nightmare to figure out 
where a model came from or where the source code is stored. 
Without a framework for oversight and governance to ensure that 
code is uploaded to a central repository—or without strict version‐
ing and labeling of models—your company could get into trouble 
down the road. 

Then there’s the challenge of sometimes needing to rewrite models 
to integrate them into applications or reports, or to share insights 
and predictions with analytics products such as Tableau, Oracle 
Analytics Cloud, and other solutions. This is getting easier thanks to 
the new cloud-based hybrid data management and machine-
learning platforms that are now available, but the operationalizing 
phase is still the most significant roadblock for many companies. 

Finally, security is always a challenge, especially when you’re export‐
ing data into external solutions or analytics platforms. How do you 
know that somebody is not trying to hack into that data or change 
values in it? Security is a whole dimension that most people have 
completely ignored when it comes to machine learning. 

So how to meet these challenges and reap the promised benefits of 
machine learning? We’ve collected a portfolio of best practices from 
industry experts, which we lay out in the next section. 

Best Practices for Machine Learning 
Early adopters of machine learning have picked up some experience 
from their initial forays into the technology. Here’s their advice. 

Promote Intense Collaboration 
No data scientist should be an island. Organizations that pull 
together interdisciplinary teams of business managers, analysts, data 
engineers, data scientists, and DevOps personnel, among other 
employees, will succeed the most with their machine-learning initia‐
tives. These professionals need to collaborate on ideas, share 
insights, and give and accept constructive criticism in the proper 
spirit. Each of them possesses specialized knowledge that others 
don’t have, and if they don’t interact with one another, projects will 
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fail. For example, the business analyst—often the most overlooked 
member of the team—has valuable domain knowledge about, for 
instance, finance, sales, or HR, that provides essential context to the 
data scientists building the machine-learning models. 

Get Started Now—but Don’t Try to Boil the Ocean 
Start something. But start small. Don’t try to solve the problem your 
company has never been able to solve before. You might want to 
learn simply how to sell more product. Or identify who isn’t going to 
renew their subscription. Or nurture the employees most likely to be 
future leaders. 

Begin with a simple model with few features and a smaller set of 
dependencies. Deploy it, and then as you iterate, slowly add more 
features. The more features you have, the more downstream depen‐
dencies you will get. You might want to connect to different data 
sources, or you might want to add new attributes and engineered 
features from your databases. A column in your database can be the 
outcome of another completely separate data transformation pipe‐
line that could fail. If you have a lot of features, and one of the tables 
is not filled out properly or one of the fields is not correctly set up, 
your model is not going to perform as expected in production. So 
reducing the number of dependencies you have on data is generally 
better for your first-time models. 

Additionally, avoid using this initial model to predict outcomes on 
all of your new data. Process incrementally after you have convinced 
yourself that the model is behaving correctly in production. You cer‐
tainly don’t want a bad model to affect all your customers. Start with 
a small subset and progressively increase the size of that subset. For 
example, if you have a machine-learning model that’s going to 
change the user experience (UX) on your website, you should feed it 
only a small portion of traffic. Then, if the model is doing well, you 
can increase traffic incrementally. 

Identify the Correct Success Metrics 
We’ve already mentioned that you need to start with a concrete busi‐
ness problem. Beyond that, you need to make sure that the success 
metrics you establish are the best ones—and that they are precisely 
defined. If you want to increase overall revenues, do you want to 
measure that across all your product lines? Or only for those that 
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have some price elasticity in them? Or say you want to identify your 
“best” customers. How do you define “best”? Most revenues sold to 
them overall? Lowest number of support calls? The more specific 
you are, the more likely your model will deliver value. Table 1 
presents a few more examples that look at this more closely. 

Table 1. How to make your metrics more specifc 

Poorly defned metric More precise metric 
Increase utilization of resources Reduce empty seats per fight by 5% and save $1 million per 

quarter 
Identify my best customers Identify customers with the greatest potential to become a top 

10% customer for estimated lifetime value 
Fight fraudulent credit card Minimize false positives for declined transactions 
purchases 
Predict who is likely to buy Predict who is likely to click an ad for Product A 
Product A 

Democratize Access to the Data 
Empower the people who need to use the machine-learning outputs 
with direct access to the models and data. Data scientists and data 
engineers have traditionally been loath to do this. Accustomed to 
being the gatekeepers of data and responsible for keeping it clean 
and error-free, they have been fiercely protective of such resources. 
They didn’t want “amateurs” messing with them. With today’s 
smarter and better hybrid data management and machine-learning 
platforms, there are no longer any excuses. Superior platforms will 
allow you to do all your predictive modeling and machine learning 
inside the data management platform. This accelerates making pre‐
dictions and generating new insights, especially if you’re able to 
move algorithms to the data instead of moving data from the data‐
base and dealing with the resulting complexities. Rather than work‐
ing separately, and almost at odds, data analysts, data scientists, data 
engineers, and IT can work together in a controlled fashion, and 
work better and faster. 

Automate as Much as Possible 
There are only so many hours in the day. So automate whatever can 
be automated. Create dashboards that are automatically populated 
and refreshed so that you don’t need to constantly run custom 
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reports. Incorporate machine-learning insights directly into enter‐
prise applications. 

Then there’s automated machine learning (AutoML). AutoML is an 
emerging technique of automating aspects of applying machine 
learning to business challenges. In the traditional machine-learning 
life cycle (see “The Machine-Learning Life Cycle” on page 10), data 
scientists must spend a good amount of time preparing, preprocess‐
ing, and feature-engineering the data. They then need to select the 
appropriate algorithm(s) to build and optimize the best machine-
learning model for the job. All of these tasks require highly special‐
ized expertise. AutoML can automatically perform feature selection 
and create machine-learning models that are often superior to those 
crafted manually by data scientists. In other words, you simply feed 
data into a “black box,” and it returns the best possible machine-
learning model to meet your goals. 

Although in its infancy, AutoML is promising to significantly speed 
up the creation and deployment of machine-learning models in 
today’s businesses. 

Don’t Abandon Your Common Sense 
If the results of a machine-learning model don’t pass your sniff test, 
be sure to follow up. Check and recheck the data for common sense 
anomalies, and make sure you understand why you’re getting the 
results you are getting. 

Support Multiple Models at the Same Time 
Make sure that you can support multiple models in production at 
the same time. This means trying different algorithms to achieve 
your aims and running them in competition to see which ones 
return the best results. You can experiment with them, run A/B 
tests, or take a “multiarmed bandit” approach to model deployment. 
It’s also important to note that although you might think you found 
the best model during training, that model might not perform as 
well in production. Divide traffic instead among multiple models, 
putting for example 10% of traffic through each one of your 10 
models, and then changing that allocation depending on how the 
models are performing in production. In short: never put all of your 
eggs in the same basket. 
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Do Careful Version Control of Your Code for 
Reproducibility 
For reasons of reproducibility, always ensure that your code is ver‐
sion controlled at all times. That’s a requirement. The data should 
also be versioned. This way, you’ll always know exactly what steps 
were involved in building your dataset, and you’ll know exactly what 
data went into training your model. 

You should also track all the dependencies—the libraries, the envi‐
ronment, and the language that was used to train your model. These 
might sound trivial, but in practice, it’s really important that you 
track all of these things so that if you need to reproduce your results, 
you can do so easily. This is not discussed often, but it’s an essential 
aspect of a successful machine-learning initiative. 

Reproducibility is in fact required in a lot of regulated industries. 
You must be able to reproduce a model from scratch. You need to 
know exactly what data was used and what steps were involved in 
the transformation of the data. You need to know what algorithm 
was used. And you need to be able to audit the entire training pro‐
cess—in fact, the entire machine-learning life cycle, from data 
acquisition all the way through to model deployment, needs to be 
reproducible. 

You need to monitor model performance, rebuild models on the 
more recent data, see new attributes and new “engineered features” 
from your data that can possibly improve model accuracy, and 
repeat this machine-learning cycle for incremental improvements. 

Monitor in Real Time 
And then, after you’ve deployed your model to production, you 
need to continuously monitor it. Not all teams do this, much less in 
real time, but it’s critical. You want to see the memory consumption 
of your production environment. You want to know the CPU con‐
sumption; you want to know how many errors your model has 
returned. That’s all about the general health of your production 
environment. But even more important is the other element to mon‐
itor: concept drif, which is about being able to stage the model pre‐
dictions and see whether the model is drifting or whether its 
performance is slowing down over time. A broad set of diagnostics 
and tools are available to help data scientists discern whether a 

Best Practices for Machine Learning | 19 



 

model is underperforming and needs to be retrained or even to be 
redesigned from scratch. 

Want to see machine learning in action? In the following section, we 
demonstrate how two companies successfully deployed machine 
learning to address pressing business challenges. 

Case Studies 
Machine-learning successes are beginning to accumulate out in the 
real world. This generally occurs when organizations realize they 
can’t get full value from their data through traditional databases or 
analytics solutions. Here are two case studies of companies that have 
achieved significant gains with their machine-learning initiatives. 

CaixaBank Case Study 
CaixaBank is the current leader of the Spanish retail banking mar‐
ket. It has almost 16 million customers—with 6 million of them 
online. It also has the most extensive branch network in Spain, with 
more than 5,000 offices and 9,000 ATMs, and assets worth 342 bil‐
lion Euros. CaixaBank is organized as an integrated financial group, 
with a banking business, insurance activities, and investments in 
international banks. It is growing both domestically and internation‐
ally, thanks to its proven experience in banking sector investments 
and its fiscal savviness. 

In recognition of its digital transformation strategy, CaixaBank has 
become one of the highest-rated banks in the world based on the 
quality of its digital products and services. In 2019, the company 
was recognized as the “Most Innovative Bank in Western Europe” by 
the US magazine Global Finance. It has also been acknowledged as 
the “Best Private Bank for Digital Client Communication” at the 
Wealth Tech Awards held by PWM magazine of the Financial Times 
Group. 

Data mining is not a new activity for banks in general, and Caixa‐
Bank in particular. CaixaBank began using data to increase sales and 
offer better customer experiences more than two decades ago. But 
approximately 10 years ago, the entry of new digital players in the 
financial payments market gave CaixaBank a wake-up call. Caixa‐
Bank realized it had to be prepared to use the same technologies as 
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these digital competitors, and they turned to Oracle’s suite of 
machine-learning products to help them outpace the competition. 

Democratizing machine learning 
Banks like CaixaBank have been using analytics models for many 
years, but machine learning is helping to improve the accuracy of 
those models. 

Previously, CaixaBank’s models were built using statistical techni‐
ques and derivations. But with machine learning, it can achieve 
more efficiency in many parts of the business, not only in the 
expected ways—like risk or commercial lending—but also by opti‐
mizing product prices, performing better liquidity forecasts, 
improving employee productivity, and preventing money-
laundering activities. 

“Machine learning can be used in many, many ways throughout the 
bank,” says Xavier Gonzalez Farran, the director of big data analyti‐
cal tools at CaixaBank, in Barcelona. “In fact, we are already using it 
in almost all departments and all of our business lines.” 

Gonzalez says the bank is passionate about spreading what he calls 
“machine-learning literacy.” This means helping employees under‐
stand what machine learning is capable of, and applying it to the 
real-world challenges they face in their jobs. “Today, when a prob‐
lem appears in some part of the business, our goal is for employees 
to immediately think, ‘Okay, I can apply machine learning to solve 
this problem.’” 

Signifcant proftability gains 
One example of how CaixaBank used machine learning was in per‐
forming risk analyses when granting loans. Before this project the 
bank used statistical derivation models. But using more sophistica‐
ted machine-learning algorithms, specifically gradient boosting 
machines (GBMs), it managed to improve the accuracy of its model 
by 7%. This led to an increase in profits on its loan portfolio—a 
huge win for the bank. 

CaixaBank is also using a machine-learning algorithm to manage 
the issues that arise daily with direct debit transactions. In Spain, it 
is common for consumers and businesses alike to pay their bills for 
electricity, water, or other essential services through their bank 
accounts. But in a typical bank, thousands of issues will arise daily 
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related to direct debits, from wrong account numbers to someone 
not having enough funds in their account to pay a bill. Before 
machine learning was deployed, all these issues had to be managed 
manually by branch employees. 

So the bank started to train the machine-learning algorithm with the 
thousands of historical decisions that had already been made by 
human workers when solving direct deposit snafus. Ultimately, the 
algorithm was able to reproduce the decisions of human workers 
with a 99% accuracy. The bank calculated that it is saving many 
employee hours. Not only is this a huge cost savings, but branch 
employees can now dedicate themselves to providing better finan‐
cial advice to customers. 

“It’s turned out to be more profitable for us to reassign our employ‐
ees than to force them to spend a mountain of hours on routine, 
back-office tasks,” says Gonzalez. 

Waiting to move to the cloud 
Regulators in Europe are not yet allowing EU financial institutions 
to move to the cloud, but Gonzalez thinks that this will change 
because the European financial services industry is united in telling 
the regulators that this must change. “Machine-learning algorithms 
need very powerful servers,” he says. “If you’re on-premise, it can be 
difficult to grow quickly if you need more hardware or power for 
your computation. The cloud is the perfect business solution for 
that.” 

Eventually, the bank will be moving to more sophisticated algo‐
rithms like deep learning and neural networks, and will need even 
more computation power, “and I think the cloud will eventually be 
the solution for all these types of problems and projects,” says Gon‐
zalez. 

Quick wins needed 
CaixaBank needed some quick wins to gain management support, 
and Gonzalez said the ease of using Oracle’s machine-learning tools 
instead of relying upon DIY tools helped it achieve them. 

“These projects are quite expensive, and the investment at the 
beginning is quite high,” says Gonzalez. “So if you can develop some 
successful models quickly and easily, you convince top management 
to give you more support.” 
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Four pointers for organizations getting started with machine learning 
For organizations just starting on machine learning, Gonzalez has 
four pieces of advice: 

Spread machine-learning literacy through your organization. 
But at the same time impose robust governance in methodolo‐
gies and continuously monitor these models. This is important 
because the number of machine-learning models is going to 
increase very quickly. 

“Within the next year, I think that we will see many companies 
have hundreds or perhaps thousands of models in production, 
and if you don’t have good governance, you can lose control of 
all that software and it’s very dangerous,” says Gonzalez. 

Build a collaborative culture. 
This will boost your capacity to generate new models based on 
the previous work of other users, and will accelerate your 
machine-learning deployments. Unfortunately, data scientists 
are not so good at sharing knowledge, and prefer to develop 
their models alone, so this is something “that you have to make 
a lot of effort to achieve,” says Gonzalez. Enabling collaboration 
between different departments is just as important, so setting up 
a good model repository and a place to store group documenta‐
tion materials is essential. 

Ensure the quality of your data. 
When machine learning is truly democratized, sophisticated 
algorithms are now more accessible and can be used by more 
people in the bank. But it’s important that these algorithms use 
good data—both when they are being trained, and when they 
are deployed. 

Tink about how well-integrated your data and solution are. 
Choosing a machine-learning solution that’s completely integra‐
ted within the database makes it very easy to deploy algorithms 
without having to manage different technologies. And running 
models in the same place where the data resides means not hav‐
ing to move that data to another server. That also makes it pos‐
sible to embed machine-learning algorithms in SQL processes 
or integrate execution of the model within a business process. 

“It’s critical to focus not only on the algorithms and the 
machine-learning models, but also on the data model,” says 
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Gonzalez. “In many ways, preparing data is one of the longest 
and hardest tasks that data scientists have.” When CaixaBank 
started its big data initiative six years ago, it integrated and 
stored all its data in one data warehouse. “But all the sources 
weren’t homogenous, and it wasn’t easy to mix data from one 
data set with another,” he says. So the bank set out to build a 
corporate data model that reflected the bank’s business. It is 
where the bank applies all its data quality strictures and data 
governance procedures to ensure that data ingestion and data 
transformation are done to the highest standards. “We invested 
a lot of resources in building this model, but it has helped us get 
the good results we have experienced,” he says. 

DX Marketing Case Study 
DX Marketing (DXM) is an award-winning marketing insights com‐
pany that utilizes unique consumer knowledge to inform businesses’ 
strategies and deliver quantifiable ROIs on their marketing spend‐
ing. Through the diverse set of partnerships that it has built, DXM 
gives its clients access to the most comprehensive data on individual 
consumers and their digital behaviors. This lets them see what con‐
sumers actually do, what influences them, and what ultimately leads 
them to buy. DXM’s proprietary methodologies affect the entire 
marketing life cycle, from segmentation to market potential, con‐
sumer engagement, acquisition, and, finally, retention. Established 
in 2001, DXM has offices in Greenville, South Carolina, and Savan‐
nah, Georgia. 

DXM’s massive customer data warehouse tracks 830 attributes on 
more than 280 million records and performs advanced analytics on 
all this data about consumers based on what its clients want to know 
about their customers—both current and potential. Using advanced 
analytics and machine learning, the company’s team of data scien‐
tists and marketing experts sift through this massive volume of con‐
sumer profiles to quickly and accurately predict likely buyers for a 
wide range of financial, retail, automotive, education, telecom, 
travel, and health-care industry clients. 

A cloud pioneer 
As DXM grew and expanded its offerings to include new capabili‐
ties, such as integrating geospatial datasets into its data warehouse, it 
realized that it didn’t have a suitable infrastructure to scale the 
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amount of data being processed each day. Building its own on-
premises infrastructure to house all of its data would require too 
much of an up-front investment and prevent it from focusing on its 
core business: marketing. DXM decided to go to the cloud with Ora‐
cle, according to Ray Owens, CEO and founder of DXM. Building 
an on-premises data warehouse would have taken 9 to 12 months, 
whereas the time to market in the cloud—from spinning up a self-
driving Autonomous Database that came with machine-learning 
algorithms through Oracle Machine Learning, to going into produc‐
tion—took only three weeks. “That was big for us to get to market 
really quickly, with such robust capabilities,” says Owens. 

It wasn’t just the ability to use a self-driving database that was 
invaluable, however. It was the fact that DXM could run its 
machine-learning algorithms in the database. That meant there was 
no need to export data to a separate cluster (with all the cost, time, 
and expertise needed to make that work). Moving algorithms to the 
data instead of moving the data to the machine-learning algorithms 
greatly improved the company’s speed in finding machine-learning 
insights and then operationalizing them. 

The need to interconnect easily with lots of data management platforms 
Today, when DXM connects to the data management platforms 
(DMPs) of its clients, it generates a lot of metadata through consum‐
ers’ exposures to ads during campaigns—and a typical consumer 
dataset of millions of campaign records will return a 10-times factor 
in volume. Clients then feed their data about click-throughs and 
actual point-of-sale transactions back to DXM’s data warehouse, 
which is able to sort through all the various data points using 
advanced analytics and machine learning and come up with insights 
into consumer behavior that otherwise would not be discoverable. 
DXM estimates that it routinely sorts through 70,000 unique data 
points—multiplied by millions of customer transactions—on behalf 
of its clients for each campaign. 

DXM also uses machine learning on geospatial data, measuring dis‐
tance calculations, competitive overlays, and potential trade area 
cannibalizations for brick-and-mortar locations. It has an instance 
inside of its self-driving data warehouse in which it stores large vol‐
umes of physical mapping data so that it can create maps and do 
some very robust visualization for clients on their customer and 
prospect audiences. 
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Data fows both ways 
The data flow is important because DXM stores prodigious amounts 
of consumer data in its self-driving data warehouse, along with all 
its clients’ customer data. DXM works today with roughly 35 differ‐
ent clients to build predictive models using machine learning and 
advanced analytics to grow their respective businesses. 

Then, of course, while running campaigns, it gets lots of campaign 
data back: impression logs, exposure logs, and other indications of 
how the campaign was received by consumers. For example, after 
building machine-learning predictive models of audiences, it places 
online ads to show to the selected demographic and then uses the 
point-of-sale data from its clients to correlate what consumers 
actually bought with other variables. 

“What ends up happening is that business analysts can go into the 
cloud-based data warehouse and, without the aid of a database 
administrator, can create scripts and start connecting all this data to 
the creative ads that are being served,” says Owens. The exposure 
files and responder data continue to come from clients, and all of 
this goes into the self-driving data warehouse to make marketing 
efforts more transparent as to which channels are more effective for 
clients’ products or services. 

The critical part of the self-driving data warehouse is that DXM can 
run its machine learning directly in the database itself. There’s no 
need to export data to some separate cluster, with all the cost, time, 
and expertise required to make that work. In short, DXM is able to 
bring the machine-learning algorithms to the data, as opposed to 
moving the data to the algorithms. 

What DXM did for a telecom client 
For example, for a major telecom firm, DXM took 70,000 touch‐
points, drew 15 million prospective customers into its DMP, and 
attached them to the various data sources that are already in the sys‐
tem. The question the client wanted to ask was: will prospective cus‐
tomers pay for quality technology, specifically cell phones and 
wireless technology? “We were specifically looking for intent based 
on attitudinal data about technology,” says Owens. 

After DXM narrowed down its database of prospective consumers, 
it was easy to passively observe their relevant behavior in an aggre‐
gated and privacy-protected way because customers frequently used 
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their devices to search for a variety of different products and serv‐
ices related to DXM’s client’s product. “We collected a lot of data, 
and used machine learning to sort through it and attached the right 
data nodes to our existing dataset to determine who was most likely 
to convert for our client,” says Owens. 

From there, DXM pushed the data into programmatic campaigns, 
AdWords accounts, social media, and streaming radio. “It’s a very, 
very powerful connection to being able to deliver messaging to a rel‐
evant channel for your prospect or customer,” says Owens. When 
the campaigns started to return data, DXM went back to the data 
warehouse, ran machine-learning analytics through various demo‐
graphic, channel specific, and geospatial data points in the algo‐
rithms that were included within it, and looked at what they’d 
learned. 

A key “aha” moment 
For clients, especially those in the digital space, one of their biggest 
questions is what their return on marketing investment (ROMI) is. 
For example, if a company is showing a consumer ad every month 
for six months to a prospect who is showing behavioral intent, how 
long does it take—and how much does it cost—before that con‐
sumer purchases something? 

“For this particular client we learned that responses and conversions 
tended to drop off after four months in the decision cycle,” says 
Owens, who said this was a “huge” insight. To get this, DXM had 
simply fed all the exposure data into the data warehouse, and one of 
the machine-learning insights was a correlation that told DXM 
about the relationship between in-market impressions and the drop-
off in purchases. 

So rather than spending money on an ad campaign for 6 to 12 
months while hoping that consumers would buy their products, this 
client learned that limiting itself to a four-month window of ads in a 
marketing campaign where the prospect was showing in-market 
intent would get optimal results. 

Because the clients that DXM work with share their actual transac‐
tion data, DXM can use machine learning to calculate how much a 
business spent to acquire a customer. 
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For example, the telecom client wanted to reduce the cost of acquir‐
ing a customer from $85 to something significantly lower. DXM was 
able to reduce the cost of customer acquisition to just $36. “We built 
the predictive model, analyzed the behavior in the DMP, and then 
throttled the advertising to them when they actually showed actual 
intent. We then stopped the six-, seven-, eight-, and nine-month 
campaigns, because they were just wasting money. It turned out that 
three to four months of ads were sufficient to the right audience,” 
says Owens. 

Another surprising insight 
DXM’s telecom client also wanted some way to indicate which pros‐
pects were most likely to be able to afford to pay their bills. DXM 
was already getting a fairly detailed view of the telecom’s current and 
potential customers, but it wondered whether another variable 
could contribute to consumers’ scores beyond typical risk assess‐
ment. In the past, a decision about a new customer’s ability to pay 
might be based on something like higher income variables. But 
when DXM put all the data back into the data warehouse and built a 
machine-learning model, it found that people’s ability to pay became 
better with age, not income. The more mature they were, the more 
diligent they were at keeping up payments. DXM tried other vari‐
ables, such as geography and gender, but the machine-learning 
model kept coming back, and telling it that the correlation of ability 
to pay with age was the strongest overarching variable. 

Then, finally, because DXM possessed a large amount of geospatial 
data on how far prospects were traveling to make a purchase, it 
could tell the telecom retailer how to maximize its marketing trade 
area beyond its anecdotal boundaries. This wasn’t an online scenario 
—you had to actually go into a store, pick out a phone, and make 
your purchase—but DXM found that 62% of consumers traveled 
more than six miles to make their purchase, whereas the client had 
been capping its trade area at five miles. 

Overall, DXM was able to reduce customer acquisition costs by 52%, 
deliver analytics projects to clients 70% faster, and grow revenue 
25% in six months by using machine learning attached to its data 
warehouse. 

One of the bigger revelations in the digital world was that DXM also 
found that up to 88% of consumers who end up buying a product or 
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services will never touch the ad, never click it, never share it, never 
like it. They do respond to the ad by eventually purchasing the 
product advertised, but by coming in and converting on their own 
terms. 

“That’s been big for our clients—to get that much insight into folks 
who are actually buying from them,” says Owens. “That has been 
some of the most important data coming out of the machine-
learning initiative, that we can actually see the correlation of all 
these logs—and that impressions do matter if they’re delivered to 
the right audience, and if you’re able to track the journey to conver‐
sion. You can’t do that with so many of these walled gardens that 
refuse to give you the transparency for your marketing spend.” 

He adds, “Having access to this type of machine-learning capability, 
we just get quicker to seeing these trends, these behavioral intents, 
and that we can get to market, and actually get conversions going 
pretty quickly for our clients.” 

Looking Forward: Better Hardware and
Automation 
The goal of machine learning is to find patterns in large amounts of 
data and to use insights into those patterns to make predictions 
about future events or scenarios. It is a particularly hot topic these 
days, and most organizations either have started or plan to start 
machine-learning initiatives in the near future. 

The future of machine learning lies not just in better algorithms but 
also in hybrid data management and machine-learning platforms 
that are able to speed machine learning by moving algorithms to the 
data, and not the other way around. It also lies in advanced hard‐
ware, which is rapidly evolving. We are seeing faster and more 
sophisticated generations of GPUs that will allow you to train 
machine-learning models very quickly. This is another reason to go 
to the cloud, because if you make an investment in on-premises 
hardware today, it will take you longer to move to the next genera‐
tion of innovation tomorrow. 

We will also see a lot more automation, on both the model training 
and monitoring sides. On the training side, AutoML is rapidly 
evolving, which will reduce the work overhead for the data scientists 
and democratize machine learning and data science even further. 

Looking Forward: Better Hardware and Automation | 29 



On the monitoring side, we’re entering an age where data science 
platforms and cloud providers are beginning to focus more on that 
aspect of the machine-learning life cycle. 

Much exciting work is being done in machine learning across a 
broad range of industries. In particular, new cost-effective and infin‐
itely scalable cloud-based platforms are emerging that streamline 
businesses’ capabilities to build machine-learning models for data 
analytics, data discovery, and data visualizations in a way that pro‐
motes collaboration among data scientists, data engineers, business 
analysts, and business users for best business outcomes. The future 
looks bright for early adopters of machine learning who are getting 
ahead of the curve as well as the competition. 

30 | Getting Started with Machine Learning in the Cloud 



About the Author 
Alice LaPlante is an award-winning writer, editor, and teacher of 
writing, both fiction and nonfiction. A Wallace Stegner Fellow and 
Jones Lecturer at Stanford University, Alice taught creative writing 
at both Stanford and in San Francisco State’s MFA program for more 
than 20 years. A New York Times best-selling author, Alice has pub‐
lished four novels and five nonfiction books and also has edited 
best-selling books for many other writers of fiction and nonfiction. 
She regularly consults with Silicon Valley firms such as Google, 
Salesforce, HP, and Cisco on their content marketing strategies. 
Alice lives with her family in Palo Alto, California, and Mallorca, 
Spain. 


	Copyright
	Table of Contents
	Chapter 1. Getting Started with Machine Learning in the Cloud
	Executive Overview
	Introduction: The Data Opportunity
	Machine Learning Solves Real-World Problems

	Benefits of Deploying Machine Learning
	Help You Make Smarter, Faster Decisions
	Help Remove Bias from Decision Making
	Leverage All Your Data
	Deliver a Better Customer Experience
	Streamline Operations and Reduce Costs

	To Cloud or Not to Cloud?
	Benefits of the Cloud

	The Machine-Learning Life Cycle
	How to Get Started
	Step 1: Formulate a Concrete, Achievable Goal
	Step 2: Assemble the Team
	Step 3: Achieve Quick Wins That Show the Value of Machine Learning
	Step 4: Evangelize to Get Executive Support
	Step 5: Operationalize/Productionize Machine-Learning Initiatives

	Challenges of Getting Started with Machine Learning
	Best Practices for Machine Learning
	Promote Intense Collaboration
	Get Started Now—but Don’t Try to Boil the Ocean
	Identify the Correct Success Metrics
	Democratize Access to the Data
	Automate as Much as Possible
	Don’t Abandon Your Common Sense
	Support Multiple Models at the Same Time
	Do Careful Version Control of Your Code for Reproducibility
	Monitor in Real Time

	Case Studies
	CaixaBank Case Study
	DX Marketing Case Study

	Looking Forward: Better Hardware and Automation

	About the Author

	Table of Contents: 
	iii: 
	Getting Started with Machine: 
	1: 
	2: 
	Getting Started with Machine Learning in the Cloud: 
	Introduction The Data Opportunity: 
	fill_2: 
	4: 
	Getting Started with Machine Learning in the Cloud_2: 
	Introduction The Data Opportunity_2: 
	fill_2_2: 
	6: 
	Getting Started with Machine Learning in the Cloud_3: 
	Benefts of Deploying Machine Learning: 
	fill_2_3: 
	8: 
	Getting Started with Machine Learning in the Cloud_4: 
	To Cloud or Not to Cloud: 
	fill_2_4: 
	10: 
	Getting Started with Machine Learning in the Cloud_5: 
	The MachineLearning Life Cycle: 
	fill_2_5: 
	How to Get Started: 
	fill_2_6: 
	14: 
	Getting Started with Machine Learning in the Cloud_6: 
	Best Practices for Machine Learning: 
	fill_2_7: 
	16: 
	Getting Started with Machine Learning in the Cloud_7: 
	Best Practices for Machine Learning_2: 
	fill_2_8: 
	18: 
	Getting Started with Machine Learning in the Cloud_8: 
	Best Practices for Machine Learning_3: 
	fill_2_9: 
	20: 
	Getting Started with Machine Learning in the Cloud_9: 
	Case Studies: 
	fill_2_10: 
	22: 
	Getting Started with Machine Learning in the Cloud_10: 
	Case Studies_2: 
	fill_2_11: 
	24: 
	Getting Started with Machine Learning in the Cloud_11: 
	Case Studies_3: 
	fill_2_12: 
	26: 
	Getting Started with Machine Learning in the Cloud_12: 
	Case Studies_4: 
	fill_2_13: 
	28: 
	Getting Started with Machine Learning in the Cloud_13: 
	Looking Forward Better Hardware and Automation: 
	fill_2_14: 
	30: 
	Getting Started with Machine Learning in the Cloud_14: 


