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Introduction

odern businesses are under constant pressure to reduce

time to value. The key to success lies in valuable insights

that are often locked away in massive amounts of data.
This data may be collected in real time for specific purposes, but
it can become stale if it isn’t quickly analyzed and interpreted.
The sources of data are now practically limitless, and the amount
of data has become so massive that manually analyzing it is no
longer possible. Machine learning (ML) has the potential to sur-
face immense value in this data, but ML models are often stuck in
the experimental phase being trained and retrained by expert data
scientists and never used by business.

Machine learning is a popular buzzword in technology today,
but handcrafted model building by experts isn’t agile enough to
come up with solutions that drive real-time business decisions
and operations. Automated machine learning (AutoML) partially
automates the model-building process to overcome some of these
challenges and increase agility. Today, advancements in ML are
creating new opportunities to further automate and accelerate the
model-building process.

Some of these new opportunities are found in the field of time-
series analysis. Time-series data is a sequence of data ordered
over time. A popular form of analysis for time-series data is fore-
casting. Apart from forecasting, many applications can be found
for anomaly detection. In fact, the potential use cases for fore-
casting and anomaly detection on time-series data are practically
endless. Due to the unique challenges time-series data presents,
AutoML isn’t agile enough for time-series problems. InstantML
is a new approach to model building that focuses solely on time-
series data and overcomes the challenges of time-series problems.

About This Book

Predictive Analytics for Time Series with InstantML For Dummies con-
sists of eight chapters that explore the following subjects:

¥ Predictive analytics on time-series data from the business
perspective (Chapters 1-3)
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¥ Predictive analytics on time-series data from the data-
science perspective (Chapters 4-5)

9 The Tangent Information Modeler, or TIM (Chapters 6-8)

Each chapter is written to stand on its own, so if you see a topic
that piques your interest, feel free to jump ahead to that chapter.
You can read this book in any order that suits you (though I don’t
recommend upside down or backward).

Foolish Assumptions

It’s been said that most assumptions have outlived their useless-
ness, but I assume a few things nonetheless:

¥ Mainly, | assume that you work with lots of data and need to
derive business value from that data.

¥ Perhaps you're a business user who wants to learn how to
implement predictive analytics, or you're a data scientist (or
citizen data scientist) who wants to understand the value of
augmented predictive analytics.

3 Perhaps you work in an IT department and need to learn
more about how to extend your existing solutions with
predictive analytics.

This book is written primarily for nontechnical readers who don’t
necessarily know a lot about the underlying technologies such as
ML and artificial intelligence (AI).

If any of these assumptions describes you, then this is the book
for you. If none of these assumptions describes you, keep read-
ing anyway — it’s a great book, and you’ll learn quite a bit about
predictive analytics.

2 Predictive Analytics for Time Series with InstantML For Dummies, Tangent Works Special Edition



Icons Used in This Book

Throughout this book, I use special icons in the margin to call
attention to important information. Here’s what to expect:

commit to your nonvolatile memory, your gray matter, or your

@ The Remember icon points out important information you should
noggin — along with anniversaries and birthdays!

REMEMBER

= If you seek to attain the seventh level of NERD-vana, perk up!
& This icon explains the jargon beneath the jargon and is the stuff
nerds are made of!

TECHNICAL
STUFF
Tips are appreciated, never expected — and I sure hope you’ll
appreciate these useful nuggets of information.
TIP

Beyond the Book

There’s only so much I can cover in this short book, so if you find
yourself at the end, thinking, “Where can I learn more?,” check
out https://tangent.works.

Introduction 3
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IN THIS CHAPTER

» Understanding the business value of
predictive analytics

» Delivering value throughout your
organization

» Discovering how machine learning
delivers more and faster business value

Chapter 1

Recognizing the Business
Value of Predictive
Analytics on Time-Series
Data

n this chapter, you explore how predictive analytics creates

value for businesses across different industries, how to

define the value proposition of predictive analytics, and the
challenges that are unique to time-series forecasting and anom-
aly detection.

Creating Business Value through
Predictive Analytics

Businesses have moved well beyond wondering what happened or
why something happened. To be successful in today’s hypercom-

petitive global market, they need to understand what will hap-
pen and what specific actions will drive the best outcomes. This is

CHAPTER 1 Recognizing the Business Value of Predictive Analytics on Time-Series Data 5




6

TIP

the business value of predictive (and prescriptive) analytics (see
Figure 1-1).

ANALYTICS CYCLE

The Tangent Works area

DESCRIPTIVE DIAGNOSTIC PREDICTIVE PRESCRIPTIVE
ANALYTICS ANALYTICS ANALYTICS ANALYTICS

What
happened
then?

FIGURE 1-1: Predictive and prescriptive analytics are about bringing business
value through machine learning.

What
will happen

What
should be done

next? about it?

Data — specifically, time-series data — is everywhere. It’s col-
lected by websites, security and traffic cameras, machines, and
Internet of Things (IoT) sensors, among other sources. The chal-
lenge today lies not in collecting data, but in gaining actionable
insights from data with predictive analytics.

If you don’t think there is value in predictive analytics, think
again. According to Grand View Research, the global predictive
analytics market is growing at a 23.2 percent compound annual
growth rate (CAGR) and is expected to reach $23.9 billion by 2025.

Predictive analytics can be applied to core business processes
in any industry, such as sales forecasting and demand planning
in retail, electricity production and consumption in the energy
sector, fraud detection and credit risk in finance, and asset
health monitoring as predictive and preventive maintenance in
manufacturing.

Artificial intelligence (AI) and machine learning (ML) to support
predictive analytics is one of the most disruptive and innovative
classes of technologies in recent years. If you don’t yet have a
business strategy for predictive analytics, you're lagging behind
your competitors.

Potential business value in predictive analytics can be found in
the following areas, among many others:

3 Improving customer experience

3 Reducing costs

Predictive Analytics for Time Series with InstantML For Dummies, Tangent Works Special Edition



¥ Generating new revenue
¥ Analyzing competitive pressures in your industry

¥ Automating repetitive manual tasks

A FEW KEY TERMS TO KNOW

Here are a few important terms and concepts you should understand
as you read this book:

® Data availability: The specific availability of observations at a cer-
tain pointin time.

® Features: Information used by the model that is generated from
the selected input variables, possibly supplemented with additional
information, by doing transformations on them. These transforma-
tions include past values of certain variables, interactions between
variables, moving averages of some variables, and so on.

® Forecasting horizon: The period of time for which forecasts are
to be made.

® Forecasting routine: A set of forecasting situations with their cor-
responding data availability schemas.

® Input variables: All variables that are provided for an algorithm.

Selected input variables: Input variables that are used by the
model and, thus, contribute to the result. They meaningfully relate
to the target variable and explain part of the variance of the target
variable. Synonyms include explanatory variables, predictors, and
predictor variables.

® Target variable: The input variable to be modeled and forecasted
or predicted to be an anomaly.

® Time series: A series or sequence of data points in time order,
most often taken at successive equally spaced time intervals (for
example, monthly, daily, hourly, and so on).

® Time-series data: Data following a time-series pattern or format.

® Time-series problems: Statistical problems or questions relating
to time-series data (for example, forecast the temperature for the
next few days based on historically measured temperatures;
detect anomalous gas consumption based on historically mea-
sured gas consumption, temperature, and wind speed).

CHAPTER 1 Recognizing the Business Value of Predictive Analytics on Time-Series Data 7



In the past, the field of analytics was mainly driven by data scien-
tists and IT professionals. Augmented predictive analytics trans-
forms and democratizes how the business user creates, uses, and
analyzes predictive models for forecasting and anomaly detec-
tion. Thanks to automation, expert data scientists can now be
more productive and ML model generation is easily accessible to a
broader range of business users, including citizen data scientists.

Similarities can be found in the evolution from mainframe report-
ing to business-user-focused business intelligence (BI) tooling.
In the past, IT departments developed reports for business users,
causing unproductive debates about different functionalities. IT
felt that the business didn’t know what they were talking about,
and business felt that IT overcomplicated everything and didn’t
deliver. This is the classic business/IT alignment problem. With
augmented predictive analytics, you empower business users and
citizen data scientists while enabling your data scientists to be
more productive.

Understanding the Value Proposition
of Data and Analytics

Getting buy-in for your data and analytics projects requires busi-
ness and project stakeholders to be able to clearly, consistently,
and frequently articulate the value proposition — not just the
goals or strategy — of the project. The value proposition must be
explicit, understood, and agreed upon by all parties.

Value propositions for data and analytics projects generally con-
sist of one of the following:

¥ Business utility: The results of the project are immediately
accessible to stakeholders to be used as a tool for the
business, as needed.

9 Business enabler: The results of the project inform business
decisions and help business leaders make the right decisions
at the right time based on the best available information.

3 Business driver: The results of the project uncover hidden
insights and drive new opportunities for the business.

8 Predictive Analytics for Time Series with InstantML For Dummies, Tangent Works Special Edition



These value propositions aren’t mutually exclusive and don’t
necessarily represent a level of analytics maturity within an
organization. Different stakeholders will use data and analytics
differently, depending on their individual goals and requirements.

Defining a Business Value Model

For many years, traditional measures of business value were
based on established accounting and finance metrics, such as net
profit and return on investment (ROI). Lagging indicators such as
these are no longer effective in the age of digital transformation,
in which real-time predictive insights drive greater business agil-
ity and uncover new opportunities.

A leading indicator is a predictive measurement. For example, the
363 Perc_ent.age of people Wearing face mask§ ina (':ity could be a lead-
ing indicator for the risk of COVID-19 infection. The number of

tecinicar  patients infected with COVID-19 in hospitals is a lagging indicator.
STUFF

Let’s explore how leading indicators can help you define your
predictive analytics projects. The key is to find use cases in your
business where predictive analytics can really make a difference,
such as the following:

3 Reducing cost

® Eliminating waste

® Improving efficiency

® Optimizing resources
3 Improving quality

® Enhancing customer experience

® Reducing variability or unplanned events
¥ Generating revenue

® Improving flexibility

® Increasing agility

® Removing dependencies and inertia

® Enabling new products and services

CHAPTER 1 Recognizing the Business Value of Predictive Analytics on Time-Series Data 9



3 Reducing risks
® Improving stability
® Improving visibility and understanding

® Reducing complexity

Tangent Works has developed the Tangent Information Modeler
(TIM) Value Framework. A simple model (with the elements listed
earlier) is available, as is a more detailed model, which includes
business focus, aggregates, and key performance indicators
(KPIs). This framework can help you identify the value of the pre-
dictive analytics business use cases that you want to implement.
It also provides a great way to communicate the value within the
organization to help you land the project.

Consider the following use cases and business applications for
your organization:

bt ¥ Demand/capacity prediction

¥ Predictive asset management
¥ Fraud/anomaly detection
¥ Marketing/social analysis

¥ Pricing optimization

A MACHINE LEARNING HISTORY
LESSON

Years ago, programmers used assembler language on mainframes to
develop code. Fortunately, the market has been democratized, and
powerful tools have become available. Now, the same trend has
occurred with data analysis.

The first era of ML — call it ML 1.0 — was all about handcrafted models
built in the backroom by teams of experts. It took weeks, months, or
even years for data scientists and engineers to gather their training
data, engineer their features, select algorithms with intimidating names
(like “recurrent neural nets,” “support vector machines,” and “extreme
gradient boosted trees”), tune hyperparameters, test, validate, and
then iterate through it all until they finally had a model that could be
deployed by another set of experts. It's no wonder that 95 percent or
more of the models never made it all the way through this process.

10 Predictive Analytics for Time Series with InstantML For Dummies, Tangent Works Special Edition



In the era of ML 2.0, automated machine learning (AutoML) arrived,
promising to automate (at least part of) the manual processes of ML
1.0. You could now load your data into an AutoML system which,
through brute force, heuristics, and a boatload of compute power,
could crank through dozens of feature engineering and preprocessing
steps, try tens or even hundreds of fancy algorithms, perform a grid
search to find the optimal hyperparameters, and then retrain and val-
idate your model across multiple data partitions. If your data was
small enough (say, a few thousand rows) and your algorithms were
fairly simple, it would take tens of minutes to get a model — enough
time to sit back and enjoy a cup of coffee or two. However, if your
training data was larger, your waiting time would be a few hours —
enough time for far too much coffee. AutoML was a huge improve-
ment over the weeks and months of model building in ML 1.0, but
nowhere near the speed to insights that's necessary in the Bl world of
today. Specifically, in the world of time-series data, waiting a few
hours on insights is synonymous with having outdated insights.
Decisions need to be made in (near) real time and are based on these
insights.

This brings us to instant machine learning (InstantML), ML 3.0, which
can spark a revolution in the way that ML is used within organizations,
similar to the shift seen in Bl. InstantML has been introduced by
Tangent Works as a completely new ML paradigm. It doesn't just auto-
mate data analysis processes — it flips the processes on their heads.
In short, instead of the time- and resource-intensive multistep process
of AutoML, InstantML engineers features and applies a highly efficient
algorithm in a single step. This yields a model and accompanying
insights in seconds. It's by far the fastest path from data to

predictive value.

CHAPTER 1 Recognizing the Business Value of Predictive Analytics on Time-Series Data
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IN THIS CHAPTER

» Moving predictive analytics projects from
experimentation to production

» Ensuring high-quality and available data
» Building a data strategy

» Changing the approach: from
handcrafted modeling to software
as a service

» Handling structural changes

Chapter 2

Understanding

the Challenges of
Implementing Predictive
Analytics

any organizations have limited skills and experience to
effectively implement machine learning (ML) and pre-
dictive analytics. As a result, ML and predictive analytics
are often seen as an experimental playground. Implementations
don’t make it to production; instead, they get labeled as a
“nice try.” Organizations often view ML as an innovative and
complex domain. Although many people realize that it has great
potential, this potential is often deemed to be a long way off. All this
contributes to ML projects getting stuck in the experimental stage.

CHAPTER 2 Understanding the Challenges of Implementing Predictive Analytics 13




Predictive analytics projects often face several challenges, includ-
ing the following:

¥ Working with limited staff and skills: It's estimated that
only 23.7 percent of organizations have data scientists;
among these data scientists, only 20.5 percent have an
extensive educational background in ML.

3 Struggling to build and set up ML operations (MLOps): As
the number of models grows, it's essential to keep track of
your models and have controlled change and configuration
management. (A parallel challenge exists for DevOps in the
domain of software development.)

3 Understanding the value of predictive analytics: Turn to
Chapter 1 for more on this challenge.

3 Finding the right use case and determining the business
value and priorities: Turn to Chapter 1 for more on this
challenge.

3 Managing integration complexity: Predictive analytics
solutions need to integrate in the overall IT landscape of an
organization (more on this in Chapter 7, where the impor-
tance of smooth integration in existing tools and applications
is discussed).

Several other key challenges in predictive analytics projects, dis-
cussed in this chapter, include the following:

¥ Data quality and availability
¥ Project and operation governance
¥ Lack of a data strategy

¥ Being stuck in handcrafted modeling and failing to move to
production

¥ Structural changes in the environment, rendering existing
predictive models obsolete

Data Quality and Availability

Data is the new oil in the information age but many organiza-
tions struggle to maximize the value of their data. Merely collect-
ing data isn’t enough; before you can start to analyze the data,

14 Predictive Analytics for Time Series with InstantML For Dummies, Tangent Works Special Edition



it needs to be organized and available in a clean format. Orga-
nizations must have a strategy that ensures data for the predic-
tive analytics processes is collected and prepared smoothly. Many
algorithms rely on high-quality and clean data, and even the best
algorithm can only get out of the data what’s in it. This illustrates
the importance of having high-quality data available when look-
ing to derive insights from it.

Project and Operation Governance

As mentioned in the introduction of this chapter, many predictive
analytics projects never get past the experimental stage. Many
projects initially look promising but fail to deliver real business
value. These failed projects share a few common characteristics,
which you should be aware of to avoid this trap.

Consider using the following approach for your predictive ana-
lytics projects:

¥ Start early, start smart. It pays to do some experimenting
to discover what works for your organization. Many projects
are too large and get stopped before they can deliver value.
For example, an aircraft manufacturer might try to take on a
predictive maintenance project for commercial airliners. The
typical airliner has more than 25,000 sensors and 4 million
parts and generates over 70 terabytes (TB) of data per flight.
It's easy to see how one could get lost in the complexities of
such a project, especially when there's a lack of previous
experience.

Instead, the manufacturer may consider a smaller project to
get started — for example, focusing on a subcomponent of
the aircraft. A quick return on investment (ROI) from such a
small starter project will help pay for subsequent projects.
Additionally, this success story will help to change or set the
mindset about predictive analytics projects, gaining traction
for subsequent initiatives. Remember: Don't try to boil the
ocean — take it one kettle at a time.

3 Clearly define your project. We're well past proving the
efficacy of ML. Identify a project that will immediately deliver
business value and can be easily understood by all the
stakeholders. When defining the project, design top-down
and build bottom-up (see Figure 2-1).

CHAPTER 2 Understanding the Challenges of Implementing Predictive Analytics 15



BUILD

BOTTOM-UP

WHAT ARE MY BUSINESS
OBJECTIVES? KPls
WHAT ARE MY
ACTIVITIES? P"Oc ess

WHAT ARE MY BUSINESS
DRIVERS? El/e
Nts
WHAT
INFORMATION

DOI
NEED? Data
DESIGN
TOP-DOWN eIk

FIGURE 2-1: Let your executives and business leaders define the project; then
let your data scientists execute it.

In other words, your organization’s executives and business
leaders should first define the project in terms of the
business benefits it will deliver. Then let the data scientists
figure out how to use the available data to deliver the
desired results. This approach ensures stakeholder buy-in
right from the start. Remember: It's a business project, not a
data-science experiment. Let your business leaders do what
they do best, and let your data scientists do what they do
best.

¥ Track success. Set measurable key performance indicators
(KPIs) and success targets. KPIs are things you measure (such
as cost savings); success targets are levels you need to
achieve to be successful (such as a 20 percent total cost
reduction in a process). In tracking success, also remember
to consider all the benefits of the project. For example,
reducing downtime in a specific piece of equipment may
result in a direct saving of $5,000 per hour because of the
avoided downtime, but if an outage would also result in
shutting down the entire production line at a cost of
$200,000 per hour, there is a substantially larger benefit to
the project.

There are four types of KPIs — technical, qualitative, perfor-
mance, and financial. Ultimately, business leaders care most

about financial KPIs.
REMEMBER
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Lack of a Data Strategy

For a predictive analytics project to achieve its goal(s), developing
accurate models is not sufficient. Successful initiatives start with
a well-thought-out problem statement, including a clear busi-
ness question, and go beyond modeling and analyzing to effec-
tively communicate the insights to stakeholders.

Data scientists mainly focus on data and technology — and they
should — but there’s more to a successful initiative. A success-
ful project starts with a clearly defined use case, asking one or a
few specific questions. Data scientists can then move on to look
at what data is needed for answering these questions and find
out if this data is available. Possibly, the questions will need to be
refined before the problem statement is aligned with the availa-
ble data (refer to the example in Figure 2-1). After this alignment
is ensured, the data scientists can start cleaning and preparing
the data, building the algorithms, and creating the models. But
even after all this, the process isn’t complete. The insights need to
be communicated to the stakeholders in a structured and under-
standable way. For stakeholders to base their decisions on these
insights, a sense of trust in these results is required. This trust is
largely dependent on clear and effective communication from the
data-science team to the business stakeholders.

Being Stuck in Handcrafted Modeling and
Failing to Move to Production

Many organizations fail to see the value of predictive analytics
that is available as software as a service (SaaS) and instead get
stuck in developing custom solutions. Data scientists often stick
to the modeling techniques they learned in school or have experi-
ence with. Many modeling techniques can be used across a range
of problems, but that doesn’t mean they deliver the ideal solution.
Still, learning new techniques takes time, and the pressure to
deliver results is often high. Frequently, settling for an accepta-
ble result takes priority over optimizing the approach, even when
developing custom solutions.

Complex projects in niche applications may require custom solu-
tions to be made by experts, but the vast majority of projects
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don’t fall into this category. There are synergies to be found in
using available services, especially because it’s nearly impossi-
ble to have expertise in every domain. To take advantage of these
synergies, many organizations need to change their approach to
predictive analytics projects. By allowing data scientists to focus
on a particular type of problem and come up with an optimized
approach for these problems, they can build solutions that are
more broadly applicable.

For example, data scientists can come up with a solution for time-
series analysis in general, instead of creating a model that can be
applied to one particular time-series use case, such as price fore-
casting for one specific product. When these solutions are offered
as a service, organizations looking for them can make easy use
of them. To expand on the previous example, an organization
could use the service for all its time-series analysis projects. The
domain experts in the organization can apply their knowledge
to feed the right input data into the service and to interpret the
results that are produced.

Structural Changes in the Environment
Rendering Existing Predictive Models
Obsolete

18

You’re proud of your handcrafted predictive model, the hard fea-
ture selection and engineering journey, the model selection, and
tuning and testing. Then a structural change happens, caused by
something like a pandemic, regulatory changes, or market evolu-
tion. Suddenly, your model is no longer suitable. Back to the draw-
ing board. To address this challenge, organizations must redefine
their current ML models, strategies, and value propositions.

Let’s take a closer look at one of these examples: COVID-19. ML
models must now deal with new predictors, new data, and new
data availability challenges, as well as the absence of reliable and
relevant historical data in the wake of a pandemic that is unprec-
edented in recent history.
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Wondering what these data availability challenges entail? Chapter 4
takes a closer look at the difficulties of time-series analysis,
explaining data availability in more detail.

Structural change renders existing models obsolete and destroys
the business’s trust in predictive analytics. Augmented predictive
analytics can offer functionality to deal with these changing con-
ditions, allowing organizations to quickly adapt to the changing
circumstances and strengthening the belief in the results or ML
initiatives.

Find out more about structural changes and the challenges they
introduce in Chapter 4.
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IN THIS CHAPTER

Checking out use cases in the retail
industry

» Lighting up time-series data in the
energy sector

» Calculating the value of predictive
analytics in finance

» Increasing productivity and uptime in
manufacturing

» Communicating the value of predictive
analytics in telecom

Chapter 3
Exploring Business
Use Cases

ime-series data is everywhere — from banking, education,
and healthcare to manufacturing, retail, transport, utilities,
and many other industries. In this chapter, you explore
business use cases in different industries and how the Tangent
Information Modeler (TIM), discussed in Chapter 6, helps busi-
nesses maximize the value of their data with predictive analytics.

Retail and Consumer Packaged Goods

The retail and consumer packaged goods (CPG) industry is char-
acterized by relatively low margins, high seasonality, demand
variability, inventory risk, and influence of consumer sentiment.
These characteristics amplify the importance of predictive ana-
lytics for key activities such as sales forecasting, demand plan-
ning, supply chain management, and inventory optimization.
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To stress the importance of these activities, consider the fol-
lowing research about consumer perspectives at the start of the
COVID-19 pandemic, conducted by BlueYonder:

¥ Eighty-seven percent of consumers have experienced
out-of-stock products, both in-store and online.

¥ Seventy-nine percent of consumers were more likely to buy
the same product from a different retailer if a desired
product was out of stock.

¥ Seventy-nine percent of consumers were more likely to buy
a different brand of a product from the same retailer if their
desired brand of that product was out of stock.

The bottom line — which affects your bottom line — is that
inventory availability supersedes brand loyalty. Yet inventory
availability is dependent upon numerous variable factors across
the entire value chain (see Figure 3-1). Reducing and account-
ing for this variability through better planning based on better
forecasts (from better forecasting models) is the key to optimiz-
ing inventory, ensuring the right product is available at the right
price at the right time, thus meeting customers’ needs.

TYPICAL VALUE CHAIN

—
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Orders

FIGURE 3-1: Each link in the value chain must serve a demand in the quickest
possible way.

Sales forecasting

Forecasting sales of a product or service plays an important role
in the life cycle of almost every retail company. The estimation of
future sales can drive plenty of management decisions, such as
efficient inventory management, prevention or early detection of
potential issues, price setting, and marketing.
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Accurate sales forecasts in the retail industry can be the differ-
ence between profitability and insolvency for retailers in today’s
hypercompetitive markets. Sales planners frequently rely on
forecast-driven tools to adjust levers such as product pricing and
the timing of promotions. This process is complex, because these
techniques need to be applied dynamically across different levels
of product hierarchy, geography, and other dimensions. However,
many companies are still using relatively rudimentary forecast-
ing techniques, which can adversely affect the accuracy of the
resulting forecasts. Moreover, many enterprise-facing tools are
designed with inefficient workflows, reducing the ability to do
effective analysis for end users such as financial planning and
analysis (FP&A) professionals and sales-planning teams.

Typical data that can be used as input in sales planning include
the following:

¥ Historical sales data (usually segmented by product hierar-
chy, geography, and so on)

¥ Regional store information
¥ Local demographics
¥ Level of competition

¥ Indicators of consumer demand, industry performance, and
economic performance

¥ Pricing and promotion start and end dates

Machine learning (ML) techniques provide the most up-to-date
approach for accurate forecasting, but they can be time consum-
ing to implement. TIM’s instant ML (InstantML) and real-time
instant ML (RTInstantML) capabilities allow analysts to eas-
ily apply forecasting models to any time-series data and quickly
iterate on planning scenarios.

Demand planning

Another common task for retailers is to forecast future demand.
For example, without a qualitative forecast, it can be very diffi-
cult to assume the right amount of stock that should be available.
Retail forecast accuracy is negatively affected by rapidly changing
conditions and forecast errors reach 30 percent or more, on aver-
age. Demand planning is a challenging use case, but one with lots
of potential for improvement.
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Typical data includes past sales volumes, supplemented with data
regarding commercial activities and external factors impacting
sales volumes. Data sets often vary depending on product, sec-
tor, or even geographic location, resulting in a cumbersome and
complex model-building process.

TIM provides automated selection of the right input variables
with an explanation of the impact of each predictor (selected
input variable), allowing for further refinement or data sourcing.
Automated model tuning based on internal and external changes
enables greater responsiveness and results in less waste due to
inventory scrapping (especially for perishable goods), as well as
fewer lost sales due to inventory shortages.

Energy Sector

REMEMBER

From electricity generation to storage, transport, distribution,
and consumption, the energy industry value chain is extremely
volatile and is being rapidly transformed by global market trends
such as deregulation, renewable energy, carbon footprint reduc-
tion, energy exchanges, and smart meter/grid technologies.

It’s critical for many companies to accurately forecast electric-
ity load. Electricity load is a fundamental input to operations
of transmission system operators (TSOs) and is important for
industrial producers to balance their decisions on electricity pro-
curement. Owners of photovoltaic (PV) plants, electricity traders,
and system regulators need accurate forecasts of production of
the PV plants, for different time horizons and different granulari-
ties, to optimize their maintenance, trading, and regulation strat-
egies; the same goes for wind production. These examples only
scratch the surface of the widespread presence of time-series data
in utilities.

Modeling time-series data for the energy industry supports key
decision-making that can affect short-term supply-and-demand
planning, energy efficiency, spot market futures, energy produc-
tion, and long-term capacity management.
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Energy consumption

Industries, companies, cities, and households all consume energy.
Whether opting for electricity, gas, or thermal power — or, more
likely, a combination of them — the need for energy is all around
us. Both consumers and producers can benefit greatly from accu-
rate estimates of future consumption, not in the least because
extreme volatility of wholesale prices forces market parties to
hedge against volume risk and price risk.

The ability to accurately forecast future energy consumption is
a key determining factor in the financial performance of energy
industry players. Business decisions based on incorrect energy
volume estimates can be costly.

Consider the following example: Looking at a rough estimate of
savings from a 1 percent reduction in the mean absolute percent-
age error (MAPE) of the load forecast for 1 gigawatt of peak load
can save a market player approximately:

¥ $600,000 per year from long-term load forecasting
3 $350,000 per year from short-term load forecasting

¥ $700,000 per year from short-term load and price
forecasting

The value of ML is clear, but it must be weighed against the cost
and effort it requires. To achieve accurate forecasts, relevant pre-
dictors must be used. Explanatory variables in energy consump-
tion use cases include the following:

¥ Historical load data (in different levels of aggregation)
¥ Real-time measurements

¥ Weather-related data (such as wind speed)

¥ Calendar information

¥ Day/night usage patterns

TIM automates model generation of accurate forecasting models
and tells you which input variables have the highest relevance in
calculating the forecasts. With its InstantML approach, TIM cre-
ates these models in mere seconds rather than the days or weeks
common for handcrafted models and AutoML approaches. The
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scalability of TIM’s model-generation process allows for hun-
dreds of models to be generated at the same time.

Wind production

Although ecologically friendly and quite popular, wind produc-
tion is a volatile source of energy. Wind is difficult to predict, and
generated electricity is hard to store. Wind production use cases
rarely center around a single windmill or even a single wind farm,;
instead, they often involve a large portfolio of wind assets that are
strategically located to take advantage of favorable climate con-
ditions. The larger the portfolio, the more difficult it is to man-
age and obtain an optimal dispatch and exposure to the electricity
market.

Besides great opportunities for balancing the grid and forecast-
ing production, predictive analytics use cases for wind production
also involve a lot of predictive maintenance. Explanatory variables
can include the following:

¥ Weather-related data (particularly wind speed, temperature
and humidity)

¥ Technical information (such as wind turbine types and
height)

TIM can automate the modeling of complex wind (and solar) pro-
duction scenarios. Moreover, TIM allows for blended forecasts
that unify high-quality intraday modeling and day(s)-ahead
modeling. TIM’s output consists of the forecasted wind produc-
tion in the same unit of measurement (typically, kilowatts per
hour [kWh] or megawatts per hour [MWh]) and granularity as the
input data, over the desired forecasting horizon.

Solar production

Many different parties are impacted by the production of PV plants,
from owners to electricity traders to system regulators. This pro-
duction has an impact on multiple domains, such as maintenance,
trading, and regulation strategies. However, the high short-term
volatility in solar production makes balancing the grid a diffi-
cult task. Moreover, a single impacted party often has interests
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in a large portfolio of solar assets, which may consist of differ-
ent sizes of plants at different locations. Inaccurate forecasts can
result in significant financial penalties, whereas improvements in
forecasting accuracy can lead to significant financial gains. Large
portfolios with important impacts require consistent and scala-
ble forecasts. Achieving high accuracy isn’t the only challenge,
though — data availability for these large portfolios of volatile
assets can be a problem, too (see Chapter 4).

Several different variables can be explanatory in this use case and
should be included as inputs into the model-building scenarios,
when possible. These variables include the following:

¥ Weather-related data such as the global horizontal irradia-
tion (GHI) and the global tilted irradiation (GTI)

¥ Position of the sun
9 Location of the PV plant(s)

¥ Direct normal irradiance (DNI)

TIM can handle different data availability situations either

@ by allowing the user to account for the situation in the rele-

vant model-building definition (InstantML) or by building and

TIP deploying models ad hoc (RTInstantML), taking into account the

current data availability situation. (I discuss both InstantML and
RTInstantML in Chapter 5.)

Finance

In finance, entire companies are in business based on their ability
to foresee future stock prices. The finance industry has many ML
use cases, from pattern recognition in hedge fund management to
supporting quantitative strategies for trading in capital markets.
Plus, many financial institutions use their time-series data when
deciding future interest rates, when attempting to prevent fraud,
when deciding which loan requests to approve, and in many other
scenarios.
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Mortgage prepayment and credit

The mortgage industry generates vast quantities of data that is
highly relevant to profitability and risk analysis. Some of this data
is in the possession of users, some of it is publicly available, and
some of it can be acquired. However, the velocity of change in the
mortgage industry is outpacing the abilities and reach of existing
prepayment and profitability models. With more than $16 trillion
total outstanding mortgages, the U.S. mortgage market requires a
scalable and accurate forecasting and modeling solution.

TIM enables users to iteratively forecast mortgage prepayment,
delinquency, and default so that investors, servicers, lenders, and
other stakeholders can evaluate and quantify the valuation and
credit risk of their mortgage assets.

Manufacturing and Supply
Chain Management

Industry 4.0 trends including cloud platforms, the Internet of
Things (IoT), big data, edge computing, and the proliferation of
mobile devices are driving a growing need for ML and predictive
analytics in manufacturing.

PwC predicts that ML adoption, specifically to improve predictive
maintenance in manufacturing and supply chain management,
will grow by 38 percent. Similarly, McKinsey Consulting forecasts
that ML will reduce supply chain forecasting errors by 50 percent.
In a recent survey by McKinsey Consulting, supply chain man-
agement and manufacturing were identified as leading industry
use cases for cost reduction through artificial intelligence (AI)
applications.

New opportunities for Al and ML applications in manufacturing
and supply chain management include demand, supply chain,
production, maintenance, and life-cycle planning, as well as
quality monitoring and predictive analytics. The benefits include
reducing cost, customer churn, and waste while increasing agil-
ity, efficiency, productivity, and safety.

In the following sections, I take a look at a few specific use cases.
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Predictive maintenance and
asset health monitoring

Getting the most out of your production assets, especially when
working within operational constraints, is key to increasing
productivity. As the manufacturing industry has become more
digitized, time-stamped data has proliferated. With billions of
connected sensors being deployed in smart manufacturing plants,
this trend will continue to accelerate. Many core decision-making
processes that used to be based on relatively static information are
increasingly based on more dynamic, real-time streaming data.

Highlighting anomalies in time-series data from multi-variate
sensor readings helps to alert operators about potential equip-
ment failures during production runs. These signals can then be
analyzed and used as indicators for potential performance degra-
dation or equipment failure.

Input data for predictive maintenance and asset health monitor-
ing typically consists of raw time-series data from programmable
logic controllers (PLCs), supervisory control and data acquisition
(SCADA), sensors, maintenance scheduling systems, and con-
dition monitoring processes. Some data examples include the
following:

¥ Vibration

¥ Temperature

¥ Revolutions

¥ Pressure

¥ Quality

¥ Past error codes

¥ Future condition monitoring alerts

¥ Past and future maintenance schedules
¥ Past maintenance information

¥ Past and future equipment operations schedules
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TIM’s anomaly detection capabilities increase your return on
assets by reducing unplanned maintenance and increasing equip-
ment uptime. Users can create and deploy models at all levels of
manufacturing control operations including field (sensors), direct
control, plant supervisory, production control, and production
scheduling.

Asset failure analysis

Complex and distributed equipment, such as differently config-
ured pumps or compressors installed across the globe, fail for
many reasons. Some failures are due to normal wear and tear;
others may be due to local operating conditions or the specific
configuration of an asset.

Gathering data through industrial IoT (IIoT) platforms and per-
forming anomaly detection enables manufacturers to predict
imminent failures and perform root cause analysis when anomaly
detection leads to explainable forecasts. This information leads to
faster resolution of issues and allows research and development
(R&D) to analyze failures to improve reliability. This is partic-
ularly important when service contracts require manufacturers
to bear at least some of the cost for maintaining equipment and
guaranteeing uptime.

Typical time-series data sets used in asset failure analysis con-
sist of computerized maintenance management system (CMMS)
data combined with IIoT data, as well as external elements such
as operating conditions (for example, weather, vibrations, speed,
and so on).

TIM’s forecasting and anomaly detection capabilities produce
accurate and explainable results that can be analyzed by technical
maintenance teams to quickly pinpoint root causes, as well as R&D
teams to determine structural improvements to the equipment.

Supply chain strategy planning

Modern supply chains are highly complex and interdependent,
requiring agility and velocity to keep businesses on track. Tra-
ditional AI and AutoML approaches are too expensive, slow, and
difficult to adapt. Combining business data and market prognosis
scenarios with RTInstantML enables organizations to create new,
improve existing, and evaluate more advanced what-if scenarios
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and simulations for supply chain strategic planning and business
transformation.

Some examples of supply chain strategy planning processes that
can benefit from InstantML forecasting are strategic budgeting
exercises, business transformation and design initiatives, strate-
gic product life-cycle planning and optimization, and product and
product maintenance design processes. Typical inputs include the
following:

¥ Historical demand, supply, production, prices, costs, and
strategic performance data

¥ External data, such as weather, sales periods, global and
regional disruptive events, sales campaigns, and product
introduction information

TIM can be used for complementing what-if and simulation sce-

@ narios for budget exercises, adapting maintenance for product

support strategies, running forecasting and anomaly detection on

. digital twins in product design, doing risk assessments in your
business transformation process, and more.

Telecom

Telecommunication systems are coursing with time-series data.
For example, a mobile operator with millions of subscribers will
generate tens of millions of call records daily and billions of rows
of call data over the course of a year. In turn, each of these calls
is routed through a myriad of network nodes, switches, routers,
servers, and other equipment, each of which generates huge vol-
umes of telemetry data that are organized by time. Telcos now
carry about 200 times more daily Internet data traffic than voice
traffic (calls), and the total traffic that telcos are dealing with
has increased over tenfold in the last five years alone. You can
truly say that telecom companies have a big data problem — and
opportunity!

The time-series data that telcos have at their disposal is a verita-
ble goldmine of riches once ML is applied. Hidden in this treasure
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trove are insights that can help telcos enhance customer experi-
ence, improve their network quality, and capture and retain more
subscribers.

Testing customer loyalty with
experience issues

As a telco operator, your subscribers expect your incredibly com-
plex and expensive network to just work. Of course, most of the
time, it works great — but subtle, hard-to-detect anomalies can
impact your service quality and negatively affect the customer
experience of your subscribers. These issues test your custom-
ers’ patience and could potentially lead to subscriber churn; as a
result, loyalty refunds, credits, and incentives to keep them happy
eat into your profit margins.

Time-series network analytics provides the ability for network
operations and engineering teams to predict trends and detect
anomalies in the network performance and proactively improve
the service quality of their networks. Using predictive analytics on
the network telemetry — including network performance, Inter-
net usage, clickstreams, and traffic-flow data — enables opera-
tors to identify underperforming components of the network and
improve the quality of experience for subscribers before they may
even realize there is an issue.

5G: The next telco battleground

According to the Global System for Mobile Communications Asso-
ciation (GSMA), a telecom industry association representing more
than 1,200 companies, by 2025, 40 percent of the global popula-
tion will be covered by 5G networks. 5G presents an incredible
opportunity for mobile operators to capture market share, extend
their offerings with innovative new products and services, con-
nect more of the world’s population than ever before, and ena-
ble extraordinary technological and societal advancements like
autonomous vehicles.

This means, of course, that individual operators need to make
careful decisions about when, where, and how to invest in 5G, as
well as how to monetize the capabilities that they’re investing in.
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One of the most exciting aspects of 5G for individual operators is
very practical. It enables something referred to as network slicing,
which allows for telcos to create virtual slices of the network to
serve specific customers, application types, or other dimensions.
These slices can be tailored to very specific demands on the net-
work and service-level requirements versus the “one-size-fits-
all” approach of the past. Imagine different slices of the network
dedicated to autonomous vehicles, smart city infrastructure,
emergency response, streaming gaming users, and more. As an
operator, you can dynamically create and optimize your 5G ser-
vices to serve these slices individually and develop specific pricing
structures for these individual markets accordingly.

The question this raises is, how can operators efficiently cre-
ate, support, and price these network slices? This is where ML
comes in. The behavior of each slice can be analyzed, and resource
demands can be forecasted. This provides the operator the abil-
ity to adjust the capacity of the slice dynamically to respond to
forecasted events and correlations between events (perhaps with
other slices of the network). Plus, these forecasts can help opera-
tors efficiently price their 5G services to balance the cost and value
that each slice is delivering. For telcos struggling with growth and
profit optimization, this is a big deal.
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» Accounting for changing circumstances

» Addressing structural changes

» Dealing with data availability

» Building multipoint forecasts

Chapter 2
Why Time-Series
Forecasting Is Difficult

n this chapter, you learn about some of the unique challenges of

time-series forecasting, such as changing circumstances,

structural changes in the data, the availability of data, and cre-
ating multiple forecasts for multiple forecasting horizons in mul-
tiple situations.

Circumstances Change Over Time

Events represented by time-series models are dynamic in nature.
A model that worked yesterday may no longer be valid today. For
example, in finance, an investment model may be based on a port-
folio of assets that changes rapidly as market conditions evolve.
In manufacturing and energy, production models may change
quickly due to a change in orders affecting demand or unexpected
downtime affecting capacity.

When training a machine learning (ML) algorithm to play a game
of “Go” or how to distinguish between images of lungs to detect
lung cancer or detect or recognize fake news articles among thou-
sands of new articles created every day, more data samples typi-
cally enhance the performance of your model. However, when
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modeling time-series data, this is generally not the case. New
observations in time-series data may make your model useless
from one hour to the next because the underlying process can
suddenly change. This forces people to repeat the model-building
process, though this is clearly not an optimal solution, because it
can take up much of their valuable time. It also requires people to
critically evaluate which data set, over which time period, should
be used as training data for the model-building efforts. Addition-
ally, these new situations often require the identification of new
significant features rather than a different modeling technique or
slightly adjusted hyperparameters. So, people need to repeat even
more of the process because they’re forced to return to the feature
recognition stage before going on to retrain their models. Under-
standing when you should rebuild your models along with what
data you should use when rebuilding is crucial.

A model hyperparameter is a characteristic or element that is
external to the model; its value is used to control the ML pro-
cess itself. A model parameter is a characteristic or element that is
internal to the model; its value can be estimated from data.

The Tangent Information Modeler (TIM), discussed in Chapter 6,
empowers users to easily adapt to new situations by allowing
models to be continuously recalibrated or rebuilt. Whereas model
recalibration only adjusts the model’s parameters and leaves the
model’s structure (features) intact, model rebuilding starts by
identifying new features and then builds a completely new model.

Structural Changes

There are many different types of structural changes in time-
series models, such as changes in mean, variance, and seasonal-
ity, which can fundamentally alter the way in which a business
model or economy functions. Structural changes can sometimes
be so significant that the data after the change appears to be a
completely new and different time series compared to the data
before the change.
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Figures 4-1 and 4-2 show two examples of dynamic time series
containing structural changes. Figure 4-1 shows an example
of gas consumption for heating with a clear seasonal pattern.
Figure 4-2 shows an example of the impact of the COVID-19 pan-
demic on travel volume. This structural change is so fundamental
that it effectively seems to split the time series into two different
time series.
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FIGURE 4-1: A seasonal structural change in gas consumption for heating.
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FIGURE 4-2: A structural change in the number of passengers.

For time-series problems, setting up a continuous model-
rebuilding pipeline is often necessary to address changing cir-
cumstances and to maintain the required level of accuracy. Swift
and easy model-rebuilding capabilities, such as TIM’s real-time
instant ML (RTInstantML) capabilities, greatly contribute to this
process. On top of this, such capabilities empower users to handle
structural changes in their data.
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Another challenge in time-series forecasting is the availability of
data for your model, which may vary at times. Certain data that
was used for building the model may not be available when a fore-
cast needs to be made, so the model can’t be used for forecasting.
For example, in Figure 4-3, the following relationship is identi-
fied using historical data from January 1, 2017, to January 9, 2017:

Electricity Consumption (t) = 10,000 x Average
Temperature (t) - 5,000 x Climate Protests (t)

Predictors
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FIGURE 4-3: A data availability problem. A linear model needs data points that
were available for training to be available for application (for example, when
forecasting for January 10 and 11).

On January 10, 2017, the values of one of the explanatory variables
(Average Temperature) are unavailable, so it isn’t possible to use
the identified model to calculate a forecast (see Figure 4-3). Repeat-
ing an automated ML (AutoML) search with the new constraints for
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calculating Electricity Consumption (t) (namely, including Average
Temperature [t] available up to one day ago and Climate Protests
up to the current day) is a time-consuming option with signifi-
cant computational cost. Doing this each time the data availability
changes is nearly impossible.

Because TIM’s RTInstantML allows for building a completely new
model each time a forecast is required, there is no need to set
up a particular data availability scenario. TIM looks at the data
availability as it is in the data set at the time of forecasting and
then builds a model based on this data and applies the model in a
single pass through the data, delivering a forecast using all rele-
vant available data in just seconds to minutes.

This approach solves the problem of (unexpectedly) unavailable
data. It also seizes the opportunity that’s provided in case more
data is available than expected. Although this second scenario
(more data available than expected) would not cause a problem
for models built with AutoML approaches, the models wouldn’t be
able to make use of this advantage without retraining.

Need for Multiple Forecasts over
Multiple Time Spans

Multipoint forecasts are those where prediction horizons include
more points to predict. Multipoint forecasts are required in many
industrial verticals. For example, you may need to forecast the
price of a commodity at 9 a.m. for each hour that day from 10
a.m. to 9 a.m. the following day, resulting in a total of 24 points.
Multipoint forecasts have traditionally been addressed by mul-
tiple output models or recurrent strategies.

Building and optimizing a multiple-output model (see Figure 4-4)
is intuitively harder than doing so for a single output model, because
model parameters are optimized for each of the outputs, and this
optimization happens simultaneously. Optimizing for several out-
puts simultaneously may result in a contradictory optimization
problem. Multi-output models are often more complex (for exam-
ple, they may have more hidden layers in a neural net or contain
a larger decision tree) and interpreting information from such a
model is difficult.
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MULTIPLE OUTPUT MODEL
STRATEGY
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Y
Now PREDICTION HORIZON THEN
Monday 24 points = multi-point forecast Tuesday
morning morning

FIGURE 4-4: Using a multiple-output model to forecast over a 24-point
horizon.

For example, it’s intuitively clear that traffic patterns during the
day are far more complex than traffic patterns at night. Fore-
casting the traffic at 3 a.m. by looking at the traffic at 3 a.m. the
previous night, would probably result in a reasonable forecast.
However, forecasting the traffic at 5 p.m. is more complex than
just copying the traffic from 24 hours earlier: It needs to take into
account whether it’s a weekday or weekend, whether it’s a holi-
day, possibly even weather-related information (because fewer
people may travel when it’s raining or cold). Forecasting both
scenarios using the same model provides a challenge.

On the other hand, recurrent strategies (see Figure 4-5) optimize
a single-output model that is then propagated in time in a recur-
rent manner. For example, the forecast for y(t + 1) is used again
for calculating y(t + 2). However, recurrent strategies are prone to
diverge quickly after only a few update steps. This renders them
impractical for broader adoption.

RECURRENT STRATEGY

9 10 11 12 1 2 3 4 5 6 7 8 9 10 11 12 1 2 3 4 5 6 7 8 9
L J
T
Now PREDICTION HORIZON THEN
Monday 24 points = multi-point forecast Tuesday
morning morning

FIGURE 4-5: Using a recurrent strategy to forecast over a 24-point horizon.

How does TIM approach the need for multipoint forecasts? As
shown in Figures 4-4 and 4-5, both traditional approaches bring
notable disadvantages with them. To overcome these disadvan-
tages, TIM takes a completely different approach. For each point
in the forecasting horizon, TIM creates a separate model (see
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Figure 4-6). In doing so, no contradictory optimizations need to
be done because each model needs to be optimized for just one
output. Because no outputs are used in creating other outputs,
the risk for propagating errors (and, thus, quickly diverging
results) is also removed. All models TIM creates in this scenario
are assembled into a so-called modelZOO. TIM then automati-
cally dispatches the correct model from the modelZOO each time
a forecast is desired. This approach requires the creation of mul-
tiple (sometimes many) models, so it’s only possible with TIM’s
fast and scalable model-generation capabilities.

— T

9 10 11 12 1 2 3 4 5 6 7 8 9 10 11 12 1 2 3 4 5 6 7 8 9
L J

|l
Now PREDICTION HORIZON THEN
Monday 24 points = multi-point forecast Tuesday
morning morning

FIGURE 4-6: TIM's approach to forecasting over a 24-point horizon.

In many time-series applications, it’s necessary to provide a mul-
tipoint forecast several times per day (for example, every hour).
Each forecast typically has a unique data availability scheme. For
example, at 8 a.m. the target could be available until six hours
ago, but at 9 a.m. the database gets updated with actual data up
to two hours ago. Models for 8 a.m. can take advantage of lagged
features from t — 6 hours and further back in time, but models for
9 a.m. can take advantage of more recent data from the morning
update (that is, from t — 2 and further in time). Therefore, fore-
casting for 10 a.m. at 8 a.m. and at 9 a.m. is significantly different.

A set of forecasting situations with their corresponding data

"6“ availability schemas is referred to as a forecasting routine.
TECHMICAL  For each of the challenges of time-series forecasting discussed

in this chapter, TIM’s approach to overcoming them is also dis-
cussed. This may have aroused your curiosity about what TIM is
exactly. If so, you're in luck, because the remaining chapters of
this book discuss TIM in more detail.
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IN THIS CHAPTER

» Putting a predictive analytics solution
together

» Starting from scratch with handcrafted
models

» Automating basic model-building steps

» Taking model building to the next level
with instant machine learning

Chapter 5
Exploring Time-Series
Predictive Analytics

n this chapter, you learn model-building techniques to deliver
a predictive analytics solution, as well as the different model-
building techniques that are used to deliver a solution.

How to Build a Predictive
Analytics Solution

A predictive analytics solution is built on models. Data scientists
typically build machine learning (ML) models to support predic-
tive analytics applications. As the value of predictive analytics is
increasingly sought after, the number of open positions for data
scientists has also exploded. In today’s job market, the demand
for data scientists surpasses the supply. In predictive analytics
projects, business value lies in the insights that can be derived
from data. Data scientists can contribute the most to this value
creation when they’re allowed to focus on retrieving and com-
municating these insights. Any tasks in their workload that can be
automated — from data preparation to feature engineering and
even model generation — to free up time for these high-value
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tasks should be automated. In this way, organizations can ensure
that the data scientists who work for them focus on gaining
insights and understanding and creating business value, rather
than on repetitive and tedious tasks that don’t bring direct value.

MACHINE LEARNING 101

Here's a quick primer — or crash course (depending on your back-
ground) — in ML.

ML is the scientific study of algorithms and statistical models that
computer systems use to effectively perform a specific task without
using explicit instructions, relying on patterns and inference instead.
ML algorithms build a mathematical model of sample data, known as
training data, to make predictions or decisions without being explicitly
programmed to perform the task.

ML algorithms are used in a wide variety of applications where devel-
oping an algorithm of specific instructions for performing a task isn't
feasible. It's closely related to computational statistics, which focuses
on making predictions using computers to analyze large sample sizes
and use intrinsically intensive statistical methods.

There are two main types of ML tasks relevant to predictive analytics:
supervised and unsupervised learning.

In supervised learning, the algorithm builds a mathematical model
from a set of data that contains both the input variables and the
desired output. For example, when trying to determine whether an
image contains a certain object, the training data for a supervised
learning algorithm would include images with and without that object
(the input), and each image would have a label (the desired output)
designating whether it contained the object. In special cases, the input
may be only partially available or restricted to special feedback. This
category falls into two subcategories:

® Classification: Classification algorithms are used when the out-
puts are restricted to a limited set of categorical values. An exam-
ple of a classification algorithm is one that filters emails, in which
case the input would be an incoming email and the output would
be the folder in which to file the email.
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® Regression: Regression algorithms are characterized by their con-
tinuous outputs, meaning they may have any value, possibly
within a range. Examples of a continuous value are the tempera-
ture, length, or price of an object.

In unsupervised learning, the algorithm builds a mathematical model
from a set of unlabeled input data, meaning there is no knowledge
about a desired target variable. These algorithms are used to find
structure in the data (for example, by grouping or clustering data
points). In this way, unsupervised learning can discover patterns in
the data and can group the inputs into categories.

The study of mathematical optimization delivers theory, methods,
and application domains to the field of ML. An important subfield of
ML is data mining, which focuses on exploratory analysis through
unsupervised learning. In its application across business problems,
ML is also referred to as predictive analytics.

Handcrafted Models

The first step in creating a predictive analytics solution for
forecasting or anomaly detection is to prepare the data (see
Figure 5-1). This includes gathering historical time-series data
and cleansing it. Other steps in the data preparation process often
include data normalization or standardization.

MACHINE LEARNING
STRATEGIES

Handcrafted Models AutoML

Data Preparation P Data Gathering/Cleaning @ Data Gathering/Cleaning @ Data Gathering/Cleaning

Model Building » @ Feature Engineering

Feature Engineering ®

ONE STEP ONE STEP

@ Model Building Model Building

4+ @ Model Tuning Model Tuning

Back Testing Back Testing

Engineering Support

Model Selection

Modef Selection

Deployment @ ~PiGeneration APl Generation @ single API
API per Model API per Model

Forecasting

Forecasting PR
Anomaly Detection

Execution .
Anomaly Detection Anomaly Detection

FIGURE 5-1: Current ML strategies include handcrafted modeling
and automated ML (AutoML).
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Normalization is a technique often applied as part of data prepa-
ration for ML. The goal of normalization is to rescale the values of
numeric variables in the data set to a common range.

The next step is to build the model. Many companies have tra-
ditionally employed data scientists and engineers to build
handcrafted models. Model building is an iterative process that
involves feature engineering, model building, model tuning, back
testing, and model selection. This process can take days or weeks
and often must be repeated in order for any changes to the con-
text in which the model will be applied.

After the model has been successfully built, an application pro-
gramming interface (API) can be created for each model for
deployment. Finally, the model can be applied.

Disadvantages of this approach include that it:

¥ Does not support business agility and real-time decision-
making in changing circumstances

¥ Is not easily (or economically) scalable or adaptable
¥ Is expertise intensive

¥ Is engineering driven and time consuming (taking days or
weeks to build and deploy)

Data scientists often spend as much as 80 percent of their time in
the data preparation step. However, business value is obtained by
interpreting models and results to gain insights. Freeing up data
scientists’ valuable time so they can move on to the tasks where
business value is created — such as getting insights and gain-
ing a better understanding of the data, models, and results — is
beneficial to the business.

AutoML

Automated ML (AutoML) is the next evolution in model building.
AutoML automates part of the model-building process from fea-
ture engineering to model selection (refer to Figure 5-1).

AutoML techniques train many different models and then
select the most successful model. This is typically a laborious,
time-consuming task that requires scanning many different
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ML libraries, creating models, and tuning their corresponding
hyperparameters.

Although AutoML is a step toward automation, tedious and
manual feature engineering is often required, which calls for the
input of a domain expert. The result is a compute-intensive trial-
and-error process that can still take up hours or days of valuable
time. Even so, this is a significant difference to the days or weeks
of time needed for handcrafted modeling.

engineering support throughout model building and deployment,
but it does provide some scalability and accelerates the model-
rememeer | DUIlding process.

@ AutoML still requires data scientists for data preparation and for

A New Paradigm: InstantML

In time-series modeling, identification of significant features
and an overall modeling framework (how to address changing
dynamics in time-series data, dynamic data availability, mul-
tipoint and multi-situational forecasts, and so on) are far more
important than choosing a specific modeling technique and its
associated hyperparameters.

Tangent Works has developed a new model-building frame-
work that addresses time-series modeling challenges. The Tan-
gent Information Modeler (TIM), discussed in Chapter 6, is an
automatic model-building engine for time-series forecasting and
anomaly detection. With a single pass through the data, TIM gen-
erates a high-quality model (see Figure 5-1).

InstantML is a new paradigm in model building that refers to
modeling strategies that focus on identifying features rather than
a modeling technique and its hyperparameters. InstantML is sig-
nificantly faster than AutoML, requiring only seconds or a few
minutes for building forecasting and anomaly detection models.
This enables instant forecasting, where new models can be cre-
ated on demand.

With InstantML, you set up your data availability scheme and TIM
creates a model based on it. This process takes only seconds to
minutes. You can then apply this model as many times as you
want, even on new data, given that the data availability doesn’t
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change. Should you need a new model, because of a change in data
availability, a change in the underlying circumstances, or even
just because you want to, you can easily generate a new one with
TIM by repeating the process.

Real-time instant ML (RTInstantML) goes one step further by
unifying the steps of model building and model application (fore-
casting). With RTInstantML, you don’t need to set up any data
availability scheme as it’s automatically detected from the data
set that’s provided. The model is trained and applied, and then
discarded. With RTInstantML, your forecast is directly returned
to you. The next time a forecast is needed, you can simply repeat
this process.

Both InstantML and RTInstantML are explainable, allowing
users to look into the models that were built. This way, users can
understand the forecasts and anomaly detections produced by the
models and explain them to decision-makers and key stakeholders
in the business.

RTInstantML is especially advantageous if your data availability
scheme changes often or if ad hoc forecasts are required. RTIn-
stantML automates everything from model building to model
application, taking input data and directly providing the user with
the relevant forecast. This eliminates the need to set up a partic-
ular data availability situation, as the situation can be extracted
directly from the input data set at the time of forecasting. RTIn-
stantML doesn’t require any model management or model stor-
age, which simplifies implementation complexity and shortens
time to value.

The benefits of InstantML and RTInstantML include the following:

¥ Speed: Models and forecasts can be built on demand in
seconds to minutes rather than days or weeks.

¥ Scalability: They're highly scalable and adaptable to changes
in time-series data sets.

3 Automation: Models are created automatically, reducing
the engineering time required by data scientists.

» Explainability: Human-readable models deliver truly
explainable artificial intelligence (Al).
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Figure 5-2 compares the different ML techniques discussed in
this chapter.

REMEMBER

MACHINE LEARNING

MATURITY
Handcrafted AutoML RTInstantML
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High of Creating Value from Machine Learning
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P —— Automating the engineering Instant models and instantuse of o tion
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FIGURE 5-2: ML maturity.

To go beyond experimenting, businesses need to automate the
model-building and deployment stages of modeling with repeat-
able and scalable ML.

TIP
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IN THIS CHAPTER

» Looking under the hood: the Tangent
Information Modeler Engine

» Leveraging the Tangent Information
Modeler application programming
interface

» Getting acquainted with TIM Studio

Chapter 6
Implementing the
Tangent Information
Modeler and Instant
Machine Learning

he Tangent Information Modeler (TIM) is the automatic

model-building solution from Tangent Works. TIM is

designed specifically for time-series data. Based on this
data, TIM extracts relevant features and builds explainable fore-
casting and anomaly-detection models.

In this chapter, you learn about the TIM solution architecture: the
TIM Engine, the TIM application programming interface (API),
and TIM Studio (TIM’s web-based user interface).

The Tangent Information Modeler Engine

The TIM Engine is built on a field of mathematics called infor-
mation geometry, an interdisciplinary field that uses differential
geometry techniques to study probability theory and statistics. The
TIM Engine contains TIM’s machine learning (ML) functionality.
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This includes time-series model generation, as well as the calcu-
lation of the resulting forecasts and anomaly detections. The TIM
Engine is fully containerized and can be used as a cloud service,
in your own cloud, on premises, or on an Internet of Things (IoT)
device on an edge network (see Figure 6-1).
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computing

FIGURE 6-1: The TIM Engine can be deployed in various ways to meet your
business requirements.

The Tangent Information Modeler
Application Programming Interface

OAOD,
TECHNICAL
STUFF

All of TIM’s functionalities can be accessed via a single open rep-
resentational state transfer (REST) API. This API is kept up and
running at all times, automatically scaling with the number of
incoming requests. Because all functionalities (model building,
forecasting, anomaly detection, and so on) are accessible via a
single API, TIM is very easy to use.

Later, you’ll come across different user interfaces through which
TIM’s capabilities can be consumed, such as TIM Studio (later in
this chapter) and several platforms (Chapter 7). Under the hood,
all these interfaces are just a level of abstraction added between
you (the user) and TIM’s API.

The high-level architecture of the TIM web service is shown in
Figure 6-2. In the background, TIM constantly runs a few Work-
ers that can facilitate all possible requests. Scalability is a very
important feature of this architecture, achieved by distributing
the highest computational complexity to the TIM worker units.
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The number of active workers automatically scales with the num-
ber of incoming requests; when computational demand increases,
additional TIM workers can be automatically started.

TIM ENGINE ARCHITECTURE
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FIGURE 6-2: The TIM web service architecture.

TIM Studio

TIM Studio is a web application that offers an intuitive user inter-
face to the TIM Engine for forecasting and anomaly detection. It’s
designed to serve as an ML development and operations (MLOps)
platform for time-series modeling. TIM Studio is a productivity
tool that brings TIM’s predictive and prescriptive analytics capa-
bilities to nontechnical users, citizen data scientists, and data sci-
entists to create models, test results, understand their data, and
apply models in production.

TIM Studio consists of the following main parts:

¥ Data sets: Data sets hold data that are required for both
model building and forecasting. TIM Studio allows you to
explore data sets in more detail. Besides plotting data on
charts and displaying them in tabular form, it also provides
key statistical insights. If your data contains missing values,
you can quickly find out where they occur.

¥ Use cases: Use cases collect all work (including experiments)
related to a certain business objective in one place. You aim
for your efforts to eventually deliver benefits to business
processes, so a use case can be described with a business
objective, value, key performance indicator (KPI), and so on.
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3 Experiments: Experiments belong to a use case and are
tightly coupled with a concrete data set. In addition, they
contain specific parameters for the TIM Engine. TIM Studio
helps you keep track of adjustments that were made to
various parameters and evaluate and compare results. In
doing so, TIM Studio supports an iterative approach to
experimenting.

3 Production setups: Production setups are based on a
certain iteration of an experiment, namely the one that
delivered the best results during back testing. TIM Studio
offers a simple way of transitioning from experimenting to a
regular forecasting process.

¥ Forecasts: Forecasts are values calculated with the use of a
certain production setup. Every forecast is stored in TIM
Studio, so you can get back to it at any time.

Let’s talk about the screen that you’d likely spend the most time
with: the Experiment Workbench. The Workbench is a screen that
allows you to get insights into the models generated by TIM and
to evaluate their quality. This is done in a process called back test-
ing. Back testing involves building a model on historical data and
then assessing its quality by applying it to “unseen” data. This
gives you an impression of how the model would behave in pro-
duction (that is, with new data).

Users can alter the process of model generation by adjusting var-
ious settings, which are accessible via the Settings task pane,
where they’re grouped by category. For example, besides set-
ting the length of the forecasting interval, it’s also possible to set
model-building and testing intervals or to adjust which math-
ematical transformations are used in the model-building process.
Most of the settings can be left in the automatic mode. It’s up to
users to decide if they want to dive deeper and adjust them.

MLOps is an analogy to (or, in some cases, an extension of) the
well-known DevOps discipline, which transforms the way appli-
cations are developed (dev), deployed, and run (ops). In the ML
world, it isn’t code that’s developed; it’s a model built with cer-
tain data. When a model performs well during back testing, it’s
put in production to regularly forecast (ops). However, over time,
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the parameters of the underlying data can change, or worse, the
data quality can be influenced by technical errors in the process
of data capture and preparation. Consequently, the accuracy of
forecasts would drop. It’s often critical to find out what happened
and why it happened, as well as to react to such situations as
fast as possible. This ability is what makes TIM unique. It brings
the functionality to help in such situations, including obtaining
warnings related to the data, quickly rebuilding models with the
RTInstantML technology, and more.

TIM Studio can work with comma-separated value (CSV) files, as
well as with data queried from SQL databases.

TIP
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Deploying the Tangent Information
Modeler in the cloud

» Leveraging analytics and business
intelligence tools

» Using data integration tools

» Bringing the Tangent Information
Modeler to machine learning platforms

» Extending the Tangent Information
Modeler to the Internet of Things

Chapter 7

Using the Tangent
Information Modeler
on Other Platforms

s I explain in Chapter 6, all functionalities of the Tangent

Information Modeler (TIM) Engine can be accessed

through a single application programming interface (API).
This API provides a single straightforward way of consuming the
engine’s capabilities, but also ensures an easy integration of these
capabilities in various other platforms. This is an advantage for
companies that want to leverage TIM’s capabilities as built-in
functionalities in their own platforms. It also provides opportuni-
ties for integration with countless other existing programs.

Building upon these opportunities, TIM can be accessed through
a variety of tools and platforms. This is exciting because it means
users don’t have to switch tools every time they want a forecast
or anomaly detection. In contrast, TIM’s models, forecasts, and
anomaly detections can be consumed directly in their platform
of choice.
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REMEMBER

In this chapter, you learn about the growing ecosystem of TIM
platforms offered by Tangent Works, allowing seamless integra-
tion of TIM’s capabilities into users’ familiar digital environments.

There are different types of platforms — including cloud, ana-
lytics and business intelligence (BI), data integration, machine
learning (ML), and Internet of Things (IoT) platforms — each
tailored to a specific segment of users. In striving to success-
fully deliver the most relevant functionalities to their user base,
each of these platforms brings its own strengths. By integrating
TIM with these different platforms, Tangent Works builds upon
these strengths, focusing on the most appropriate of TIM’s char-
acteristics for each integration. Apart from looking at the set of
integrations that is available to users, this chapter also gives an
overview of the different types of platforms that TIM can be inte-
grated with. This can help you decide which integrations best fit
your needs.

The list of platforms TIM integrates with is always growing as
Tangent Works improves existing integrations with additional
functionalities and integrates with new platforms. For an up-
to-date overview of TIM’s platform integrations, take a look at
www . tangent . works/tim-on-platforms and https://docs.
tangent .works/TIM-on-Platforms/Overview.

The ability to integrate TIM with different cloud, analytics and BI,
data integration, ML, and IoT platforms provides many business
benefits including the following:

¥ Al, ML, and predictive analytics can be integrated in an
existing environment.

¥ Predictive analytics becomes easily accessible because it's
available in platforms that are already being used in the
organization instead of adding more tools to the mix.

¥ It offers users broad availability, especially when it's available
on multiple platforms.

¥ It helps shorten time to market.

¥ It allows users to easily tap into their data sources in the
most suitable platform for their specific source.
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Cloud Platforms

The TIM solution is a containerized application that can be
deployed on any cloud infrastructure, including public clouds,
such as Amazon Web Services (AWS), Microsoft Azure, Red Hat
Cloud Suite, and private clouds.

Often, cloud platform vendors also have a rich set of data inte-
gration, orchestration, and presentation functionalities. A great
example is Microsoft Azure. TIM is available in the Microsoft
Azure Marketplace as a service and can easily be integrated with
Azure Synapse, the Microsoft Power platform, and more.

Analytics and Business
Intelligence Platforms

Analytics and BI platforms deliver analytic content development
by enabling nontechnical users to execute analytic workflows
from data access, ingestion, and preparation to interactive data
visualization and analysis. They provide capabilities for analysis,
as well as information delivery capabilities (such as reports and
dashboards) and platform integration capabilities. TIM intro-
duces predictive and prescriptive analytics capabilities on time-
series data in an easy, accurate, fast, and explainable way, directly
in these platforms:

¥ Microsoft Excel: TIM Forecasting is available as a Microsoft
Excel add-in, providing an intuitive interface to the TIM
Engine in Excel. The TIM Forecasting application for Excel
supports real-time instant ML (RTInstantML), discussed in
Chapter 5, allowing users to get direct forecasts based on the
data in their Excel spreadsheets. Communicating with the
TIM Engine from within Excel enables users to leverage the
capabilities and familiarity of Excel, along with the powerful
time-series insights that can be realized with TIM.

TIM in Excel increases the ease of use of TIM's RTInstantML
capabilities for Excel users. For example, time stamps can be
recognized in each of Excel's native date-time formats, the
data-set range is automatically extracted, and additional
comments or notes in the worksheet are automatically

CHAPTER 7 Using the Tangent Information Modeler on Other Platforms 59



ignored. Users can choose any variable as a target, and
they can select which of the predictor variables should be
included in the forecast. On top of that, the add-in provides
users with the option for automatic extensive visualization,
including the target variable with a forecast, prediction
intervals, and a look into the importance of the included
predictors.

The TIM Forecasting add-in can be added to Excel through
Microsoft AppSource (https: //appsource.microsoft.com).

3 Microsoft Power Platform: Microsoft Power Platform
includes Power Bl, Power Apps, and Power Automate. TIM
integrates with Power Platform to support users end-to-end
to gain insights and create business value from their
time-series data.

TIP

¥ Qlik Sense: Qlik Sense is a modern data analytics platform
that helps users create flexible, interactive data visualiza-
tions. The TIM server-side extension (SSE) gives Qlik Sense
users the benefit of TIM's forecasting capabilities without the
need to leave the familiar environment of Qlik Sense. The
TIM SSE integrates seamlessly with Qlik Sense’s native way
of working, providing various functions that can be used
directly in Qlik Sense.

The TIM SSE for Qlik Sense supports RTInstantML, allowing
users to get direct forecasts based on the data in their hyper-
cube. This version also helps users gain deeper insights into
their data, the models produced and used by RTInstantML, and
the resulting forecasts by providing functionality to look into
the features used in the calculation of the forecast. The SSE is
set up to act as if it were a native Qlik Sense functionality,
meaning that users can select a subset of the data set to train
on, decide which variables to include, and indicate what the
forecasting horizon should be, all within their dashboard.

Data Integration Platforms

A prerequisite for leveraging ML is data. TIM integrates with a
range of data integration tools that specialize in gathering data.
If you’re working with large amounts of data, chances are, you’re
already using data integration platforms to help you handle the
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integration and management of your data. Because the architec-
ture of the TIM Engine makes it easy to integrate in any platform,
you can enjoy the benefits that TIM offers from within your pre-
ferred data integration platform, including the following:

3 Azure Data Factory: Azure Data Factory, part of the
Microsoft Azure Synapse solution, is a service built for all
data integration needs and skill levels, enabling users to
integrate data silos. Users can easily construct extract,
transform, load (ETL) and extract, load, transform (ELT)
processes without code in an intuitive visual environment or
write their own code and visually integrate a wide range of
data sources. Azure Data Factory can also be used for the
orchestration of forecasting processes through its seamless
integration with TIM Studio.

When the preferred data-set and/or model-building defini-
tion is in place, the set of templates available from Tangent
Works will guide you through the next steps. The combina-
tion of Azure Data Factory and TIM ensures that triggering
data updates, forecasting, or model rebuilding is only a
matter of a few clicks, regardless of whether you need these
capabilities on a regular basis or in ad hoc scenarios.

¥ Cloudera: Cloudera delivers an enterprise data cloud for any
data, anywhere, from the edge to artificial intelligence (Al).
The combination of Cloudera and TIM provides an easy way
to benefit from the scalable data management capabilities in
Cloudera and deliver predictive analytics use cases with the
augmented InstantML capabilities of TIM. The Cloudera and
TIM InstantML integration offers a great time to market for
your predictive and prescriptive analytics projects.

¥ Snowflake: Snowflake is a data platform built from the
ground up for the cloud. It's designed with a patented
architecture to be the centerpiece for data pipelines, data
warehousing, data lakes, and data application development,
as well as for building data exchanges to easily and securely
share governed data. Snowflake offers great capabilities for
data; TIM plugs into the Snowflake solution and delivers an
integrated platform for augmented predictive analytics ML.

Many other data integration platforms exist, including Denodo,

Trifacta, Databricks, and many others. The open architecture of
TIM allows for easy integration into any platform.
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Machine Learning Platforms

The time-series ML capabilities in the TIM solution are also
available on various ML platforms. Users can make use of TIM’s
capabilities right next to any other ML endeavors they’re working
on, including the following:

¥ Alteryx: Alteryx Designer empowers data analysts by
combining data preparation, data blending, and analytics;
TIM expands this benefit with advanced time-series ML
capabilities. The TIM Forecasting tool in Alteryx offers an
easy-to-use, fast, and accurate solution for model generation
and forecasting using explainable Al. The TIM Anomaly
Detection Build Model tool and the TIM Anomaly Detection
Detect tool together empower users to easily include TIM's
model-building and anomaly-detection capabilities in their
workflows. Business users, citizen data scientists, and data
scientists benefit from the combination of the Alteryx
functionalities and TIM's analytical capabilities, empowering
them to create business value with data.

ML for time-series data presents many obstacles, but it also
contains enormous potential to gain deeper insights and
deliver faster decisions. TIM focuses on equipping users to

REMEMBER create business value through ML, instead of having their
talent stuck on the technical aspects of complicated ML
solutions.

The TIM Forecasting tool in Alteryx supports RTInstantML
and allows customization of the forecasting models through
adjustable advanced settings. The TIM Anomaly Detection
Build Model tool also includes an interface to configure
advanced settings. Both tools allow users to choose any
variable as a target and select which of the additional
predictor variables should be included in the forecast.

3 Azure Machine Learning: TIM seamlessly integrates with the
Azure Machine Learning solution. TIM offers augmented ML
in Azure Data and ML pipelines. You can benefit from Azure
MLOps (that is, DevOps for ML) by enabling data science and IT
teams to collaborate and increase the pace of model develop-
ment and deployment via monitoring, validation, and govern-
ance of ML models.
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Internet of Things Platforms

TIM is architected to make efficient use of computational
resources. Thanks to its design, TIM can be embedded into IoT
devices or IoT platforms, equipping them with TIM’s predictive
and prescriptive analytics capabilities. This capability means users
no longer need to centralize their data before starting to acquire
insights. TIM can forecast expected values and detect anomalous
values immediately after the data is measured. It’s even possible
to rebuild or retrain models on the edge (for example, in case of a
structural change in the data, or when a certain sensor is faulty).

The IoT platforms TIM works with include the following:

»

»

Azure loT Central: You can quickly build and deploy secure,
scalable loT applications using the comprehensive Azure loT
portfolio of managed and platform services like loT Central
and loTHub. You can benefit from TIM's augmented ML and
deliver easy-to-use predictive analytics based on loT data.

Siemens: Siemens MindSphere is an industrial loT-as-a-service
solution. Using advanced analytics and Al, MindSphere powers
10T solutions from the edge to the cloud with data from
connected products, plants, and systems to optimize opera-
tions, create better-quality products, and deploy new business
models. By adding TIM to the Siemens platform, augmented
ML becomes available to many additional use cases.
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IN THIS CHAPTER

» Delivering key insights and business
value with augmented analytics

» Looking at the paradigm shift of the
InstantML approach of the Tangent
Information Modeler

» Recognizing the speed, automation,
accuracy and ease-of-use benefits of the
Tangent Information Modeler

Chapter 8

Ten Ways to Get Value
from the Tangent
Information Modeler

n this chapter, I present ten ways you can get value for your
organization from predictive analytics and the Tangent
Information Modeler (TIM).

Driving Digital Transformation

Data holds the key to business insights that drive digital transfor-
mation initiatives in enterprises everywhere. Predictive analytics
surfaces the information that business leaders and stakeholders
need to make the right decisions at the right time.

Focusing on Business Value

A predictive analytics project isn’t a math experiment. Avoid get-
ting lost in the math and focus instead on the business value that
the project will deliver. TIM’s approach to time-series modeling
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allows users to focus on the business insights that are contained
in their data, while conveniently automating the handling of
technical complexities under the hood.

Going Beyond Experimentation

Many machine learning (ML) projects never get out of the experi-
mental stage. Data scientists get bogged down in manually build-
ing new models, and then training, testing, and tuning these
models. This process can take days or weeks, during which time
the business situation — and data structure — can change, often
rendering the model obsolete. To avoid this trap, the projects need
to be tightly coupled to the business problems they should solve.
Many time-series problems are characterized by a need for fast
and scalable insights. TIM’s highly automated model-building
capabilities are designed to attack these problems.

Getting Business Value through
Augmented Analytics

Information is valuable but extracting it from raw data is often
difficult and requires specialized expertise. This is particularly
true in time-series analysis because of its highly dynamic nature.
Many time-series use cases come down to forecasting and/or
anomaly detection — areas in which TIM excels. TIM reduces
the need for valuable resources (expertise, time, and money) and
helps users leverage the insights hidden in their data to deliver
real business value.

Approaching Time-Series ML in a
New Way with InstantML

The TIM Engine creates models in a single step — from feature
engineering to model building and deployment. This highly auto-
mated approach to time-series modeling is called InstantML. The
high level of automation reduces the time needed for model build-
ing, as well as the engineering effort and mathematical expertise
required.
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Getting Results Fast

Traditional handcrafted ML models typically take days or weeks
to build, train, test, and tune. AutoML reduces that time to hours
or days, but it’s compute-intensive and still requires extensive
engineering support to build and deploy. InstantML delivers
results within seconds or, at most, a few minutes with one-step
model creation, while reducing the need for engineering support.

Automating the Model-Building Process

Many modeling tools require tedious, manual feature engineer-
ing that calls for a domain expert, such as a data scientist. This
compute-intensive trial-and-error process is necessary to deter-
mine which combinations of input data will be relevant. This
process can take days or weeks, especially as the number of com-
binations grows exponentially with the number of input variables
and time intervals. On top of this, the algorithms used to model
the resulting features often need parameter tuning before deliv-
ering optimized results. Tuning these parameters, either by hand
or by use of AutoML, also requires expertise.

TIM automates the feature engineering process, analyzing the
historical input data and determining which features are relevant
given the use case, without the need for dedicated expertise. After
the relevant features are determined, TIM builds an explainable
model using these features and provides users with the desired
forecast or anomaly detection.

Generating Accurate Models

Many ML models are built and tuned manually, requiring special-
ized skills, which are often limited to your data scientists. TIM’s
thorough automation allows the engine to create models with
equivalent or better accuracy in a matter of minutes.
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Explaining Model Insights

To solve time-series forecasting and anomaly detection problems
effectively, business users need to understand the models and be
able to explain them to stakeholders. This doesn’t mean you need
to be a data scientist, but you do need to have the confidence in
your results to act on the information. Understanding the models
and why they deliver a certain result greatly helps in creating this
confidence.

TIM generates transparent, human-readable models that provide
users with comprehensive insights into the models created and
helps them measure the impact of predictors and features on tar-
get values — automatically and instantly.

Integrating in Your Existing
Landscape Easily

68

TIM can be accessed across a broad ecosystem of tools and plat-
forms including public clouds, analytics and business intelligence
(BI) platforms, data integration platforms, ML platforms, and
Internet of Things (IoT) devices. This makes it easier to leverage
TIM’s predictive analytics capabilities, because they’re available
in applications and platforms that are already familiar to your
users.

TIM’s architecture is optimized for seamless integration with
existing databases, BI tools, and other enterprise applications. All
of TIM’s functionality is easily accessible through a representa-
tional state transfer (REST) application programming interface
(API) that ensures the utmost deployment flexibility.
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