
 

Learning from data is at the heart of cognitive computing. If a system cannot 
use data to improve its own performance without reprogramming, it isn’t 
considered to be a cognitive system. But to do that, there must be a wealth   of 
data available at the heart of the environment, formats for representing the 
knowledge contained within that data, and a process for assimilating new 
knowledge. This is analogous to the way a child learns about the world 
through observation, experience, and perhaps instruction. This chapter looks 
at some simple knowledge representations before exploring more sophisticated 
and comprehensive approaches to knowledge representation: taxonomies and 
ontologies. 

 

Representing Knowledge 

In computer systems as in humans, knowledge may include facts or beliefs 
and general information. It should also include standard knowledge organiza- 
tional structures such as ontologies and taxonomies—as well as relationships, 
rules, or properties that describe objects (nouns) and help to categorize them. 
For example, we may know that people are animals and Bob is a person, so 
Bob should have all the properties that we associate with animals. In people, 
we sometimes equate knowledge with understanding, but that’s not the case 
with computers. Of course, in a computer, it is possible to “know” a lot without 
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“understanding” anything. In fact, that’s the basic definition of a database: a col- 
lection of associated data organized within a computer environment so that it 
can be easily accessed. 

Think for a minute about the smartest people you know. What makes some- 
one smart or intelligent? It’s much more than having an encyclopedic memory. 
Intelligence is the ability to acquire, retain, analyze, develop, communicate, and 
apply knowledge. One can be intelligent without knowing much—think of a 
precocious child, who may display signs of intelligence before acquiring much 
knowledge. Conversely, a person can know plenty of facts but not know how 
to use those facts to accomplish a goal. 

 

Developing a Cognitive System 

There are many different techniques that are useful in creating a cognitive 
system. One important technique is to leverage massive amounts of data 
and analyze the patterns that emerge from that data without providing  an 
explicit query. This issue is covered in Chapter 6, “Applying Advanced 
Analytics to Cognitive Computing.” In essence, you are not telling the system 
what answer you are looking for. In a 2012 experiment, Google research- ers 
selected at random 10 million images from YouTube videos and used a 
network of 16,000 processors to look for patterns. Perhaps not surprisingly, 
this system found a distinct pattern (shading in various points of the image 
in the same proportion and relationship to other repeated subimages) from 
among more than 20,000 distinct items in the images. By analyzing these 
images in detail, looking for such a pattern that was repeated more often 
than random arrangements of pixels—regardless of color, background, image 
quality, and so on—it found one promising combination of shadings that 
appeared frequently enough to be flagged as unique. It “discovered” a generic 
pattern for images of cats. 

Although this experiment verified that it was possible to detect patterns 
systematically in a big data sample, it was only a beginning. Most cognitive 
computing systems take a more focused approach. They are designed to 
learn and provide value to users in a specific field or domain, such as medi- 
cal diagnosis or customer service. A challenge for these cognitive systems 
builders is to capture enough relevant knowledge to be useful and to rep- 
resent it in a way that allows the system to add to the knowledge or refine  it 
with experience. 

Each industry and each domain within that industry has its own vocabulary 
and historical knowledge. These domains include a lot of different types of 
objects, from systems and parts of the body in medical systems to engine 
parts in a predictive aircraft maintenance system. Each of the object types may 
have specific rules that guide their interaction and behavior. For example, 
an X‐ray may be a specific object type that has certain physical properties. 
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Likewise, a wing nut in an airplane part will be associated with specific 
rules governing how it may be installed and serviced with other physical 
components. The process of capturing and representing this knowledge 
requires experts who understand the vocabulary and rules of their indus- try 
well enough to explain them so that they can be codified for machine 
processing. 

However, even with the support of industry experts, it is not possible to capture 
enough knowledge and nuance to design a system that replicates a complete 
understanding of an industry or market. Therefore, most cognitive systems start 
with a meaningful subset of domain knowledge and then dynamically—with 
experience or training—enhance and refine that basic model. The foundation 
of this approach is to define taxonomies and ontologies focused on a specific 
area of knowledge. 

Another interesting aspect of creating cognitive systems is “cross‐context” 
understanding. In order to achieve higher levels of cognition, people or systems 
must be able to correlate data from multiple corpora at the same time. Humans 
do this type of correlation early on in life with almost no effort. We learn how 
to ride a bicycle and then we process information about weather, traffic, road 
conditions, etc. so that we can ride safely and get where we plan to go. In our 
earlier example about aircraft parts, wouldn’t it be appropriate for the cognitive 
system to connect the parts assembly with safety and historical weather data 
to better recommend materials or processes? 

 

Defining Taxonomies and Ontologies 

Before getting into the details of how knowledge is managed, it is important to 
define taxonomies and ontologies. This is covered in more detail later in this 
chapter (“Explaining How to Represent Knowledge”), but definitions now will 
provide context. Taxonomies are a hierarchical way of capturing or codifying 
information within a particular field of study. 

You can think of the categories of data within a taxonomy as a set of classi- 
fication frameworks with common properties. Hierarchical refers to a structure 
or structures where a subcategory, like a subset, inherits all the properties 
defined in the superset or “top” of the category. A taxonomy typically has a 
formal way to specify the properties that apply to all elements within each 
category. 

If you were interested in capturing everything that is known about motor 
vehicles, you could start with a set of motor vehicles, as shown in Figure 5-1, 
and perhaps divide that into subsets of passenger cars, motorcycles, commercial 
vehicles, and so on. You could create further categories or subsets for buses, 
taxis, and so on. This can become quite cumbersome, and the decision of which 
sets are at the highest levels should reflect the intended use. For example, is it 
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Attributes: 

 

Vehicle 

Truck 
Attributes: 

 

 

 

more important to the user that an electric bus carries a lot of people, or that it 
is powered by electricity? Fortunately, you can factor the data according to 
usage to simplify development. 

 

 

Figure 5-1: Motor vehicle types 

 

For example, in a vehicle tracking system, there could be definitions for cars, 
boats, motorcycles, buses, and trucks. If you are a motor vehicle department 
and you are tracking registrations to determine ownership and assign fees, 
there is little information you need about each category. A car may be defined 
as a vehicle with two axles, and each “instance” of car—representing one actual 
car in the physical world—would have a weight assigned that could compute 
registration fees. If your state decides to tax based on other attributes, such as 
fuel type or EPA fuel ratings, the taxonomy might include those details in each 
specific car record, or create classes for “fuel efficient” and “gas guzzler” vehicles. 

For other applications, the same vehicles may be categorized differently in a 
taxonomy. For example, an insurance company must calculate a liability class 
based on properties like horsepower versus weight and body type (convert- 
ible versus sedan). The taxonomy for an insurance company could organize 
the classes differently and have new subclasses tailored to their processing 
requirements. Certain industries have well‐defined, mature taxonomies. The 
pharmaceutical industry, for example, has detailed taxonomies of compounds 
used to create a variety of drugs. 

In contrast, an ontology generally includes all the information you would 
capture in a taxonomy, but also includes details about rules and relationships 
between the categories and about criteria for inclusion. An ontology is more 
likely to include semantic information that can be used to guide decision mak- 
ing. A richer, more fully specified ontology enables more ways that it can be 
applied to solving problems and decision making. 

Motorcycle 
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Explaining How to Represent Knowledge 

Deciding on a knowledge representation scheme—such as taxonomies and 
ontologies—is a critical step in planning a cognitive computing solution. Simplicity 
is always a good design goal, but some problem domains are inherently complex, 
with relationships that are imprecise or that cannot be specified completely. As a 
general rule, we want to at least capture all the known object types or classes. A 
class defines the properties of a set of elements or instances. The class definition 
accomplishes the goal of providing information about relationships or behaviors 
as the system learns. A more robust representation requires more work in the 
beginning, but it is more flexible when the system is operational. 

Domain knowledge within a cognitive computing application may be captured 
and stored in a variety of data structures, from simple lists, to conventional data- 
bases, to documents, to multidimensional purpose‐built structures. Cognitive 
computing system designers can use procedural, list‐processing, functional, or 
object‐oriented programming languages to specify and implement these struc- 
tures. They may use data modeling tools or even specify the knowledge model 
in a language created just for this purpose. The choice of tools and representa- 
tions should reflect the types of operations the system will have to perform on 
the data. As is the case in any application, there may be trade‐offs that dictate 
one approach over another. Optimizing a medical system for fast diagnosis of 
toxins (poison control, for example) may make it suboptimal for recommending 
appropriate lifestyle changes based on similar input. It is important to consider 
typical scenarios and rare but conceivable test cases when defining the knowl- 
edge model and the structure you will use to implement it in software. 

A single system may actually contain several knowledge repositories, parti- 
tioned by the task or by some attribute of a particular class of objects. For example, 
a predictive maintenance system for a large manufacturing firm may have 

Before getting into a discussion about how to represent knowledge and how to build a 

model that can make the connections between elements, you need to understand the 

concept of state. State is the condition of a system at a particular point in time or in a 

specific situation. As a simple example, a body of water could be in one of three states: 

solid, liquid, or gas. The state variable is the temperature. To determine what state it 

was in last month, knowing the temperature at the time (and for a period leading up to 

that time) would be sufficient. For a cognitive computing system, the state may include 

many variables, from values for stored knowledge to user logs to configuration data 

(which modules were actually in place at a particular time). The ability to determine 

state information or restore a system to a particular state may be an auditing 

requirement (for example, in a financial services or medical diagnostic system). If the 

system is used as a cognitive platform for applications, the platform may not need to 

track state information at all if that is left to the applications themselves. 

the rOle OF State in a COgnitive SyStem 
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separate instances for problems with toasters and MRI machines. Knowledge for 
each machine type could be organized by attributes of the machine, or perhaps 
by types of fault and their frequency of occurrence. 

The logical design for the collection of data structures used to represent 
knowledge acts as a model for the domain. Some domains are straightforward 
to model. For example, the game of chess is centuries old and easy to explain 
and represent but difficult to master. Chess is a two‐person, perfect‐information, 
zero‐sum game. Players see the same board and can be expected to know the 
rules and therefore mentally compute possible next moves, limited by their 
ability to store all the alternatives in their brain’s memory. 

A system that plays chess has to model the following elements: an 8x8 chess- 
board and 32 chess pieces, grouped into 6 categories or object types (pawn, rook, 
knight, bishop, queen, and king). Each category has its own point value and set of 
permissible behaviors. The system must know the starting location and color of 
each piece. (Actually, if it “knows” the starting location, it “knows” the color, too.) 
As the game progresses, the system must ensure or enforce that only legal moves 
are made and calculate its own best move based on the state of the game. Figure 5-2 
shows a variety of representations that could capture the state of a chess game. 
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Chess notation has evolved over the years. Today, a Standard Algebraic 
Notation is commonly used to record physical games by the World Chess 
Federation. The notation may be used internally in a chess program to capture 
knowledge about the “state” of the game. This means that the knowledge of 
the parts and permissible behavior is straightforward. In fact, a program that 
considers only the current state of the board and evaluates several or even 
every possible future state before making its next move could beat human 
champions (who have a limited ability to evaluate future states) without being 
cognitive—all the rules could be instantiated in code before the first move is 
made. The brute force approach is possible because the domain is completely 
specified. At any point in the game, both sides have perfect information and 
can—in theory—calculate and evaluate every possible subsequent move given 
sufficient time and memory. 

A more sophisticated approach might be adapted to an individual oppo- 
nent by reviewing every move she played in past games to predict her next 
move based on how she moved in similar game states (configurations of 
pieces). Using historical behavior to defend against unconventional strat- 
egies would require much more of this historical knowledge. The pieces, 
behaviors, and game state would be the same with or without considering 
historical behavior of a particular opponent. All could be represented with 
simple data structures—a reasonable assignment for a college freshman 
studying computer science. The difference is in the complexity of knowledge 
required to select a move based on context. Although the possible moves are 
always the same for a given state, the choice of moves might differ based on 
context. 

Writing a chess program that can adapt to an individual opponent by evalu- 
ating the context of a particular move by comparing it to historical behavior to 
defend against unconventional strategies would be more complex, but the 
underlying principles are the same. 

Now look at a more difficult domain to represent: automotive diagnostics 
and repair (Figure 5-3). Every automobile powered by an internal combustion 
engine (ICE) shares certain properties, components, and major subsystems. 
Electrical, fuel, ignition, cooling, and exhaust are but a few of the dozen or so 
commonly recognized subsystems. A cognitive solution for automotive diag- 
nostics would have to represent each component of each system, and possible 
interactions between them. 

Here, classification begins to blur the lines; for example, is an electric fuel 
pump part of the electrical system or part of the fuel system? Is a coil part of 
the electrical system or ignition system? For diagnostics, common symptoms 
must be codified before the system can suggest a cause. Is black smoke coming 
from the exhaust pipe an indication of an exhaust system failure or a fuel fail- 
ure? (It is typically fuel.) Is white smoke an exhaust or fuel problem? (Usually 
neither—it’s an indication of a bad gasket allowing water in the combustion 
chamber.) 
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Symptom Suspect system Look for 

Figure 5-3: Automotive diagnostics and repair 

 
When it is impractical to capture all the relationships between com- 

ponents, and between component condition and symptoms of failure in 
advance, a cognitive system can accept feedback and improve its performance. 
However, this is only practical if the knowledge representation is robust 
enough to cover all conditions. Decisions made about classification impact 
how knowledge is stored, which may dictate what types of problems can be 
easily solved. 

So far we have been dealing with relatively simple domains. It is much more 
difficult to navigate when a domain’s experts do not agree on knowledge and 
rules. For example, in drug discovery there are too many factors and complica- 
tions to create a straightforward knowledge base. Therefore, it is not surprising 
that there are practical limits as to what we can process effectively today. 

Although some domains are straightforward, others are broad and com- 
plicated. For example, though we think of “medicine” as a single domain, it 
actually consists of a huge number of disciplines. Therefore, you would not 
expect that there could be a single representation of the knowledge in that 
domain. You can’t represent everything relevant to medicine in one system— 
that would be like having a 1:1 scale map of the world with views for political 
boundaries, roads, topography, and weather. In medicine, there are well‐defined 
subsystems (such as circulatory, respiratory, nervous, and digestive), and 
well‐defined diseases, medical conditions, and pathologies that cross these 
systemic boundaries. 

For representing and codifying knowledge, one‐half the battle is deciding 
what to ignore in a specific model. As Marvin Minsky, a pioneer in artificial 
intelligence and knowledge management, noted in Artificial Intelligence at MIT: 
Expanding Frontiers (Patrick H. Winston, Ed., vol. 1, MIT Press, 1990. Reprinted 
in AI Magazine, Summer 1991): 
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To solve really hard problems, we’ll have to use several different representations. 
This is because each particular kind of data structure has its own virtues and 
deficiencies, and none by itself would seem adequate for all the different functions 
involved with what we call common sense. 

Therefore, some of the earliest cognitive systems are focused on a single 
branch of medicine, such as oncology. By focusing on an area of medicine, you 
can start to partition the domain into manageable and meaningful segments. 

As with all branches of medicine, the comprehensive study of oncology 
requires an understanding of diagnosis, care or treatments, and prevention. Each 
of these subcategories may be further decomposed and studied in isolation. In 
practice, that is what leads to professional specialization (knowing more and 
more about a smaller subset of the field), but to “understand” oncology you must 
understand the interrelationships between these subcategories. Table 5-1 lists 
common types of cancers. Each subcategory or cancer type would be associated 
with disease‐specific paradigms for diagnosis and treatment. 

 

table 5-1:  Common Types of Cancers 

Common Solid Tumors Lung, colon, breast, reproductive, stomach, brain 
 

Hematologic Tumors Leukemia, lymphoma 

Connective Tissue Tumors Sarcoma 
 

 

Managing Multiple Views of Knowledge 

In the automobile diagnostic example, you could factor the available knowledge 
into separate models for each subsystem. Many expert mechanics and maintenance 
manuals organize their knowledge by subsystems. Asking qualifying questions to 
rule out one system or another before going deeper into diagnosing a problem within 
a single system works well and may appear to be an obvious approach. However, 
there is a danger in partitioning knowledge into subsystems. Partitioning may 
make it difficult to correctly identify problems when they span multiple subsystems. 
For example, for healthcare, there might be a subsystem about diagnosing high 
blood pressure and a second subsystem focused on diabetes. In fact, there is often 
a correlation between these two subsystems that needs to be taken into account. 

In a complex domain like oncology, in which it is more common to have com- 
plications involving several subsystems, you may need more than one view or 
representation to capture all the relevant knowledge. A professional may use 
books, journals, case notes, and communications with peers to fully understand 
a new case. Of course, the stored knowledge in the doctor’s brain is an amalgam 
of historical references to these same types of resources. 

In a cognitive computing system, you can also capture this type of knowl- 
edge and segment it into views that can be linked together to present a more 
complete view. New discoveries may change the way professionals think 
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about problems, and that in turn may change the way you choose to segment 
knowledge in your cognitive systems. For example, cancer types and treat- 
ments were historically described by parts of the body where they were found. 
Someone studying a case of liver cancer might not immediately think to try a 
treatment previously tested and approved for use on another organ. Recently, 
however, it has become possible to analyze vast quantities of data across organ 
boundaries and compare cases based on attributes of the patient’s genome. 
Similarity analysis for healthcare diagnostics is an important application of 
machine‐learning algorithms. This has led to the discovery of promising pat- 
terns between patients, genomes, cancers, treatments, and outcomes. As a result, 
new relationships have been found and new treatments have been applied. 
This type of discovery points out the value in deferring partitioning as long as 
possible to prevent missing relationships. 

 

Models for Knowledge Representation 

There are many different ways of representing knowledge. It could be as simple 
as a chart on the wall or as complicated as a full lexicon of terms used in a field 
along with their representations and definitions. This section provides an over- 
view of taxonomies and ontologies. In addition, it provides some insights into 
additional knowledge representations that are important in a cognitive system. 
Within cognitive systems, knowledge representations range from simple trees 
to ontologies, taxonomies, and semantic webs. 

 

Taxonomies 

A taxonomy is a representation of the formal structure of classes or types of objects 
within a domain. Taxonomies are generally hierarchical and provide names for 
each class in the domain. They may also capture the membership properties of 
each object in relation to the other objects. The rules of a specific taxonomy are 
used to classify or categorize any object in the domain, so they must be complete, 
consistent, and unambiguous. This rigor in specification should ensure that any 
newly discovered object must fit into one, and only one, category or object class. 

The concept of using a taxonomy to organize knowledge in science is well 
established. In fact, if you’ve ever started a guessing game by asking “is it 

animal, mineral, or vegetable?” you were using Linnaeus’ 1737 taxonomy of 
nature. Linnaeus called those three categories the “kingdoms” in his taxonomy 
(Figure 5-4). Everything in nature had to fall into one of those categories, which 
he further divided into class, order, genus, species, and variety. At any level in 
a taxonomy, there can be no common elements between classes. If there are, a 
new, common higher‐level category is required. 
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Figure 5-4: Taxonomy of nature 
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Members of any class in the taxonomy inherit all the properties of their ances- 
tor classes. For example, if you know that humans are mammals, you know that 
they are endothermic (warm‐blooded) vertebrates with body hair and produce 
milk to feed their offspring. Of course, you also know that humans breathe, but 
you know that because everything in the class mammals belong to the phylum 
chordata, which are all animals, and animals respire. Inheritance simplifies 
representation in a taxonomy because common properties need be specified 
only at the highest level of commonality. 

In a cognitive computing system, the reference taxonomy may be repre- 
sented as objects in an object‐oriented programming language or in common 
data structures such as tables and trees. These taxonomies consist of rules and 
constructs that will not likely change over time. 

 

Ontologies 

An ontology provides more detail than a taxonomy, although the boundary 
between them in practice is somewhat fuzzy. An ontology should comprehensively 
capture the common understanding—vocabulary, definitions, and rules—of a 
community as it applies to a specific domain. The process of developing an 
ontology often reveals inconsistent assumptions, beliefs, and practices within 
the community. It is important in general that consensus is reached, or at least 
that areas of disagreement in emerging fields be surfaced for discussion. In 
many fields, professional associations codify their knowledge to facilitate com- 
munications and common understanding. These documents may be used as 
the basis of an ontology for a cognitive computing system. 
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For example, the codes in the Diagnostic and Statistical Manual of Mental 
Disorders (DSM) of the American Psychiatric Association classify all disorders 
recognized by the APA. These definitions may change over time. For example, 
in DSM‐5 the diagnosis of attention‐deficit/hyperactivity disorder (ADHD) was 
updated to state that symptoms can occur by age 12 instead of the older view that 
they had to occur by age 6. That would be a small change in an ontology based 
on the DSM. A bigger change, as shown in Figure 5-5, was the replacement of 
four specific disorders (autism, Asperger’s, childhood disintegrative disorder, 
and pervasive developmental disorder not otherwise specified) with a single 
condition called autism spectrum disorder (ASD). Another major change was the 
elimination of a “multi‐axial” reference system that distinguished between medi- 
cal and mental disorders. Structural changes like that reflect a change in thinking, 
which needs to be reflected in any system based on this classification scheme. 

 

Figure 5-5: Taxonomies Evolve—Autism in the Diagnostic and Statistical Manual of Mental 

Disorders 

A practitioner needs to keep up with changing definitions and standards of 
care, and a cognitive computing system designed to aid a practitioner must 
update its knowledge base accordingly. For example, a system tracking patient 
care must account for the fact that a specific disorder no longer exists but has 
been superseded by another. 

As mentioned, sometimes multiple views are necessary, and they must be 
compatible. In healthcare, we think of three major constituencies: providers, 
payers, and patients. Their ability to communicate is critical. Continuing with 
the mental health example, provider/payer communication is accomplished by 
the DSM mapping to the ICD‐9‐CM codification used by insurance com- 
panies. It also uses codes from the U.S. Clinical Modifications of the World 
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Health Organization’s International Classification of Diseases (ICD) to provide 
global compatibility. 

The process of updating from DSM IV to DSM V required three drafts and 
generated more than 13,000 comments from the community. That is an extreme 
case, but virtually all established professions and disciplines have some common 
codification that can be used as the basis for a cognitive computing ontology. 

For a cognitive computing solution, it is critical that industry experts agree 
on the underlying ontology. If there are disagreements with the structure or 
content of an ontology, the output of the system is suspect. Practitioners need to 
determine what information means in context with their requirements; otherwise, 
the system will not be meaningful. Early ontologies for learning systems were 
often specified in programming notation, predominantly LISP (LISt Processing, 
the original lingua franca of artificial intelligence). LISP is still in use, but as 
larger domains are being specified in greater detail, developers are increasingly 
turning to a special purpose language. Web Ontology Language (OWL) is a 
formal ontology specification language supported by open source tools. As with 
any knowledge representation, the chosen structure imposes limits on what is 
captured, and what is captured imposes limits on what can be answered. 

Other Methods of Knowledge Representation 

In addition to ontologies, there are other approaches to knowledge representa- 
tion. Two examples are described in the following sections. 

 

Simple Trees 

A simple tree is a logical data structure that captures parent‐child relationships. In 
a model where the relationships are rigid and formalized, a simple tree, imple- 
mented as a table with (element, parent) fields in every row, is an efficient way 
to represent knowledge. Simple trees are used frequently in data analytic tools 
and in catalogs. For example, a retailer’s catalog may have 30 or 40 categories 
of products that it offers. Each category would have a series of elements that 
are members of that category. 

 

The Semantic Web 

Some members of the World Wide Web Consortium (W3C) are attempting to 
evolve the current web into a “semantic web” as described by Tim Berners‐Lee, 
et al in Scientific American in 2001. In a semantic web, everything would be machine 
usable because all data would have semantic attributes, as described in the 
W3C’s Resource Description Framework (RDF). The current web is basically a 
collection of structures or documents addressed by uniform resource locators 
(URLs). When you find something at an address, there is no required uniformity 
about how it is represented. By adding semantics, you would force structure 
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into everything on the web. If we did have a semantic web, we could use more 
of what is on the web for a cognitive system without extensive preprocessing 
to uncover structural information. 

It is important to differentiate between semantics and syntax. Syntax describes 
the legal structural relationships between elements. For example, one legal form 
of a sentence is <subject><predicate>, where <subject> may be a noun phrase and 
<predicate> may be a verb phrase. According to that rule, “Bob runs quickly” is 
a valid sentence. (“Bob” is the noun phrase, “runs quickly” is the verb phrase.) 
However, because syntax is structural, we can substitute any noun for another 
and still be syntactically valid. “Nose runs quickly” or “The blue glass runs 
quickly” are similarly valid. That’s where semantics—the rules for interpreting 
or attributing meaning to language—come into play. 

When processing natural language or even programming languages, you 
look at syntax first and then semantics. Does the concept follow logically, and 
then what is the meaning of those terms as they apply to a specific topic? 
Syntactically, you are looking for the right word type, but semantically you 
need to look for meaningful words in context. To identify meaning within data 
requires that there is a hierarchy that takes enough data so that hidden mean- 
ings begin to emerge from the usage and context within the corpus of data. 
The end result has to be the meaning and intent of the data. 

 

The Importance of Persistence and State 

The concept of state was discussed in terms of modeling and remembering the 
placement of pieces on a chessboard after a particular move. Without captur- 
ing and recording the state of a game, it would be impossible to stop the applica- 
tion and resume it later. Cognitive computing applications—and platforms—may 
also be “stateful” and remember details about their last interaction with a 
user, or a cumulative history, or they may be “stateless” and start each session 
without preconceptions. At a higher level, they may also capture new knowledge 
each time and preserve it for future sessions with the same or different users. 
Alternatively, some knowledge may be preserved, whereas some that is related 
to a specific user may not be retained. 

In many situations, knowledge—or beliefs that we treat as facts—changes 
as we learn more about a field. For example, what we assumed a decade ago 
about treatments for lung cancer is radically different from what we know today. 
Therefore, as a field of study matures, early assumptions about relationships 
may ultimately be proved false, or confidence levels may change. That is an 
argument for preserving some state attributes or auditing data to reconstruct 
the state of the system when something was captured as a “fact.” For example, 
a nutrition system giving advice in 2010 would likely have reported that butter 
was dangerous, but in 2014 new evidence emerged and we “knew” that was 
false—based on the best available data at the time. In 2020, the state of the practice 
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may swing back to an antifat stance based on new evidence, so it is critical that 
we capture time information with knowledge. 

This concept of statefulness is especially important in a cognitive system in 
which asking a single question will not resolve an issue. In medical diagnosis 
of a type of cancer, the practitioner may need to ask a series of related ques- 
tions. Each question will lead to a follow up question. The system needs to not 
only know the current question but the context of the previous question. A 
simple example is instructive. When you use a voice recognition system such 
as Apple’s Siri, you might ask, “Is there a restaurant near where I am walking?” 
Siri will tell you, “Yes, there is a restaurant within the next block.” If you now 
ask, “Does it serve pizza?” Siri will not know the context and will not provide 
you with a correct answer. 

 

Implementation Considerations 

The primary consideration in choosing which representations to use requires 
that you understand what you need to capture for the types of queries you 
want answers to. For example, if you want to search quickly for part numbers 
while performing aircraft maintenance, a tree structure might be sufficient. You 
may not need to know the history of the origins of all the parts that are used. 
If you need to trace back the manufacturing history of specific parts to identify 
likely failures based on other issues with parts made in the same batch, you 
would need a more detailed representation. And if you are looking for possible 
relationships between diabetes and a specific skin condition—crossing typical 
knowledge boundaries—you may need to use a sophisticated and more com- 
prehensive ontology. 

 

Summary 

When an organization creates and captures its representation of relevant domain 
knowledge, that knowledge has to be stored and managed on an ongoing basis. 
There is no method that works best in every situation. The method used depends 
on the type of structure within the knowledge, the industry, and many other 
factors. One certainty is that the size of the data sources will continue to expand 
and explode over time. Therefore, scalability is a foundational requirement to 
create cognitive systems that are both trusted and reliable. 

As soldiers quickly learn in basic training, when the map and the terrain don’t 
agree, they must believe the terrain. In a cognitive system, when the system’s 
knowledge doesn’t reflect reality, the system must be changed. The time to plan 
for operational changes is in the design phase where knowledge representation 
decisions are made. 
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Advanced analytics refers to a collection of techniques and algorithms for identi- 
fying patterns in large, complex, or high‐velocity data sets with varying degrees 
of structure. It includes sophisticated statistical models, predictive analytics, 
machine learning, neural networks, text analytics, and other advanced data 
mining techniques. Some of the specific statistical techniques used in advanced 
analytics include decision tree analysis, linear and logistic regression analysis, 
social network analysis, and time series analysis. These analytical processes 
help discover patterns and anomalies in large volumes of data that can anticipate 
and predict business outcomes. Accordingly, advanced analytics is a critical ele- 
ment in creating long‐term success with a cognitive system that can ask for the 
right answers to complex questions and predict outcomes. This chapter explores 
the technologies behind advanced analytics and how they can be leveraged in 
a knowledge‐driven cognitive environment. With the right level of advanced 
analytics, you can gain deeper insights and predict outcomes in a more accurate 
and insightful manner. 

 

Advanced Analytics Is on a Path to Cognitive Computing 

The role of analytics in an organization’s operational processes has changed signifi- 
cantly over the past 30 years. As illustrated in Table 6-1, companies are experiencing 
a progression in analytics maturity levels,  ranging from descriptive analytics  to 
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predictive analytics to machine learning and cognitive computing. Companies have 
been successful at using analytics to understand both where they have been and how 
they can learn from the past to anticipate the future. They can describe how various 
actions and events will impact outcomes. Although the knowledge from this analysis 
can be used to make predictions, typically these predictions are made through a 
lens of preconceived expectations. Data scientists and business analysts have been 
constrained to make predictions based on analytical models that are based on his- 
torical data. However, there are always unknown factors that can have a significant 
impact on future outcomes. Companies need a way to build predictive models that 
can react and change when there are changes to the business environment. 

 
table 6-1: Analytics Maturity Levels 

 

analytiCs 

type 

 
DesCription 

examples of 

Questions answereD 

Descriptive Understand what happens when using Which product styles are selling 
Analytics analytic techniques on historical and better this quarter as compared 

 current data. to last quarter? Which regions 
  are exhibiting the highest/lowest 
  growth? What factors are impacting 

  growth in different regions? 

Predictive Understand what might happen when What are the predictions for next 
Analytics using statistical predictive modeling quarter's sales by product and 

 capabilities, including data mining and region? How does this impact 
 machine learning. Predictive models raw material purchases, inventory 
 use historical and current/real‐time data management, and human resource 
 to predict future outcomes. Models management? 
 look for trends, clusters of behavior, and  

 events. Models identify outliers.  

Prescriptive Use to create a framework for making a What is the best mix of products for 
Analytics decision about what to do or not do in the each region? How will customers 

 future. The “predictive” element should be in each region react to advertising 
 addressed in prescriptive analytics to help promotions and offers? What type 
 identify the relative consequences of your of offer should be made to each 
 actions. Use an iterative process so that customer to build loyalty and 
 your model can learn from the relationship increase sales? 
 between actions and outcomes.  

Machine Collaboration between humans and How secure is the city environment? 
Learning machines to solve complex problems. Are there any alerts from the vast 
and Assimilate and analyze multiple sources amount of information streaming 
Cognitive of information to predict outcomes. from monitoring devices (video, 
Computing Need depends on the problems you are audio, and sensing devices for 

 trying to solve. Improve effectiveness smoke or poisonous gases)? Which 
 of problem solving and reduce errors in combination of drugs will provide the 
 predicting outcomes. best outcome for this cancer patient 
  based on the specific characteristics 
  of the tumor and genetic sequencing? 
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The next frontier, which comes with opportunities for enormous change, 
includes big data analytics and incorporates the technologies of machine learn- 
ing and cognitive computing. As shown in Figure 6-1, there is a convergence of 
technologies cutting across analytics and artificial intelligence. One major push 
for this convergence is the change in the timing and immediacy of data. Today’s 
applications often require planning and operational changes at a fast rate for 
businesses to remain competitive. Waiting 24 hours or longer for results of a 
predictive model is no longer acceptable. For example, a customer relationship 
management application may require an iterative analytics process that incor- 
porates current information from customer interactions and provides outcomes 
to support split‐second decision making, ensuring that customers are satisfied. 
In addition, data sources are more complex and diverse. Therefore, analytic 
models need to incorporate large data sets including structured, unstructured, 
and streaming data to improve predictive capabilities. The multitude of data 
sources that companies need to evaluate to improve model accuracy includes 
operational databases, social media, customer relationship systems, web logs, 
sensors, and videos. 

 
 

Analytics Artificial Intelligence 

 

figure 6-1: Converging technologies: analytics and artificial intelligence 

 

Increasingly, advanced analytics is deployed in high‐risk situations such as 
patient health management, machine performance, and threat and theft man- 
agement. In these use cases the ability to predict outcomes with a high degree 
of accuracy can mean lives are saved and major crises are averted. In addition, 
advanced analytics and machine learning are used in situations in which the 
large volume and fast speed of data that must be processed demands automa- 
tion to provide a competitive advantage. Typically, human decision makers use 
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the results of predictive models to support their decision‐making capabilities 
and help them to take the right action. 

There are situations, however, in which pattern recognition and analytic 
processes lead to action without any human intervention. For example, invest- 
ment banks and institutional traders use electronic platforms for automated or 
algorithmic trading of stocks. Statistical algorithms are created to execute 
orders for trades based on pre‐established policies without humans stepping 
in to approve or manage the trades. Automated trading platforms use machine 
learning algorithms that combine historical data and current data that may 
have an impact on the price of the stock. For example, a trading algorithm may 
be designed to automatically adjust based on social media news feeds. This 
approach can provide rapid insight as large volumes of current data are 
processed at incredibly fast speeds. Although taking action based on this early 
(and unverified) information may improve trading performance, the lack of 
human interaction can also lead to erroneous actions. For example, automated 
trading algorithms have responded to fake or misleading social media news 
feeds leading to a rapid fall in the stock market. A human would have hopefully 
taken the time to check the facts. 

Meeting business requirements for speed and accuracy of predictions with 
traditional approaches to analytics has become challenging. With the use of 
machine learning and cognitive computing, you can develop predictive models 
that account for relationships, patterns, and expectations that you may have 
never thought of before. You can move from describing what you see to impact- 
ing what you will see. 

The following two examples illustrate how companies are using machine 
learning and analytics to improve predictive capabilities and optimize busi- 
ness results. 

 

■ Analytics and machine learning predict trending customer issues. The 
speed of social media can accelerate a small customer issue and grow   it 
into a major complication before a company has time to react. Some 
companies decrease the time it takes to react to customer concerns by 
leveraging SaaS offerings that use machine learning to look for trends in 
social media conversations. The software compares the social media data 
to historical patterns and then continuously updates the results based on 
how the predicted pattern compares to actual results. This form of machine 
learning provides at least 72 hours of advanced warning on trending issues 
before they are picked up by mainstream media. As a result, marketing 
and public relations teams can take early action to protect the company’s 
brand and mitigate customer concerns. Media buyers use the service to 
quickly identify changing customer purchasing trends, so they can 
determine where they should place their ads in mobile applications and 
web environments. 
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■ Analytics and machine learning speed the analysis of performance to 
improve service level agreements (SLA). Many companies find it hard to 
monitor IT performance at fast enough intervals to identify and fix small 
problems before they escalate and negatively impact SLAs. Using machine 
learning algorithms, companies can identify patterns of IT behavior and 
orchestrate its systems and operational processes to become more prescrip- 
tive. These systems can learn to adapt to changing customer expectations 
and requirements. For example, telecommunications companies need to 
anticipate and prevent network slowdowns or outages so that they can 
keep the network operating at the speeds required by their customers. 
However, it can be nearly impossible to identify and correct for interruptions 
in bandwidth if network monitoring is not done at a sufficiently granu- 
lar level. For example, with a new machine learning solution offered by 
Hitachi, telecoms can analyze large streams of data in real time. Hitachi’s 
customers can combine analysis of historical data and real-time analysis 
of social media data to identify patterns in the data and make corrections 
in the performance of the network. There are many situations in which 
this would be helpful to customers. For example, if a streaming video 
application shows a popular sporting event and the game goes into 
overtime, an adaptive system could automatically add an additional   15 
minutes of bandwidth support, so end users are provided with con- 
sistent high‐quality service. Machine learning can help the system 
adapt to a variety of changes and unusual occurrences to maintain 
quality of performance. 

 
 

Key Capabilities in Advanced Analytics 

You can’t develop a cognitive system without using some combination of pre- 
dictive analytics, text analytics, or machine learning. It is through the applica- 
tion of components of advanced analytics that data scientists can identify and 
understand the meaning of patterns and anomalies in massive amounts of 
structured and unstructured data. These patterns are used to develop the mod- 
els and algorithms that help determine the right course of action for decision 
makers. The analytics process helps you understand the relationships that exist 
among data elements and the context of the data. Machine learning is applied 
to improve the accuracy of the models and make better predictions. It is an 
essential technology for advanced analytics, particularly because of the need 
to analyze big data sources that are primarily unstructured in nature. In addi- 
tion to machine learning, advanced analytics capabilities including predictive 
analytics, text analytics, image analytics, and speech analytics are described 
later in the chapter. 
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The Relationship Between Statistics, Data Mining, 
and Machine Learning 

Statistics, data mining, and machine learning are all included in advanced 
analytics. Each of these disciplines has a role in understanding data, describing 
the characteristics of a data set, finding relationships and patterns in that data, 
building a model, and making predictions. There is a great deal of overlap in 
how the various techniques and tools are applied to solving business prob- 
lems. Many of the widely used data mining and machine learning algorithms 
are rooted in classical statistical analysis. The following highlights how these 
capabilities relate to each other. Machine learning algorithms are covered in the 
next section in greater detail due to the importance of this discipline to advanced 
analytics and cognitive computing. 

■ Statistics is the science of learning from data. Classical or conventional 
statistics is inferential in nature, meaning it is used to reach conclusions 
about the data (various parameters). Although statistical modeling can 
be used for making predictions, the focus is primarily on making infer- 
ences and understanding the characteristics of the variables. The practice 
of statistics requires that you test your theory or hypothesis by looking 
at the errors around the data structure. You test the model assump- 
tions to understand what may have led to the errors with techniques 
such as normality, independence, and constant variances. The goal is  to 
have constant variances around your model. In addition, statistics 
requires you to do estimation using confidence values and significance 
testing—test a null hypothesis and determine the significance of the 
results, called p–values. 

■ Data mining, which is based on the principles of statistics, is the process 
of exploring and analyzing large amounts of data to discover patterns in 
that data. Algorithms are used to find relationships and patterns in the 
data and then this information about the patterns is used to make fore- 
casts and predictions. Data mining is used to solve a range of business 
problems such as fraud detection, market basket analysis, and customer 
churn analysis. Traditionally, organizations have used data mining tools 
on large volumes of structured data such as customer relationship man- 
agement databases or aircraft parts inventories. Some analytics vendors 
provide software solutions that enable data mining of a combination of 
structured and unstructured data. Generally, the goal of data mining is 
to extract data from a larger data set for the purposes of classification  or 
prediction. In classification, the idea is to sort data into groups. For 
example, a marketer might be interested in the characteristics of people 
who responded to a promotional offer versus those who didn’t respond to 
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the promotion. In this example, data mining would be used to extract the 
data according to the two different classes and analyze the characteristics 
of each class. A marketer might be interested in predicting those who will 
respond to a promotion. Data mining tools are intended to support the 
human decision‐making process. 

■ Machine learning uses some of the same algorithms that are used in data 
mining. One of the key differences in machine learning as compared to 
other mathematical approaches is the focus on using iterative methods to 
reduce the errors. Machine learning provides a way for systems to learn 
and thereby improve both the models and the results of those models. It 
is an automated approach that provides new ways of searching for data 
and enables many iterations of a model to occur, quickly improving 
accuracy. Machine learning algorithms have been used as “black box” 
algorithms that make predictions for large data sets without requiring a 
causal interpretation of the fitted model. 

 
Using Machine Learning in the Analytics Process 

Machine learning is essential to improving the accuracy of predictive models 
in a cognitive environment. These predictive models have a large number of 
attributes across many observations. The data sets are likely to be unstructured, 
massive in size, and subject to frequent change. Machine learning enables the 
models to learn from the data and enhance the knowledge base for a cognitive 
system. Hundreds or thousands of iterations of a model take place very quickly, 
leading to an improvement in the types of associations that are made between 
data elements. Due to their complexity and size, these patterns and associations 
could have easily been overlooked by human observation. In addition, complex 
algorithms can be automatically adjusted based on rapid changes in variables 
such as sensor data, time, weather data, and customer sentiment metrics. The 
improvements in accuracy are a result of the training process and automation. 
Machine learning refines the models and algorithms by continuously process- 
ing new data in real time and training the system to adapt to changing patterns 
and associations in the data. 

Increasingly companies are incorporating machine learning to understand 
the context of various predictive attributes and how these variables relate to 
each other. This improved understanding of context leads to greater accuracy 
in the predictions. Companies are applying machine‐learning technology to 
improve predictive analytics processes that have been in place for many years. 
For example, the telecommunications industry has used analytics to analyze 
historical customer information such as demographics, usage, trouble tickets, and 
products purchased to help predict and reduce churn. Over time the industry 
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progressed from a focus on data mining of structured customer information 
to include text analytics of historical unstructured information such as com- 
ments on customer surveys and notes from call center interactions. Currently, 
an advanced analytic approach followed by some telecoms brings the unstruc- 
tured and structured information together to develop a more complete profile 
of an individual customer. In addition, historical information can be combined 
with the most current information sourced through social media applications. 
Machine learning technology is used to train systems to quickly identify those 
customers that the company is most at risk of losing and develop a strategy to 
improve retention. Machine learning is applied in many industries including 
healthcare, robotics, telecommunications, retail, and manufacturing. 

Supervised and  unsupervised machine learning algorithms are used in a 
variety of analytics applications. The machine learning algorithm chosen 
depends on the type of problem being solved and the type and volume of the 
data required to solve the problem. Typically, supervised learning techniques 
use labeled data to train a model, whereas unsupervised learning uses unla- 
beled data in the training process. Machine learning models that are trained on 
labeled data can then use this training to predict an accurate label for unlabeled 
data. Labeled data refers to the identification or tag that provides some informa- 
tion about the data. For example, unstructured data such as voice recordings 
could be “labeled” or “tagged” with a name of the speaker or some information 
about the topic on the recording. Humans often provide the labels to the data 
as part of the training. Unlabeled data does not include tags, other identifiers, 
or metadata. For example, unstructured data such as videos, social media data, 
voice recordings, or digital images would be considered unlabeled if it exists 
in its raw form without any preconceived human judgments about the data. 

 

Supervised Learning 

Supervised learning typically begins with an established set of data and a certain 
understanding of how that data is classified. Humans are involved to provide 
the training, and the analytical model is fit with data that is tagged or labeled. 
The algorithms are trained using preprocessed examples and then the perfor- 
mance of the algorithms is evaluated with test data. Occasionally, patterns that 
are identified in a subset of the data can’t be detected in the larger population 
of data. If you fit the model to patterns that exist only in the training subset, 
then you create a problem called overfitting. To protect against overfitting, testing 
needs to be done against both labeled data and unlabeled data. Using unlabeled 
data for the test set can help to evaluate the accuracy of the model in predicting 
outcomes and results. Some applications of supervised learning include speech 
recognition, risk analysis, fraud detection, and recommendation systems. 

The following tools and techniques are often used to implement supervised 
learning algorithms. 
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■ Regression—Regression models were developed in the statistical com- 
munity. LASSO regression, Logistic regression, and Ridge regression can 
be used in machine learning. LASSO is a type of linear regression that 
minimizes the sum of squared errors. Logistic regression is a variant of 
standard regression but extends the concept to deal with classification. It 
measures the relationship between a categorical‐dependent variable and 
one or many independent variables. Ridge regression is a technique used 
to analyze data with highly correlated independent variables (collinearity). 
Ridge regression introduces some bias to the estimates in order to reduce 
the standard errors or misleading variances that result from collinearity 
with least squares estimates. 

■ Decision tree—A decision tree is a representation or data structure that 
captures the relationships among a set of categories. Leaf or end nodes 
represent the categories, while all other nodes represent “decisions” or 
questions that refine the search through the tree. A variety of machine 
learning algorithms are based on traversing decision trees. For example, 
gradient boosting and random forest algorithms assume that the under- 
lying data is stored as a decision tree. Gradient boosting is a technique 
for regression problems, which produces a prediction model in the form 
of an ensemble. Random forest is an algorithm that organizes data using 
classification and regression trees to look for outliers, anomalies, and 
patterns in the data. The algorithm builds a model by initially selecting 
predictors at random and then continuously repeats the process to build 
hundreds of trees. Random forest is a bagging tool (ensembles of regres- 
sion trees fit to bootstrap samples) that leads to more accurate models by 
relying on an iterative approach to many alternative analyses. After the 
trees are grown, it is possible to identify clusters or segments in data and 
rank the importance of variables used in the model. Leo Breiman, 
Statistics Department at the University of California, Berkeley, created this 
algorithm and described it in a paper published in 2001. Random forest 
algorithms are used extensively in risk analytics. 

■ Neural networks—Neural network algorithms are designed to emulate 
human/animal brains. The network consists of input nodes, hidden lay- 
ers, and output nodes. Each of the units is assigned a weight. Using an 
iterative approach, the algorithm continuously adjusts the weights until it 
reaches a specific stopping point. Errors identified in training data output 
are used to make adjustments to the algorithm and improve the accuracy 
of the analytic model. Neural networks are used in speech recognition, 
object recognition, image retrieval, and fraud detection. Neural networks 
can be used in recommendation systems like the Amazon.com system that 
makes selections for the buyer based on previous purchases and searches. 
Deep neural networks can be used to build models on unlabeled data. 
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As noted in Chapter 5, “Representing Knowledge in Taxonomies and 
Ontologies,” two recent projects highlight the power of neural networks 
as discovery and classification engines. The Google Brain project used 
16,000 processors in a neural network to discover patterns in images that 
converged as it learned to recognize cats, without a predefined template 
for cat images. Microsoft’s Project Adam can identify dog breeds from 
photographs, using asynchronous neural networks. 

Neural networks can be challenging to use in environments that require 
an audit trail or traceability, such as financial services trading systems. 
Because these systems are designed to learn autonomously, it could be 
cost‐prohibitive to track changes made in a way that would satisfy the 
requirements of an outside examiner. 

■ Support Vector Machine (SVM)—SVM is a machine learning algorithm 
that works with labeled training data and output results to an optimal 
hyperplane. A hyperplane is a subspace of the dimension minus one (that 
is, a line in a plane). SVM is usually used when there are a small number 
of input features. The features are expanded into higher dimension space. 
SVM is not scalable to billions of elements of training data. An alternative 
algorithm for situations with extremely large volumes of training data 
would be logistic regression. 

■ k‐Nearest Neighbor (k‐NN)—k-NN is a supervised classification tech- 
nique that identifies groups of similar records. The k‐Nearest Neighbor 
technique calculates the distances between the record and points in the 
historical (training) data. It then assigns this record to the class of its near- 
est neighbor in a data set. k‐NN is often selected when there is limited 
knowledge about the distribution of the data. 

 
Unsupervised Learning 

Unsupervised learning algorithms can solve problems that require large volumes 
of unlabeled data. As in supervised learning, these algorithms look for patterns 
in the data that enable an analytics process. For example, in social analytics, 
you may need to look at large volumes of Twitter messages (tweets), Instagram 
photos, and Facebook messages to collect adequate information and develop 
insight into the problem you want to solve. This data is not tagged; and given 
the large volume, it would take too much time and other resources to attempt 
to tag all this unstructured data. As a result, unsupervised learning algorithms 
would be the most likely choice for social media analytics. 

Unsupervised learning means that the computer learns based on an iterative 
process of analyzing data without human intervention. Unsupervised learn- 
ing algorithms segment data into groups of examples (clusters) or groups of 
features. The unlabeled data creates the parameter values and classification of 
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the data. Unsupervised learning can determine the outcome or solution to a 
problem, or it can be used as the first step that is then passed on to a supervised 
learning process. 

The following tools and techniques are typically used in unsupervised learning. 

■ Clustering techniques are used to find clusters that exist in the data 
sample. Clustering categorizes the variables into groups based on certain 
criteria (all the variables with X or all the variables without X). 

■ The K‐means algorithm can estimate the unknown means based on 
the data. This is probably the most widely used unsupervised learning 
algorithm. It is a simple local optimization algorithm. 

■ The EM‐Algorithm for clustering can maximize the mixture density 
given the data. 

■ Kernel density estimation (KDE) estimates the probability distribution 
or the density of a data set. It measures the relationship between random 
variables. KDE can smooth the data when inferences are made from a 
finite data sample. KDE is used in analytics for risk management and 
financial modeling. 

■ Nonnegative matrix factorization (NMF) is useful in pattern recognition 
and to solve challenging machine learning problems in fields such as 
gene expression analysis and social network analysis. NMF factorizes a 
non‐negative matrix into two non‐negative matrixes of lower rank, and 
can be used as a clustering or classification tool. Used in one way, it is 
similar to K‐means clustering. With another variation, NMF is similar to 
probabilistic latent semantic indexing—an unsupervised machine‐ 
learning approach for text analytics. 

■ Principal Components Analysis (PCA) is used for visualization and fea- 
ture selection. PCA defines a linear projection where each of the projected 
dimensions is a linear combination of the original. 

■ Singular Value Decomposition (SVD) can help to eliminate redundant 
data to improve the speed and overall performance of the algorithm. 
SVD can help decide which variables are most important and which ones 
can be eliminated. For example, assume you have two variables that are 
highly correlated, such as “humidity index and probability of rain” and, 
therefore, do not add value to the model when used together. SVD can 
be used to determine which variable should be kept in the model. SVD 
is often used in recommendation engines. 

■ Self Organizing Map (SOM) is an unsupervised neural network model 
that was developed in 1982 by Tuevo Kohonen. SOM is a pattern recog- 
nition process. The patterns are learned without any external influences. 
It is an abstract mathematical model of topographic mapping from the 
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(visual) sensors to the cerebral cortex. It is used to understand how the 
brain recognizes and processes patterns. This understanding of how the 
brain works has been applied to machine learning pattern recogni- tion. 
These techniques have been applied to manufacturing processes. 

 

Predictive Analytics 

Predictive analytics is a statistical or data mining solution consisting of algo- 
rithms and techniques that can predict future outcomes. Data mining, text 
mining, and machine learning can find hidden patterns, clusters, and outliers 
in both structured and unstructured data. These patterns form the basis of the 
answers and predictions made with a cognitive system. Predictive modeling 
uses the independent variables that were identified through data mining and 
other techniques to determine what is likely to occur under various future 
circumstances. Organizations use predictive analytics in many ways, including 
prediction, optimization, forecasting, and simulation. Predictive analytics can 
be applied to structured, unstructured, and semi‐structured data. In predictive 
analytics, the algorithm you use applies some sort of objective function. For 
example, Amazon.com uses an algorithm that learns about your buying behavior 
and makes predictions regarding your interest in making additional purchases. 

The focus on analyzing unstructured data represents a change for the use of 
predictive analytics. Traditionally, statistics and data mining technology have been 
applied to large databases of structured data. The internal operational systems of 
record at an organization are typically stored as structured data. However, it is the 
wide range of data types in unstructured data that represents the majority of data 
required to form a knowledge base for a cognitive system. These unstructured 
data sources include e‐mails, log files, customer call center notes, social media, 
web content, video, and literature. Until recently, it has been more difficult for 
companies to extract, explore, and leverage unstructured data for decision mak- 
ing. Technology advancements such as Hadoop have improved the speed and 
performance of statistical analysis of unstructured data. The ability to analyze 
these unstructured data sources is key to the development of cognitive systems. 

 

Business Value of Predictive Analytics 

Companies use predictive analytics to solve many business challenges, including 
reducing customer churn, improving the overall understanding of customer 
priorities, and reducing fraud. Businesses can use predictive analytics to target 
customers that fit a certain profile, and segment customers according to prior 
purchases and current sentiment. By fine‐tuning the models with iterative 
analytics and machine learning, predictive analytics can improve outcomes for 
businesses. Table 6-2 illustrates several examples of predictive analytics 
customer use cases. 
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table 6-2: Predictive Analytics Use Cases 

 
Predicting 
consumer 
behavior 

 
 
 
 
 
 
 

Sales and 
inventory 
forecasting 

 
 
 
 
 
 

Predicting 
failures in 
machinery 

 
 
 

 
Predicting 
and reducing 
fraud 

A manufacturer can identify patterns in 
consumer preferences that it could not 
recognize using traditional analysis of 
the data. Use of predictive analytics has 
improved supply chain management 
and the ability to react to consumer 
demand. This manufacturer can now 
predict customer orders 4 months 
in advance with an accuracy rate of 
approximately 98 percent. 

 
A large multistore retailer uses 
advanced analytics to develop models 
at a faster pace than in the past using 
larger volumes of data. This company 
benefited by improving the accuracy 
of its sales forecasting models and 
reducing inventories. The company 
achieved 82 percent accuracy in its 
forecasting, a major improvement 
compared to traditional approaches. 

A medical equipment manufacturer 
embeds sensors in its equipment to 
monitor performance. The recorded 
data is constantly streamed and 
analyzed to predict potential failures 
with enough lead time to make 
adjustments and avoid harm to 
patients. 

An insurance company used advanced 
analytics to transform its approach to 
claims processing and improve fraud 
detection. The company improved its 
success rate in pursuing fraudulent 
claims from 50 percent to 90 percent 
and saved millions of dollars. 

The company deployed a real‐time 
data warehouse to ensure that 
multiple sources of data could be 
well integrated and available  at 
the right time for analytics. The 
company is building more accurate 
models using timely data and 
diverse data types. The models 
are designed to identify hidden 
patterns and create accurate 
forecasts. 

This retailer implemented an 
analytics platform that standardizes 
and automates a portion of the 
predictive analytics process. Using 
this platform, the company  can 
build 500 predictive models per 
month as compared to 1 model 
using traditional methods. The 
increased granularity in  its  models 
is yielding greater accuracy. 

Advanced analytics is used to build 
sophisticated algorithms that can 
uncover hidden patterns of failure 
and monitor sensitive equipment 
more accurately than traditional 
methods. The volume of data that 
needs to be analyzed is large and 
streaming. 

Predictive analytics is used to look at 
the whole claims process differently. 
Patterns of fraud are analyzed and 
used to rate the likelihood that 
each new claim may be fraudulent. 
Text mining is incorporated into 
the system to gain insight from 
analyzing the content of police 
reports and medical records. 

 

 

 

Text Analytics 

Given the business value of text‐based unstructured sources, text analytics is a 
critical element of cognitive systems. Text analytics is the process of catego- 
rizing unstructured text, extracting relevant information, transforming it into 

  

  use Case example 
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structured information, and analyzing it in various ways. The analysis and 
extraction processes used in text analytics leverage techniques that originate in 
computational linguistics, natural language processing, statistics, and other 
computer science disciplines. The text can be extracted and transformed, and 
then analyzed iteratively to identify patterns or clusters and determine relation- 
ships and trends. In addition, the transformed information from text analytics 
can be combined with structured data and analyzed using various business 
intelligence or predictive and automated discovery techniques. 

The need for businesses to make decisions based on real‐time information 
makes text analytics an increasingly important capability. For example, a telecom 
provider wanting to understand which customers might be most likely to switch 
to the competition unless they receive the right incentive needs real‐time data 
on customer sentiment. The accuracy of predictive models that rely on customer 
sentiment data requires rapid analysis of large volumes of unstructured data. 
Sentiment scoring and natural language processing engines can build more 
accurate models and improve the speed of analysis. Machine learning can 
improve the models’ capability to react to sentiment data from social media as 
it is fed back into the model. Text analytics is widely used to help organizations 
increase customer satisfaction, build customer loyalty, and predict changes in 
customer behavior. Text analytics can also improve search capabilities in areas 
such as faceted navigation. 

 
Business Value of Text Analytics 

The business value of text analytics increases with an organization’s capability 
to understand how to act or make decisions based on the content. Text analytics 
is used in areas such as marketing analysis, social media analytics, sentiment 
analysis, market basket analysis, sales forecasting, product selection, and inven- 
tory management (see Table 6-3). To take the right action, companies need to 
understand not only what a customer is saying, but also what the customer’s 
intent might be. Text analytics can help companies listen to what its customers 
are saying both individually and as a group. Understanding what the customer 
intends to do next requires deep insight into sentiment at a granular level. This 
deep listening to a customer is often part of a voice of the customer (VOC) 
program. For example, by combining knowledge of prior purchases with an 
analysis of one customer’s relationship with others, his buying behavior and 
high‐priority issues, a company is in a better position to take the next best action 
in any customer interaction. 

The goal of a VOC program is to understand customer pain and identify 
where you may have the greatest challenges with your customers. For example, 
do you have a new product introduction that is not meeting expectations, or are 
you having problems with defects? By incorporating text analytics into your 
VOC program, you can identify changes in customer sentiment quicker. These 
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sentiments may be found in e‐mails, customer surveys, and social media. There 
is often a lot of noise in big data that may contain valuable information on con- 
sumer sentiment. Text analytics can reduce the noise by identifying patterns in 
large volumes of unstructured information, providing an early indicator of 
changes in customer behavior. In sentiment analytics, the input is text and the 
output is a sentiment score (scale ranging from positive to negative). The model 
computes the score with an algorithm. You can look at how sentiment changes 
over time or how customers view your products compared to competitors. 

 
table 6-3: Text Analytics Use Cases 

Marketing Churn analysis, voice of the customer, sentiment analysis, customer 
survey analysis, social media analysis, market research 

 

Operations Voice of the employee, document categorization, competitive 
intelligence 

Legal/Risk and 
Compliance 

Document categorization, risk analysis, fraud detection, warranty 
analysis, e‐discovery 

 

 

 

Image Analytics 

The sources used to develop knowledge corpora for a cognitive system are 
likely to include videos, photos, or medical images. There has been an enormous 
increase in the volume of images created and managed by governments, organi- 
zations, and individuals. As a result, image analytics capabilities are important 
in cognitive computing. The ability to quickly identify clusters and patterns in 
these images can have a major impact on IT and physical security, healthcare, 
transportation logistics, and many other areas. For example, facial recognition 
technology is used to both verify and identify individuals as a means to help 
prevent fraud and solve crimes. Governments use facial and image analytics 
to anticipate and prevent terrorist activities. Facial recognition can be used in 
video indexing to label faces in the video and identify the speakers in the video. 
Although facial recognition is a significant part of image analytics, cognitive 
systems will demand the capability to identify content in many different types 
of images. Image analytics can index and search video events by classifying 
objects into different categories such as people, animals, and cars, or to look for 
anomalies in a medical digital image such as an X‐ray or CT scan. 

Facial recognition was one of the earliest research areas in the field of image 
analytics. The first system for face recognition was developed in the 1960s. It 
was only partially automated, however, and there were a lot of manual steps 
involved. In the late 1980s, Kirby and Sirvich developed a system called Principal 
Components Analysis (PCA), which compares digitized sections of photos 
(eigenfaces). Compression techniques eliminate data that is not going to help with 
the comparison. This research represented a significant advancement, enabling 
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greater automation and improvements in speed and accuracy. There is great 
deal of ongoing research focusing on this area of technology, and it continues 
to improve. For example, there are algorithms that focus on the unique skeletal 
and musculature features in a face. These features have an impact on facial 
expressions that are consistent over time even as person ages. 

Facial recognition is currently a big research area for many technology 
companies. For example, Facebook’s research into facial recognition has 
resulted in software called DeepFace that is based on an advanced machine 
learning neural network. The machine learning algorithm analyzes a large 
number of human faces looking for recurring patterns in facial features 
such as eyebrows and lips. The learning process for DeepFace  is based on  a 
corpus of 4 million photos of faces. Facebook and other companies such  as 
Google and Apple use facial recognition technology to enable users to 
identify and tag friends in photographs. Facebook’s DeepFace project will be 
used to improve facial recognition capabilities on Facebook. Current test 
metrics show that DeepFace is almost as accurate as the human brain when 
comparing two photos to see if the face is the same. With this high level of 
accuracy there could be many other applications for DeepFace for marketing, 
sales, and security. 

One key aspect of image analytics technology is the capability to detect the 
edge or the boundaries of objects in images. Edge detection algorithms look 
for discontinuities in brightness and can be used to segment the images. Some 
of the most common edge detection algorithms include Sobel, Canny, Prewitt, 
Roberts, and fuzzy logic. These algorithms are applied to all objects, not just 
faces. The process of facial recognition begins with finding the face in the image 
and identifying the facial features. Another aspect is based on determining 
color segmentation by looking at ratios of skin tone pixels. A face recognition 
algorithm using Eigenface‐Fisher Linear Discriminant (EFLD) and Dynamic 
Fuzzy Neural Network (DFNN) helps with the dimension of features and clas- 
sification. It reduces errors compared to previous algorithms. It works well on 
a face database with different expressions, poses, and illuminations. Machine 
learning frameworks can improve modeling and classification capabilities of 
large volumes of images. 

Zintera, an emerging company based in San Diego, California, has devel- 
oped a technology platform to enable image and video processing based on 
a biophysical neural network model. Zintera's technology requires very 
sparse training sets so that the neural network models can process images 
and videos quickly. 

There are many potential applications for image analytics in healthcare. 
For example, IBM has a long‐term, grand challenge project called Medical 
Sieve that incorporates image analytics. The goal of this project is to build a 
next‐generation cognitive assistant with advanced multimodal analytics, clini- 
cal knowledge, and reasoning capabilities. Medical Sieve, an image‐guided 
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informatics system, will be tuned to assist in clinical decision making in 
radiology and cardiology. Radiologists typically need to view thousands of 
images per day, leading to eyestrain and the possibility of a misdiagnosis. 
Medical Sieve uses sophisticated medical text and image processing, pattern 
recognition, and machine learning techniques guided by advanced clinical 
knowledge to process clinical data about the patient and identify anomalies in 
the images. Finally, it creates advanced summaries of imaging studies, 
capturing the most critical anomalies that are detected in various views of the 
images. 

 

Speech Analytics 

Text, image, and speech analytics can be used in a cognitive system to provide 
the right context to answer a question correctly or make an accurate prediction. 
Although text analytics is used to gain insight into sentiment, many emotions 
and attitudes can be easily masked in text. Images and speech can provide many 
more clues to a person’s emotions and anticipated actions. Speech analytics is the 
process of analyzing recorded speech to extract information about the person 
speaking or the content of his words. Identifying the patterns of words and 
phrases that are good indicators of emotion and intent to act in a certain way 
can lead to improved accuracy of predictive models. 

Speech analytics has been applied to call center processes for many years. 
There was significant research in the field of automatic speech recognition (ASR) 
as early as the 1950s. ASR systems needed to provide accurate information for 
people with vastly different speech patterns and regional accents without the 
need for training. Statistical models can create speech‐clustering algorithms 
for different word and sound reference patterns. Although various statistical 
modeling techniques were applied to solving the problem of ASR, the hidden 
Markov model (HMM) and the stochastic language model became the most 
widely used techniques in the 1980s. As call centers developed in the 1990s as 
an important way to create a more efficient and cost‐effective way to properly 
route calls, companies such as AT&T began using automatic speech recognition 
technology as part of the call center process. 

Automated speech recognition (ASR) is one component of speech analytics. 
ASR can determine the words and phrases used in an individual’s spoken 
language. This basic analysis can prioritize calls or get an initial understanding 
of the reason for the call. However, speech analytics is intended to go much 
deeper to gain more insight into context. Calls are categorized to identify 
patterns and anomalies. In the call center environment, speech analytics can 
answer many different types of questions. What is the subject matter discussed? 
What is the emotional tone of the speech? Is the speaker angry,  impatient, or 
dissatisfied with a product? Are expectations for customer service agent 
performance met? 
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Decisions 

 

Using Advanced Analytics to Create Value 

Ultimately, the goal of deploying advanced analytics processes and cognitive 
computing is to improve decision making. Companies are using analytics to 
differentiate from the competition by doing a better job of listening to custom- 
ers, anticipating their needs, and making highly targeted offers. Government 
agencies use analytics to differentiate their cities by making them safer, more 
responsive to citizens’ needs, and more ecologically sound. Healthcare orga- 
nizations use analytics to improve physician training, eliminate unnecessary 
hospitalizations, and improve overall quality of care. Building the analytics 
models and cognitive computing environments that support these improve- 
ments in decision making requires more data, more accurate data, more refined 
data, and the ability to manage and interpret data from all input streams at 
fast speeds. 

Figure 6-2 illustrates the trade‐offs that companies often need to make to create 
business value from data. The ability to make faster and more execution‐oriented 
decisions depends on reducing the “degree of difficulty” of interpreting the right 
data from all input streams. You need to manage the volume and complexity of 
the data. At the same time, you need to sample high‐velocity data in a meaningful 
way. Raw data as captured by systems and sensors has potential value, but needs 
to be processed and analyzed to build business value. Referring to Figure 6-2, 
business value increases as volume, complexity, and speed are managed during 
the analytics process. The value to an organization comes from acting on the 
analysis of the data. 
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figure 6-2: Refining raw data to create business value 

Source: “An Executive Guide to Analytics Infrastructure," January 2014 by STORM Insights, Inc. 
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Building Value with In‐memory Capabilities 

Managing the dimensions of speed, complexity, and volume can be best 
addressed by an optimization strategy that includes both software and hard- 
ware. To scale appropriately to support big data analysis, many companies 
opt for hardware that is pre‐integrated and optimized to run advanced 
analytics workloads. To achieve business value, the analytical models and 
predictions need to be fully integrated into operational business processes. 
All applications need access to the necessary data at the right time. Capabilities 
such as columnar alignments, graph databases, and in‐memory comput- ing 
can help support advanced analytics. To enhance the speed, shared 
memory, shared disk, high‐speed networks, and optimized storage are valu- 
able techniques. 

Platforms that are designed for high‐speed and volume analytics may rely 
on in‐memory capabilities. Transaction processing, operational processing, 
analytics, and reporting and visualization can be integrated within one in‐ 
memory platform. It eliminates the time‐consuming effort of data extraction 
and transformation. In‐memory analytics provides a way to process large 
and complex analytic workloads quickly. It can improve application perfor- 
mance. These workloads can be chunked into smaller units and distributed 
across a parallel system. This approach is used primarily with structured 
data. In‐memory analytics can help to overcome the challenges of  trying  to 
visualize and analyze big data at fast enough speeds. For example, with real‐
time streaming data, in‐memory capabilities can ensure that computa- tions 
are performed in RAM to increase processing times much faster than data 
access from disk. 

Current approaches to model development, advanced analytics, and cogni- 
tive computing demand highly scalable architectures. The iterative processes 
used in machine learning yield more precise results, but at the same time 
require extreme speeds that can be provided by in‐memory computing. With 
data viewed as the most important asset in advanced analytics, one benefit of 
using in‐memory capabilities is that you eliminate the need to push the data 
to where the computations are taking place. Managing data sets in‐memory 
means that the data can be used for transaction processing and analytics simul- 
taneously. Organizing the documents for machine learning can be process- 
ing‐intensive, so executing tasks such as creating tags or labels for documents 
can process faster in memory. Many companies find that they are building 
hundreds of models to develop more accurate and customized predictions. In 
addition, machine learning algorithms typically require complex technical 
computations on large volumes of data. Leveraging infrastructure with the 
right power and speed is critical to the success of these predictive models 
and cognitive systems. 
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Impact of Open Source Tools on 
Advanced Analytics 

Open source analytics tools are having a major impact on the growth of predic- 
tive analytics at many organizations. The open source software environment 
and programming language, R, is fast becoming one of the primary tools for 
data scientists, statisticians, and other enterprise users. R, which is designed 
for computational statistics and data visualization, is the language of choice 
for graduate students doing research in advanced analytics and cognitive 
computing. Strong interest in R has led to a very active open source commu- 
nity. Members of the community share information on models, algorithms, 
and coding best practices. Users like the flexibility that a special‐purpose pro- 
gramming language and environment offers for building custom applications. 
Some of the benefits of R include its flexibility and adaptability. R is actually 
an implementation of the statistical programming language S, developed at 
Bell Laboratories, as a higher‐level alternative to using FORTRAN statistical 
subroutines. 

Although R can be complicated to use unless you are an experienced data 
scientist or statistician, many vendors offer some sort of connection  to R 
that makes it easier to use. Vendors are providing algorithms that  are 
preset and ready to use in model development. The open source com- munity 
has spawned and supports many projects that form the foundation for 
advanced analytics applications. For example, two important projects 
within the Apache Foundation are projects like Cassandra (distributed 
DBMS) and Spark (an analytics framework for cluster computing in the 
Hadoop space). 

 

 

Summary 

Advanced analytics helps the cognitive system gain insight from the corpora 
and ontologies. For example, machine learning algorithms and predictive mod- 
eling are applied to ensure that the cognitive system is constantly learning. The 
system needs to understand context, provide the right answers to questions, 
make accurate predictions, and apply the right information at the right time. 
The actual machine learning algorithms selected will depend on the goals of 
the analysis. For example, is the cognitive system applied to some aspect of 
healthcare? Are the goals related to improving medical diagnosis accuracy, 
reducing costs, reducing re‐admission rates after patients are discharged from 
the hospital, or improving overall health for individuals and communities? 
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Machine learning algorithms will be applied to help discover the patterns that 
are important to building a cognitive system that is both accurate and fast. 
Algorithms for prediction, classification, segmentation, forecasting, sequence 
pattern discovery, association pattern discovery, geo‐spatial and temporal 
discovery, or pattern detection may all be applied as needed to improve results 
of the system. 



  Chapter 6 ■ applying advanced analytics to Cognitive Computing

 108 

 

 



 

7 
loud and 

uting in 

mputing 

 
 

 

 

 

the role of C 

Distributed Comp 

Cognitive Co 
 

 

 

 

 

 

 

 
 

The ability to leverage highly distributed and cost‐effective computing services 
has not only transformed the way software is managed and delivered but also has 
become the linchpin for commercializing cognitive computing. Large cognitive 
computing systems require a converged computing environment that supports 
a variety of types of hardware, software services, and networking elements that 
have to be workload balanced. Therefore, cloud computing and a distributed 
architecture are the foundational models required to make large-scale cogni- 
tive computing operational. This chapter provides an overview of distributed 
computing architectures and cloud computing models. 

 
Leveraging Distributed Computing for 
Shared Resources 

The cognitive computing environment must provide a platform that consoli- 
dates a massive amount of information from disparate sources and process 
that information in a sophisticated manner. The system must also implement 
advanced analytics to gain insights into complex data. Clearly, a single integrated 
system would be impractical because of the need to bring so many different 
elements together. This is where highly distributed environments supporting 
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cloud computing become the delivery platform of choice. The cloud is a method 
of providing a set of shared computing resources including applications, com- 
pute services, storage capabilities, networking, software development, vari- 
able deployment modalities, and business processes. Cloud computing allows 
developers to combine distributed computing systems into a set of shared 
resources that can be used to support large cognitive workloads. To achieve 
this goal, it is important to base cloud services on standards and standardized 
interfaces. These interfaces are defined by standards organizations providing 
a consistent specification that can be widely adopted by cloud providers. This 
chapter provides insights into the role of distributed cloud services in making 
cognitive computing a reality. 

Consumers of cloud services, including firms building cognitive computing 
applications, benefit from the shared resource model, which enables them to 
pay by usage on systems that operate close to peak efficiency. Owning these 
resources requires an ongoing fixed cost for carrying excess capacity for antici- 
pated peak loads. Having the ability to use these services on demand makes 
them affordable to a wide range and size of organizations. 

 
 

Why Cloud Services Are Fundamental to 
Cognitive Computing Systems 

A cognitive system requires the capability to leverage data sources and complex 
algorithms. The most efficient and effective means to operationalize cognitive 
systems is cloud computing because by design, they are built on distributed 
computing models. Without distributing computing capabilities via the Internet, 
the World Wide Web (or just “web”) would never have existed. In fact, the 
web was designed to enable researchers to share documents, images, videos, 
or audio files by simply assigning addresses without regard to the mean- ing 
of the content. With cognitive computing the environment is optimized to 
support a massive amount of data that must be analyzed and organized based 
on patterns. For example, the source data may be distributed across hundreds 
of different structured and unstructured information sources. In order to 
orchestrate the access to these sources, the cloud environment may have a 
catalog, index, or registry of pointers to the data as well as metadata associated 
with key resources. There may also be a requirement for analytics that 
leverage high‐powered computing capabilities. An additional benefit of using 
cloud computing and its underlying distributed model is the ability to access 
high‐powered computing engines to solve complex science, engineering, and 
business problems on demand. Again, the organization would not have to 
purchase this high‐end system, but rather can consume the computational 
services only when needed. 
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Characteristics of Cloud Computing 

Although this chapter covers a number of models of cloud computing, some 
characteristics are common to all models. These include elasticity and self‐service 
provisioning, metering of service usage and performance, and workload manage- 
ment. In addition, supporting distributed compute capabilities is instrumental 
to the cloud. All these services are required because of the dynamic nature of 
the cloud. The cloud is purpose‐built so that it can support a number of differ- 
ent workloads and characteristics of those workloads. This section includes a 
discussion of these capabilities and characteristics. 

Elasticity and Self‐service Provisioning 

Elasticity of a cloud service offers the ability for consumers to increase or decrease 
the amount of compute, storage, or networking they need to complete a task. 
Although the notion of adding services is available in other modes of computing, 
within a cloud environment, elasticity is intended to be an automated service 
that is controlled by a self‐service function. This is especially important when the 
consumer of a cloud service needs to increase the amount of compute services, 
for example, when applying an algorithm to a complex set of data. When that 
calculation is complete, the amount of compute resources can be automatically 
decreased. Within elasticity are the areas of scaling and distributed processing. 

Scaling 

With cloud elasticity you can scale the service to process shifting workloads. 
The two primary models of scaling are horizontal and vertical. Horizontal scaling 
(often called scaling out or scaling in) means that the same type of service is 
expanded based on the need of the workload. As more of the same capability 
is needed, the system allocates more resources. As the need diminishes, those 
resources are released to the pool. With horizontal scaling, additional servers 
or blades can be added to support expanding requirements. In contrast, verti- 
cal scaling (often called scaling up) occurs when one computing resource is 
expanded, creating a better match between the workload and the computing 
environment. Rather than adding more servers, a scale‐up environment enables 
you to add additional memory or storage to the existing system environment. 
Vertical scaling is useful for solving problems with applications requiring highly 
distributed computing environments. As an example, Hadoop is designed to 
distribute computation across nodes, so it benefits from scaling up. 

Distributed Processing 

With the growth in big data, the ability to distribute processing across compute 
nodes to gain better performance is increasingly important. Although the idea 
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of a distributed filesystem is not new, new data technologies like NoSQL, HBase, 
and Hadoop are driving the importance of this capability. Using clusters of 
machines within a cloud to process complex algorithms is critical. Cognitive 
computing requires not only ingesting data but also the ability to analyze com- 
plex data to provide potential answers to complex problems. 

 

Cloud Computing Models 

Although there is sophisticated technology within cloud computing, you need 
to understand that cloud computing is a service‐provisioning model that is 
transforming the degree to which companies can access and manage complex 
technology. The economic benefits of the cloud model are obvious. By providing 
a shared services model, each user pays only for services used. Within cloud 
computing models, there are a number of different approaches that are optimized 
for executing specific tasks for specific workloads. This is analogous to how 
power grids operate. A large metropolitan area does not have a single power 
plant to support all customers. Rather there is a system or grid that coordinates 
a highly decentralized set of power distribution stations supporting different 
neighborhoods. A well‐designed power grid would model the distribution of 
power based on environmental conditions, consumption patterns, or catastrophic 
events. Having a shared services model makes a power grid affordable. If you 
take this analogy a step further, companies and individuals that invest in solar 
panels connected to a grid may get paid commensurate with the amount of 
electricity they contribute back to the public power grid. Likewise, in systems 
such as the World Community Grid, individuals contribute computing resources 
to help solve major computational problems. In the future, there may be cogni- 
tive computing grids where resources are shared across companies, industries, 
regions, and nations. 

There isn’t a single model of cloud computing. Rather there are a number of 
deployment models, including public, private, managed services, and hybrid 
clouds. Each of these deployment models features such service models as Software 
as a Service (SaaS), Platform as a Service (PaaS), and Infrastructure as a Service 
(IaaS). Following is a description of each of these deployment models. The next 
section provides an overview of the technical underpinnings of each of these 
models (see Figure 7-1). 

 

The Public Cloud 

The public cloud is a utility model of computing typically offered as a shared 
multitenant environment, in which multiple users physically share a container 
within a single server. A multitenant cloud is a publicly accessible service that is 
owned and operated by a third‐party service provider and is accessed through 
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an Internet connection. The customer pays based on usage or per unit of com- 
puting or storage. Therefore, a public cloud is often thought of as a commodity 
service. Typically, a user gains access to a service through a virtualized image— 
a combination of computing resources that can run independently from the 
physical hardware. Public clouds are most efficient when they support common 
workloads so that the system is automated and optimized for that workload. 
This is different than a data center where there may be multiple operating sys- 
tems, and multiple types of applications and workloads. As such, it is difficult 
to optimize the environment for small numbers of simple workloads. The public 
cloud can be an effective economic model because it is built on a shared services 
model. The more customers that public cloud vendors such as Amazon.com, 
Microsoft Azure, and Google cloud services support, the less they charge per 
unit of usage. The typical payment model is based on a few cents per megabyte 
of storage or a unit of compute. 

 

 

 
 

 

Figure 7-1: Foundations of a cloud architecture 

One of the key characteristics of a public cloud is that it provides the same 
level of service and security to all its customers, represented by generalized 
service level agreements (SLAs). The service provider, therefore, manages its 
servers, automation, and security as an integrated environment. The customer 
leveraging these public services has little or no visibility into the resources 
within the operation of the system. 
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Well‐designed commercial public cloud services tend to offer a reasonable 
level of service and security. Companies that need to have compliance and 
governance guarantees because of government regulations may be unable to 
use a public cloud service. In those cases, private cloud services may be a more 
viable option for critical customer and financial data. However, other commod- 
ity services such as e‐mail are often implemented using public cloud services 
because they are not strategic assets for organizations. Some public cloud service 
providers offer additional specialized services such as virtual private networks 
or specialized governance services. 

 

The Private Cloud 

As the name implies, a private cloud is managed within a company’s data cen- 
ter, and those resources are typically not shared with other companies. Like a 
public cloud, the private cloud is intended to be an optimized environment so 
that it supports a single underlying operating system with an optimized set of 
management and automation services. Like public clouds, the private cloud also 
provides optimization of workloads to improve manageability and performance. 
Because a private cloud is controlled internally, it can optimize security based 
on industry governance requirements. In addition, the private cloud can be 
established with a specific level of service required to support customers and 
partners. The company has the capability to implement tools and services to 
monitor and optimize both security and service levels. 

 

Managed Service Providers 

In addition to private clouds that are owned and operated directly by a company, 
there are managed service providers (MSPs) that provide dedicated cloud services 
designed and managed by a third party for the benefit of a specific customer. 

Companies that are uncomfortable with public cloud services may not want to 
operate their own private clouds. In addition, some companies want to leverage 
a sophisticated set of services that are not resident within their own environ- 
ment. Managed Service Providers (MSPs) typically offer industry‐specific cloud 
services available as an ongoing supported service or as an on demand service. 
These cloud services have characteristics of either a public or a well‐architected 
private cloud in that they offer management, security, and automation. They 
may offer some services as a multitenant environment but also provide the 
option of providing customers with their own private hardware environment 
that is secured just for their use. A managed service provider may provide a 
cognitive computing service that is specific to one industry such as a technique 

for analyzing customer churn in a retail environment through the use of a 
machine‐learning algorithm. Therefore, the MSP is a form of private cloud 
because a single customer can use it on a dedicated, physically partitioned basis. 
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Hybrid 

 

However, like a public cloud, it can serve multiple customers from a common, 
albeit physically partitioned, infrastructure. 

 

The Hybrid Cloud Model 

A hybrid cloud offers the ability to either integrate or connect to services across 
public, private, and managed services. In essence, a hybrid cloud becomes a 
virtual computing environment that may combine virtualized services in a 
public cloud with services from a private cloud, a managed service vendor, and 
a data center. For example, a single company may use its data center to manage 
customer transactions. Those transactions are then connected with a public cloud 
where the company has created a web‐based front end and a mobile interface to 
allow customers to buy products online. The same company uses a third‐party 
managed service that checks credit for anyone trying to use a credit card to pay 
for a service. There may also be a series of public cloud‐based applications that 
control customer service details. In addition, the company uses extra compute 
capabilities from a public cloud provider during peak holiday periods to make 
sure that the website does not crash when the system becomes overloaded. 

Although each of these elements are all designed and operated by individual 
vendors, they can be managed as a single system. A hybrid cloud can be highly 
effective because as a distributed system, it can enable companies to leverage a 
series of services that are the best fit for the task at hand, as shown in Figure 7-2. 
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Figure 7-2: Hybrid cloud architecture 
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Whether the cloud model is public or private, they can allocate different 
cognitive‐computing workloads to the optimal service components. Because 
the performance of a cognitive system can benefit from deployment on a vari- 
ety of workload‐optimized services rather than one unified system, a hybrid 
cloud model is the most logical and practical approach as these systems grow in 
production. Cognitive computing can be architected as a series of services that 
interact and call different services via Application Programming Interfaces (APIs) 
to execute a process or compute an algorithm in an efficient and cost‐effective 
manner. When companies use big data sets to calculate complex algorithms on 
an occasional basis, it is often difficult to gain access to enough compute 
resources at a reasonable cost. For example, in the pharmaceutical industry, 
drug discovery requires the analysis of massive amounts of data that needs to 
be both stored and processed. Before cloud computing, these companies had 
to compromise and select only subsets of data to analyze. They had to be 
confident that the data they were selecting was the right subset. It was quite 
possible, however, that the patterns or anomalies might not have appeared in 
the subset or snapshot of data that they could afford to collect. 

 
 

applying ClouD Computing to CliniCal researCh 

One of the best ways to understand the benefits of cloud computing for sophisticated 

research is to look at a clinical research example, such as epilepsy analysis. In the 

December 10, 2013 issue of the Journal of the American Medical Informatics Association, 

the researchers discuss how they conducted epilepsy research by leveraging cloud‐ 

based big data analytics. 

Researchers have been conducting research to attempt to discover new treatments 

for epilepsy (one of the most common neurological disorders). The typical source of 

data has come from recordings from electroencephalograms (EEG). This data is used to 

diagnose and evaluate epilepsy patients. If the signals from this data can be analyzed 

and visualized in real time, researchers can better determine what is happening with 

a patient before, during, and after an episode. In addition, this data can be correlated 

with ontologies designed to support conclusions between events and diagnosis. 

Researchers working on this project found that if they could move from an 

integrated application that resided on a desktop to a cloud‐based data management 

system, they could collect more data and analyze that data in real time. The 

researchers developed the Prevention and Risk Identification of SUDEP Mortality 

(PRISM) project. This web‐based electrophysiology data visualization and analysis 

platform was called Cloudwave. This public cloud infrastructure integrated a patient 

information identification system and added a query system. The foundation of 

the system included the use of parallelized algorithms for computing using the 

MapReduce framework to interpret the huge volume of data. Data visualization 

correlates the results with the ontologies and other research such as databases of 

other risk factors. A query function can make the results accessible to researchers. 
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Delivery Models of the Cloud 

Whether discussing public or private cloud deployment models, a number of 
important service delivery models define the way consumers and suppliers take 
advantage of these approaches to computing (refer to Figure 7-2). These mod- 
els are divided into four different areas because they each provide a different 
capability that is important to implementing sophisticated services. 

 

Infrastructure as a Service 

As its name implies, Infrastructure as a Service (IaaS) is the foundational cloud 
service. IaaS provisions compute, storage, and networking services through 
either a virtualized image or directly on the computer systems. This is called 
native (or bare metal) implementation. Although bare metal implementations 
are frequently used when speed is the most important factor, the typical IaaS 
model relies on virtualization. A public IaaS service is designed as a self‐service 
environment so that a customer can purchase a service such as compute or 
storage based on the instance of computing that is needed. Consumers can 
purchase an instance based on the amount of resources consumed over a speci- 
fied period of time. When a consumer stops paying for the service, the resource 
disappears. In a private IaaS environment controlled directly by a company, 
those provisioned resources would remain in place and will be controlled by 
the information technology organization. 

 
Virtualization 

Virtualization is the technique that separates resources and services from the 
underlying physical delivery environment. In a traditional model, the hardware 
is partitioned through the use of a hypervisor. The hypervisor is software that 
provides a thin layer of code on top of the server that enables system resources 
to be shared. This means that a single system can support multiple operating 
systems, infrastructure software, storage, networks, and applications. In addi- 
tion, the hypervisor enables more services to be supported on the same physical 

Without the support of cloud services and advanced analytics, the researchers 

would not have analyzed this amount of data in a reasonable timeframe. It would 

have taken too long and required the purchase of expensive hardware that was not in 

the budget of the organization. Even more important was that the real‐time services 

were needed only intermittently and therefore a cloud service that could be used on 

an occasional basis was optimal for the requirements of the project. The organization 

also found a web service vendor that would support the Health Insurance Portability 

and Accountability Act (HIPAA) standards. 
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infrastructure. IaaS relies on images that encapsulate the key capabilities required 
by a consumer to operate a cloud service such as an amount of computing 
capability or a set amount of storage. The image will include the capability to 
manage these resources such as add new code or balance the set of resources. 

 
Software‐defined Environment 

The goal of IaaS is to optimize the use of system resources so that they can 
support workloads and applications with the maximum efficiency. A Software 
Defined Environment (SDE) is an abstraction layer that unifies the components 
of virtualization in IaaS so that the components can be managed in a unified 
fashion. In effect, the SDE is intended to provide an overall orchestration and 
management environment for the variety of resources used within an IaaS envi- 
ronment. Therefore, an SDE brings together compute, storage, and networking 
to create a more efficient hybrid cloud environment. It also enables developers 
to use a variety of types of virtualization within the same environment without 
the burden of hand‐coding the linkages between these services. 

 
Containers 

A container consists of an application that is designed to run within IaaS, encap- 
sulated together with its dependencies as a lightweight package ready for deploy- 
ment. It includes well‐defined and standardized Application Programming 
Interfaces (APIs) to make integration easier. A container is often used within 
the context of a Software Defined Environment. The use of containers creates an 
alternative to relying on virtualized images. Unlike virtualization, a container 
does not require a hypervisor. Several open source projects (e.g., Docker) have 
emerged in the past few years to facilitate this style of computing. 

 

Software as a Service 

Software as a Service (SaaS) is a defined application that is operated on a public 
cloud service. Today, virtually every enterprise software offering is available 
as SaaS, and it is becoming the de facto approach to desktop applications and 
personal software, as well. In fact, it is becoming difficult to buy or license some 
types of software because the SaaS model provides a more predictable revenue 
stream for the vendors. 

SaaS applications are built to take advantage of IaaS. Therefore, like IaaS, 
SaaS is typically delivered in a multitenancy environment offering load bal- 
ancing and self‐service provisioning. This means that multiple users share a 
physical computing environment with other users and companies. Their own 
implementation is partitioned from other users. One of the benefits of SaaS is 
that the consumer is not responsible for software updates and maintenance of 
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the application. However, unlike a traditional on‐premises application, the user 
does not have a perpetual license for the application. Rather the user pays on a 
per‐user, per month, or per year basis. Many SaaS applications are designed as 
packaged applications based on a business process such as customer relation- 
ship management or accounting. These applications are designed in a modular 
fashion so that customers can select only what they require. For example, some 
accounting SaaS applications may have a foundation of a bookkeeping process 
and can expand into a complex online accounting system. Over the years, more 
and more areas of software are available as a service, including collaboration, 
project management, marketing, social media services, risk management, and 
commerce solutions. 

SaaS implementations are expanding beyond the traditional packaged soft- 
ware. Increasingly, most emerging software platforms are implemented as 
cloud services as the preferred deployment model. One of the most important 
examples of the power of the cloud for cognitive computing is the advent of big 
data environments Hadoop and MapReduce that depend on a highly distributed 
cloud platform to process massive amounts of data. The distributed nature of 
the cloud enables complex computation to be completed quickly. 

Business intelligence (BI) services have been available as cloud services for a 
number of years. However, the objective of these systems is to provide manage- 
ment with reports that capture historical performance of the business. Advanced 
analytics offerings are increasingly offered as cloud services. The complexity and 
amount of data analyzed demands the type of scalable and distributed proper- 
ties of the cloud. The complex cognitive algorithms used in machine learning 
and predictive analytics are better served by a cloud infrastructure. One of the 
benefits of using the cloud for advanced analytics as a service is that it is more 
affordable for solving complex problems. For example, an analyst might need 
to build a predictive model to solve a specific problem in a quick timeframe. 
Rather than purchasing all the hardware and software, the analyst can lever- 
age a sophisticated analytics application in the cloud. The analyst pays only 
for the capability used for that project. After the project is complete, there is no 
further financial obligation. The cloud offers the ability to solve a problem that 
leverages huge amounts of computing capability. There may also be the need 
to store the data and results from this analysis. 

Analytics as a service in the cloud enables business managers or business ana- 
lysts to leverage an analytics portal that documents best practices. Increasingly, 
there are offerings on the market that provide the knowledge of the data sci- 
entist without the expense of hiring those expensive resources. Many of these 
offerings enable a data scientist to optimize an algorithm based on the problem 
being solved. Some of the emerging use cases for analytics in the cloud come 
from industries such as retail, where managers want to understand what is 
driving profits in various business units. While it may be a simple question to 
ask, the answer is extremely complicated. The analysis requires the ingestion 



  Chapter 7 ■ the role of Cloud and Distributed Computing 120 
 

 

of considerable information from a number of internal and external sources, 
followed by the computation to determine patterns, followed by recommen- 
dations for next best actions for issue resolution. A cloud analytic service can 
codify the best algorithm to apply to a specific analytical goal and the cloud 
service can access a specific capability on demand. In the future, analytics as a 
service will generate new models where the analytics service provider will 
provide services to help analyze a customer’s data. In the long run, analytics 
as a service will enable data providers to provide new cognitive computing 
offerings. By the end of this decade, the major cognitive computing technolo- 
gies such as Natural Language Processing (NLP), hypothesis generation/ 
evaluation, and question answering systems should be available as standalone 
services, offered as SaaS components that can be integrated into a customer’s 
application on demand. 

 

Platform as a Service 

Platform as a Service (PaaS) is an entire infrastructure package that is used to 
design, implement, and deploy applications and services in either a public or 
private cloud. PaaS provides an underlying level of middleware services that 
abstract the complexity away from the developer. In addition, the PaaS environ- 
ment provides a set of integrated software development tools. In some cases, it 
is possible to integrate third-party tools into the platform. A well‐designed PaaS 
consists of a orchestrated platform to support the life cycle of both developing 
and deploying software within the cloud. A PaaS platform is designed to build, 
manage, and run applications in the cloud. 

Unlike traditional software development and deployment environments, 
the software elements are designed to work together through Application 
Programming Interfaces (APIs) that support a variety of programming lan- 
guages and tools. Within the PaaS environment are a set of prebuilt services 
such as source code management, deployment of workloads, security services, 
and various database services. 

 

Managing Workloads 

The ability to manage workloads is at the heart of cloud computing. What makes 
cloud computing so powerful is that it enables an organization to bring together 
applications that live in the data center with those that reside on public and 
private clouds. To be operationally effective these various workloads have to 
act as a single, unified environment. In other words, these services need to be 
orchestrated together in a consistent manner. One of the fundamental approaches 
used to achieve this consistency is having the workloads abstracted from the 
underlying hardware environment. 
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Workload management in a traditional data center environment has been 
centrally controlled through job scheduling programs that orchestrated work- 
loads in a serial and scheduled manner. The cloud environment is a different 
dynamic entirely because workloads are rarely scheduled in a predictable man- 
ner. Therefore, cloud workload management depends on load balancing—the 
process is designed so that complete workloads or components of a workload 
can be distributed across multiple servers within the cloud. 

In a hybrid cloud environment the ability to manage overall performance 
requires monitoring of the overall service level of the servers, software, storage, 
and network. Any system, whether on premise or in the cloud, must be managed 
to achieve the contractual service levels required by customers. However, a cloud 
environment is more dynamic than an on‐premise environment. Therefore, 
the system has to monitor performance and anticipate changes in compute 
requirements, the amount of data managed, or the addition of new workloads. 
A cognitive computing environment requires this type of flexible workload 
management because there is the requirement for sophisticated analytics of 
workloads. Data is constantly being evaluated and expanded as new sources 
of data become available. 

 

Security and Governance 

As cognitive solutions become a strategic platform for businesses, the ability to 
secure content and results becomes more important. No company will trust a 
system that may hold the potential for strategic differentiation if the informa- 
tion can be compromised. Therefore, security has to be defined at every level 
of the environment. Given the nature of the data within a cognitive computing 
system, it is critical that security is instituted so that unauthorized persons 
cannot access key data. Therefore, identity management will be key. You will 
need to work with the cloud provider to indicate which individuals with which 
roles are entitled to access or change data. 

Any cloud environment will require the same levels of security as a tradi- 
tional data center, including issues ranging from physical security of servers, 
storage, networks, applications, and data. In addition, there needs to be specific 
techniques for handling incidents, security of the specific applications, encryp- 
tion, and key management. 

Within a data rich environment, it is critical to be aware of the governance 
requirements to protect sensitive data. Different industries, markets, and coun- 
tries have specific requirements for how data about individuals needs to be 
secured. For example, in the United States there is a regulation called The Health 
Insurance Portability and Accountability Act of 1996 (HIPAA) that requires 
that an individual’s health information must be kept private. Countries such 
as Germany and France have specific regulations about where a person’s data 
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can be stored. Therefore, although the cloud will have a set of data protections 
built into the environment, your company is still responsible for the protection 
of sensitive data. This is further complicated in a hybrid environment in which 
data may be distributed across a number of different public and private clouds. 

Overall governance of data requires a strategy based on understanding the 
regulations of your industry and understanding how these regulations are 
implemented and executed in the various cloud applications and services used. 
Each company will have its own requirements to audit its own security, includ- 
ing its use of public and private clouds. Therefore, every organization needs 
to have a governance body in place that understands the cloud services used 
and how those companies comply with regulations. It is prudent, therefore, to 
create an overall governance plan incorporating every IT service used by your 
organization. 

 
Data Integration and Management in the Cloud 

Data integration in the cloud offers both huge potential and huge complexities. 
As with on‐premise applications, most organizations have hundreds of different 
data sources that need to be managed. Although the availability of data in the 
cloud is a huge help in gaining access to critical information, it also means that 
there is a need to provide connections and techniques for integrating data sources. 
Simply connecting data does not solve the problem. Integrating data sources in the 
cloud requires the ability to correlate the relationships between sources through 
a catalog that defines the meaning of fields or data sources. 

All data integrations are not created equal due to different requirements for 
each use case. For example, there are situations in which cloud data sources 
need to be tightly linked together because the sources are interdependent. This 
can be accomplished through data replication. In some cases, it is important to 
move several data sources into the same cloud environment for speed. In other 
situations, the original data source needs to remain in either a cloud data 
repository or within a data center. In this situation there is the need to provide 
pointers to move between sources. This typically happens when each source is 
independent. In fact, in most situations data will increasingly be managed in 
a distributed manner to process a large number of information sources that 
need to interact with each other. 

 

Summary 

Cloud computing is a critical deployment and delivery model for applications 
and data. The capability to distribute huge amounts of data is critical to the 
development of a cognitive system because it depends on the availability of the 
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right data sources that may physically reside in a hybrid environment. A cogni- 
tive system requires the capability to link to and manage the right data sources 
where they live, when they are needed. The cloud and distributed computing is 
one of the fundamental models to make it possible for a variety of data sources 
to be used in this level of decision making. 
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We are clearly going through a major transformation in the technologies that 
are available to change the way we live and work. With the declining prices of 
software and hardware and the ability to create new innovations with few 
capital resources, industries across the globe are changing. So, if the difference 
between success and failure is no longer simply based on how big a company 
is, how will we differentiate one supplier from the next? Cognitive computing 
may be the factor that can add a new dimension to the competitive race. Can 
we make smarter products and services? Can we anticipate what customers and 
partners will need in the future? In this chapter we will explore the disruptive 
power of cognitive computing. 

 

Preparing for Change 

Businesses have always had more data in their structured databases, document 
stores, and packaged business applications than they know what to do with. For 
decades business leaders understood that if they could capture unique insights 
from that data before their competitors find them, they could have a competitive 
weapon. Slowly, businesses are beginning to find ways to integrate data across 
silos so that they can begin taking a holistic approach to gain insights from data. 
These leaders understand that if they can extract meaningful relationships or 
patterns from data about customers, partners, suppliers, employees, and overall 
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market dynamics, they can turn that information into knowledge so that they 
can anticipate changes and even shape the future. But even with all the progress 
that has been made, companies are still grappling with how to capture insights 
that are not obvious. The problem goes beyond speed—it is a problem of how 
to discover relationships that are meaningful, not simply anomalies. 

The risks of inaction have never been higher. Emerging companies with little 
revenue are disrupting entire industries and markets overnight and causing 
established companies to scramble to create new strategies on‐the‐fly. Bookstore 
owners have found that electronic book stores have often destroyed their busi- 
ness model. Cab companies are being threatened by new ride sharing models. 
Manufacturing companies have found that innovative new automated processes 
and new supply chains have caused them to rethink their cost structures over- 
night. New regulations in healthcare have required healthcare providers to 
create new cost‐effective processes that meet the right quality of care. 

These three scenarios are only the beginning of the tremendous market 
upheavals that are facing companies across the globe. Solving these problems 
is not easy, but fundamental shifts won’t come from looking in the traditional 
places. Making it faster to find a cab or shared ride isn’t a sustainable differentia- 
tor. Making it cheaper by lowering driver pay or auto quality or better routing 
won’t do it—every competitor can copy those moves. However, knowing more 
about the customer so that you can pair the right driver and rider based on 
knowledge of their experiences and preferences just may make the difference. 
While every company hopes to be able to better understand customer preferences 
and behavior, it is not effective to just ask them. To gain deep understanding 
requires that organizations be able observe or capture data from external sources 
(such as comments on social media and data from customer transactions). But 
true competitive advantages come from discovering what customers value, even 
before they can articulate what they will pay for. 

 

Advantages of New Disruptive Models 

On a pure technology level, the advances in deployment models such as cloud 
and mobile computing are transformational because they enable new disruptive 
business models. As the market for these types of services has exploded, the 
cost of computing and storage has dramatically fallen. In addition, emerging 
deployment models mean that with little capital investment, new companies can 
create digital assets and gain a foothold in a market in record time. Therefore, 
companies can no longer assume that a well established installed base or cus- 
tomer loyalty will sustain them in the long run. The answer to this disruption is 
taking advantage of knowledge in new ways that can support the new realities. 

Cognitive computing, as discussed throughout this book, changes the way 
that data is processed through advanced analytic algorithms and combined 
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with structured, unstructured, and semi‐structured data. With cognitive com- 
puting, you can discover insights that were previously beyond your ability to 
achieve through computation. Without a cognitive system, a human is required 
to manually discover patterns and insights that were buried inside complex 
documents, reports, journal articles, and videos images. In legal discovery, 
lawyers often send the opposition so much information that it cannot possibly 
process the data in a reasonable amount of time, even when keywords can be 
scanned automatically. The deeper meaning remains hidden. Even with an 
abundance of time, researchers may miss key patterns and nuances that are 
hidden in documents. In contrast, if you process this volume of data with a 
cognitive system, you can gain insights that would have required an army of 
researchers that are smart enough to see subtleties across information sources. 
While one researcher with decades of experience might know precisely what 
to look for, the average researcher will likely miss important data. 

 

What Does Knowledge Mean to the Business? 

Traditionally, companies have relied heavily on past experience in order to predict 
the future. The fast rate of change in everything from customer preferences to 
market dynamics to new technology has rendered many of the traditional meth- 
ods of business forecasting ineffective. Also, traditional approaches are generally 
inadequate to respond and adapt to external forces, such as extreme weather 
events that disrupt supply chains or the sudden popularity of an entertainer 
whose wardrobe will quickly change demand within a specific demographic. 
All the cues are available in social media data, but traditional systems are not 
designed to be able to find this data or exploit it so that action can be taken. 

In a search for a better way to translate huge amounts of data across busi- 
ness units into a predictable approach to determining outcomes and next best 
actions, companies are looking at innovative approaches beyond running reports 
and analyzing data from traditional databases. These businesses are looking 
for ways to use all types of data to both analyze and continuously learn from 
that data. Companies are now comfortable using a variety of algorithms to 
analyze data. The new frontier is being able to take advantage of the variety of 
data sources—most notably unstructured text data. While it has long been 
possible to query a text database, leaders want to build a more dynamic and 
comprehensive knowledge base that can help them anticipate change and take 
the appropriate action. 

The way to find answers to complex issues is changing. The traditional data- 
base query is highly structured and takes its direction from the way the database 
is designed and managed. A SQL query is therefore highly effective when you 
know that the database includes the data that you need to find. A SQL query is 
basically a look‐up function. When you look for answers in unstructured data, 
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you typically use a search engine when you have an idea of what you want to 
find, but you don’t know where to locate the source of that information. The 
search engine relies on tagging and keywords to find possible answers. When 
someone asks a question, it matches the words in the query with the tags and 
keywords in the unstructured database. It provides the user with documents 
that match those words but does not provide insight. Selecting the document 
that can provide the best answer is left up to the searcher. 

The answer is not simply a database that enables a user to ask a question. 
This approach has been attempted for decades with only moderate success. In 
fact, queries are the right approach when there is a well‐constructed and highly 
structured data source that is designed to manage a specific set of questions. 
Knowledge‐based or expert systems, supported by a rules engine, were a step 
in the right direction as an approach to capture and leverage the experience of 
statisticians. These applications, however, cannot carry on a dialogue with 
users to refine their recommendations or suggest new questions that would 
increase the confidence in an answer. For example, to determine the best 
approach when treating diabetes, the typical physician relies on experience 
and perhaps consultation with specialists. The experienced specialist who 
has treated so many patients with the same illness may be able to determine a 
successful treatment in seconds. In contrast, the physician with only one year 
of experience will have to spend hours searching literature or calling on 
specialists to make a diagnosis. But this approach is not scalable because that 
physician cannot easily transfer that knowledge to a newly minted doc- tor. 
Therefore, there is an inherent risk when the student relies only on the 
expertise of one physician. For example, the doctor with only 2 years of clinical 
experience will spend hours poring over books, looking at journal articles, and 
asking colleagues for their opinion about what to do. The new doctor may use 
a technique that seems right based on his limited experience. In some domains, 
there are only a handful of specialists who have seen multiple cases of rare 
diseases. They can have a positive global influence if their cases are shared 
with less‐experienced physicians. 

Sharing of expertise via cognitive systems may be useful in any domain in 
which specialized knowledge can be pooled, from oncology to auto repair, as 
long as the relevant knowledge is captured in a corpus. 

 
The Difference with a Cognitive Systems Approach 

Contrast this with the organization that begins to use a cognitive computing 
approach. The organization leveraging a cognitive approach will begin by collect- 
ing all the data concerning diabetes including treatment options, literature, and 
clinical trials. That same organization will also leverage the most experienced 
physicians and begin to codify their knowledge from their years of experience 
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and case files. Unlike a traditional application that had to be written based on 
previously known processes, the cognitive system is designed to learn and change 
based on capturing best practices and knowledge into a corpus or ontology. At 
the same time, these organizations want to be able to use data from sensors to 
monitor metrics and correct for changes in patient status. 

For decades organizations have tried to find a way to automate the entire 
business and have a single integrated system that could manage it all. This has 
never worked. What has worked for organizations is to design systems that 
are focused on bringing together knowledge related to a specific business 
outcome (domain knowledge). Therefore, applications focused on accounting, 
for example, can provide the right information about all aspects and processes 
needed to manage accounting effectively because processes are concrete and 
the knowledge is mature and well understood. This type of categorization of 
knowledge is operationalized in everything from marketing and sales to human 
resources, finance, operations, and customer service. 

But these systems have been designed based on a von Neumann architectural 
approach in which the logic and processes are designed in a linear fashion. Each 
business area is self‐contained. Accounting does not interact with data from 
manufacturing except at a transactional level. Although this siloed approach 
provides the business with high‐quality business intelligence, it can be difficult 
for business leaders to look at the relationships of this data and see patterns 
across parts of the company. One significant challenge to this approach is that 
conflicting data definitions across functional units often contribute to a lack of 
trust in the data and inconsistencies in business knowledge. In addition, this 
traditional approach to building business knowledge has many other limitations 
in today’s dynamic and fast‐paced global markets. For example, knowledge 
about the business tends to be historically based and internally focused. Today, 
companies are increasingly recognizing the need to integrate external and more 
dynamic sources of information about customer preferences and changing 
expectations into the traditional business knowledge base. 

The previous discussion is based on the premise that the business problems 
that existing systems were designed to address are well understood and well 
defined. In many situations, traditional systems were designed based on the 
way the business operated in the past. Therefore, as the business changed, these 
systems could not easily be changed or be adapted to new innovative business 
processes. 

 

Meshing Data Together Differently 

Traditionally, the systems of record we have been discussing have been designed 
primarily to support highly structured data. However, the new data environ- 
ment includes data from unstructured sources that were never considered 
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to be part of a company’s systems of record. These new dynamic and varied 
sources of information include unstructured data and streaming data, such as 
call center notes, social media data, news or stock market data feeds, log files, 
and spatial data from sensors. These newer sources of data add new dimen- 
sions, insights, and answers to some challenging questions. There are connec- 
tions between structured and unstructured data that were often understood 
but could never be used. For example, executives knew that customer support 
systems contained extensive notes about the problems and future requirements 
of customers. However, no one had the time to manually search through these 
systems to see if there were any correlation between specific customer issues 
and a drop in the sale of a specific item in a retail store. Likewise, companies 
typically would save terabytes of log data coming from sensors on machines. 
Although they might save that data for years, it remained dark. It was simply 
too big to analyze. 

The need—and ability—to gain business value from expanded varieties 
and larger volumes of data add a lot of complexity to the definition of business 
knowledge. The structured information that represents the traditional knowl- 
edge base about the operations of the business is most frequently stored and 
managed in a relational database management system (RDBMS). The siloed 
approach to maintaining business knowledge means that a company may man- 
age its data in many different RDBMSs. For example, transaction data may be 
stored in one database, while customer information could be stored in another. 
Because the newer types of data that add to business knowledge are more 
likely to be unstructured, these data types need to be managed in a range of 
different types of data stores such as a Hadoop Distributed File System (HDFS), 
graph databases, or spatial databases. These platforms provide the ability to 
add structure to data and provide a distributed technique for analyzing that 
data in context. Companies are including these new data management capa- 
bilities so that they can analyze patterns in all different types of structured 
and unstructured data. These new sources and varieties of data can improve 
everything from monitoring manufacturing processes to the detection of dis- 
eases. Businesses can improve business planning and execution and predict 
outcomes. In the insurance industry, for example, executives are using Big Data 
to figure out what product offerings are the best for a certain customer with 
the least amount of risk. 

Companies want to add new types of data to the business knowledge 
base so that this knowledge can be leveraged and exploited in various situ- 
ations. Advances in cognitive computing are helping businesses to analyze 
more business‐relevant information and to plan more accurately. Although 
knowledge about past business performance remains critical, it is no longer 
an adequate or acceptable way for a business to remain competitive in the 
future. Companies want to anticipate the actions their customers might 
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take. They want to predict and thereby prevent infrastructure failures before 
they happen. Overall, companies want to find ways to derive business 
outcomes from analyzing large volumes and diverse types of data that are 
coming from many different sources. Businesses need to learn from data  of 
all types and use that knowledge to optimize both the operational and 
customer experience. 

Cognitive computing can help companies to redefine business knowledge 
for their organization. With a cognitive system, companies can move beyond 
analyzing existing information to making inferences and predictions about 
the future that will improve with experience. For example, a hospital could use 
a cognitive system to help reduce re-admissions after patients are released. It 
is much safer and better for patients’ recovery to anticipate if they might be at 
high risk for readmission and take corrective action to keep those patients out 
of the hospital. There are a number of factors that could place certain patients 
at higher risk for re-admission than other patients. Factors ranging from 
smoking, drug abuse, lack of support at home, or hospital or physician error 
could have an impact on patients’ propensity for readmission. Some of these 
factors might be known to the physician and recorded in traditional patient 
records, whereas others may not. In many hospital settings, obvious risk 
factors are overlooked or are simply unknown. A cognitive system could be 
designed to analyze past cases and search for patterns of risk factors based on 
reasons for hospitalization and key patient medical and socio‐economic 
factors. The data would include both structured and unstructured information. 
At the time of discharge, a patient’s record can be compared to the database to 
determine if he is rated high for re‐admission risk. If this is the case, the 
hospital can implement preventive measures that keep the patient from need- 
ing re‐admission. Because this is a cognitive system, it is designed to learn 
and get smarter with each patient case. Aggregated case files may create new 
value for sharable knowledge. Although the model of risk factors was initially 
based on historical data, it will be automatically updated and reconfigured 
each time the system is used. 

 

Using Business Knowledge to Plan 
for the Future 

As technology advances the relationships between sources of knowledge, 
we can begin to understand the insights that had previously been inacces- 
sible. Shaping outcomes is the heart of the change offered by a cognitive 
approach to computing. It is useful to evaluate the four stages of maturity in 
analytics capabilities to understand where we have come from and where we 
are going. 
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THE FOUR STAGES OF MATURITY IN ANALYTICS 

While businesses are discovering the need for advanced analytics to be able to man- 

age change, organizations do not necessarily all have the ability to leverage data in 

the same ways. Over time, as analysts gain more expertise they will be able to gain 

new levels of sophistication. Therefore, we have offered four stages of maturity that 

companies go through in gaining insights from their data. 

Stage 1: Collecting, cleansing, integrating, and reporting on data. During 

this stage you can use this data to query and analyze current and past business 

performance. Before you can make sense of data, it is critical to understand 

what problem your company is trying to solve. What do you want to do with 

this data and why? When the organization understands the business goals, it 

is the right time to put a strategy in place. This stage is important in creating  

a baseline of consistent and trusted knowledge about the business. You can’t 

begin to accurately predict where your company is headed if you don’t have a 

clear understanding of where you have been. Data cleansing and data integration 

ensure that senior executives understand that reports from business units such as 

sales, operations, and finance are accurate. Any predictions of future performance 

based on current and historical information make the implicit assumption that 

business operations are stable. This approach assumes a Bayesian approach that 

begins with a hypothesis and then uses a statistical analysis to reach conclusions. 

Therefore, the rate of change is considered only for the rate of growth or decline in 

the overall market. 

Stage 2: Trend analysis for forecasting. This stage uses basic modeling 

capabilities to make business forecasts based on an analysis of historical trends. For 

example, a clothing buyer for a retail chain looks at past sales across the company’s 

stores and forecasts next year’s sales by store prior to placing a new order. The 

model is likely to account for various factors that differ across each of the stores 

such as climate, store location, and demographic characteristics of shoppers. The 

buyer may apply what‐if analysis to adjust the sales forecast based on changes in 

selected variables. For example, what if next season has 5 or 10 additional heavy 

snowfall days? The forecast can be adjusted downward to account for less traffic 

in the store due to snowstorms. Although creating a forecast for the future based 

on past performance is a good place to start, these models were not designed to 

capture and account for change as it is happening. For example, the buyer in this 

example may end up with a lot of unsold merchandise after overlooking rapid 

changes in fashion trends among a certain demographic. The outcome from these 

systems tended to be based on the ability to codify current knowledge and report 

from those findings. In essence, the results of leveraging these systems were not 

predictive in nature. Rather, the results are based on a structured and well‐defined 

set of problems. 

Stage 3: Predictive analytics. This stage is defined by the use of statistical or 

data‐mining solutions that consist of algorithms and techniques that can be applied 

to both structured and unstructured data. Multiple sources of both structured and 

unstructured data types can be used individually or together to build comprehensive 

models. Some of the statistical techniques used in this phase include decision tree 
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analysis, linear and logistic regression analysis, data mining, social network analysis, 

and time series analysis. A key factor in predictive analytics capabilities is having 

the ability to incorporate predictive models with business rules into the operational 

decision‐making process. This makes the modeling process more actionable and helps 

businesses to improve outcomes. 

The focus of predictive analytics is on anticipating trends before they happen 

so that you can act to minimize risk for the business. Although predictive analytics 

has been used for many years by statisticians in certain industries, advances in 

software tools combined with increasing compute power has made this technology 

more accessible and more widely used by business users. Predictive analytics 

models are designed to analyze the relationships among different variables to  

make predictions about the likelihood that events will take place. For example, an 

insurance company may build a model that analyzes the components of fraudulent 

claims and use this model to flag new claims that have a high probability of being 

fraudulent. Another common use case for predictive modeling is to help call 

center agents understand the next best action to take when they are interacting 

with customers. Based on the individual customer’s profile, specific product 

recommendations can be made at the point of interaction between the agents 

and customer. 

Stage 4: Prescriptive and cognitive. Prescriptive and cognitive approaches take 

predictive analytics to the next level by applying machine learning algorithms, 

visualization, and natural language processing. Companies want their models to look 

beyond their internal assumptions about customers and products so that they are 

better prepared to respond to changing market dynamics. 

If models are designed to continuously learn based on each new interaction, the 

accuracy will improve. For example, a mobile service provider uses analytical models 

to help customer service agents reduce the level of customer churn. These models 

analyze information about a particular customer and predict what action the company 

needs to take to retain this customer. The company’s predictive models were updated 

infrequently and lacking in accuracy and sensitivity to competitive changes in the 

market. The company significantly improved its customer retention rate by designing 

a new model that is more prescriptive. The model is designed to be self‐learning 

by feeding each new interaction back into the model, capturing changing market 

conditions. In addition, the model incorporates social analytics to understand the 

customer’s interactions with and influence on others. These changes improved the 

model’s capability to help drive accurate decision making regarding what the next 

best action should be to support the customer. 

Models that are designed to adapt and change are beginning to be used by 

companies to predict when a machine is likely to fail so that corrective action 

can be taken before a catastrophic event occurs. For example, patterns identified 

in streams of machine data coming from sensors in a train can be used to build 

models that will anticipate equipment failure before it happens. By using 

adaptive learning, the model’s accuracy can be continuously improved to provide 

a real‐time warning of equipment failure in time for the company to 

take corrective action. 
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Answering Business Questions in New Ways 

Cognitive computing can also be thought of as a set of enabling technologies that 
can be applied to a variety of business problems. Many vendors are providing 
Application Programming Interfaces (APIs) that can add cognitive capability to 
a variety of initiatives. For example, one emerging vendor called Expect Labs is 
adding the ability to take conversations and discussions and discover the key 
concepts and actions buried in spoken language. This same type of approach 
can be used to discover patterns of similarities across hundreds of pictures of 
faces to find a particular person. 

This type of discovery of meanings inside data will have a dramatic impact 
on how business is conducted. We are already seeing what happens when busi- 
nesses can analyze the content of social media conversations. A company can 
interact with customers on sites such as Twitter or Facebook to intervene when 
a customer is unhappy. If a business can fix a problem before the customer gets 
angry, the company can turn a bad situation into a positive engagement. 

In addition to discovering patterns, companies need to be able to impart 
knowledge to employees with limited expertise. A sophisticated practitioner 
can use a cognitive computing system to input best practices that can be used 
by less knowledgeable professionals. This sets the foundation so that the new 
doctor or engineer can gain a faster understanding of most up to date processes. 
These systems are fed newer data overtime so that the depth of knowledge is 
expanded and refined. The promise of knowledge management was always dif- 
ficult to achieve because it assumed that it would be possible to actively capture 
what experts knew. In contrast, by using a cognitive approach, a system can 
ingest written information that can be vetted by experts. In addition, this same 
system can be trained as new information and new best practices emerge. This 
new dynamic knowledge source can become a competitive differentiator for a 
business. Imagine, employees with only a few weeks of experience can have 
immediate access to the right answers at the time of engagement with customers. 

 

Building Business Specific Solutions 

In addition to the availability of APIs and cognitive services, an emerging set of 
applications is being developed. In Chapters 11, 12, and 13 you will find details 
about how cognitive computing applications are being designed to address 
data driven solutions in various industries. All of these solutions, whether we 
are looking at healthcare, metropolitan areas, or security and commerce, have 
common characteristics. The commonalities include: 

■ A huge amount of data in many different forms 

■ Industry-specific data (typically unstructured) that is constantly expanding 



  Chapter 8 ■ The Business Implications of Cognitive Computing

 135 

 

 

■ A need to correlate a variety of data sources to determine context, pat- 
terns, and anomalies 

■ The requirement to find a way to match the data with deep expertise 

■ The need to analyze large amounts of data to support decision making, 
such as next best action 

■ The ability to have the systems learn and change as business conditions 
change 

Cognitive systems are changing the way people interact with computing 
systems to help them find new ways of exploring and answering questions 
about the business. These systems will learn and interact to provide expert 
assistance to scientists, engineers, lawyers, and other professionals in a fraction 
of the time it now takes. 

 

Making Cognitive Computing a Reality 

What makes a cognitive computing approach different is that these systems 
are built to change. The system continues to change based on the ingestion of 
more data and the capability to identify patterns and linkages between ele- 
ments. Therefore, companies can look for associations and links between data 
elements that they might not even know existed beforehand. 

The results of creating these types of solutions can be profound. They enable 
a new level of engagement in which the business leader can have an intui- 
tive interface between the system and the huge volume of data managed in 
the corpus. Even more important is that these systems are not static. As new 
data is added, the system learns and determines new ways of understanding 
situations. For example, new associations may suddenly appear that were not 
visible or present in the past. Perhaps there is an association between some- 
one who buys books and takes a certain type of vacation. Perhaps there is a 
relationship between two drugs that can cause a never‐before‐seen interac- 
tion. There may be a new method of treating a serious condition based on a 
series of new research findings that were published only in the past month in 
an obscure journal. 

The underlying value of a cognitive approach to interacting with technology 
is that it has the potential to change the way individuals in organizations think 
about information. How do we ask systems what the data we are seeing means? 
How can we interact with a system to provide insight when we don’t know what 
direction to take or what question to ask? 

It is becoming clear that we have scratched only the surface of the power of 
information managed in new ways to discover new ways to act and transform 
organizations. 
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How a Cognitive Application Can Change a Market 

When industries are in transition with new competitive threats, it is impossible 
to simply build an application. Traditional applications are intended to automate 
processes and manage data. When a business is trying to transform a traditional 
industry such as travel or customer care, innovators need sophisticated tech- 
nologies that allow leaders to discover new techniques and new knowledge. 
A travel company that can discover what customers want will have a differen- 
tiation. What if a travel company can know what the customer will buy even 
when the customer has no idea? What if a customer service representative can 
anticipate that the customer’s problem is related to a partner’s product within 
minutes rather than hours? 

The new generation of solutions will look beyond codified practices and find 
the answers that are not obvious. Disrupters in every industry throughout the 
centuries have done precisely this—they have taken traditional approaches to 
solving problems and turned them upside down. 

 

Summary 

Cognitive computing is an emerging area that has the potential to change the way 
humans interact with machines. Creating a corpus of information that collects 
massive amounts of structured and unstructured information is game chang- 
ing. Cognitive computing is not designed to be a back‐office function such as 
existing systems of record that keep track of past transactions and interactions. 
Rather, cognitive computing is intended to provide businesses with solutions 
that help them move beyond silos of data to expand how they understand the 
world. In the coming decade, cognitive computing will transform the machine 
to a human interface and accelerate how we act to solve problems and facilitate 
change. Although systems of record and engagement won’t disappear, cognitive 
discovery, support, and training systems will enable new and improved ways 
to understand and serve customers, and raise the performance levels of experts 
in virtually every knowledge‐based industry. 
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One of the best ways to understand the potential for cognitive computing is to take 
a look at one of the early implementations of a cognitive system. IBM developed 
Watson as one of its new foundational offerings intended to help customers build 
a different type of system based on the ingestion of new content. IBM’s design 
focus for Watson was to create solutions based on aggregating data leveraging 
techniques ranging from machine learning to Natural Language Processing 
(NLP) and advanced analytics. Watson solutions include a set of foundational 
services combined with industry‐focused best practices and data. The accuracy 
of results from a cognitive system continuously improves through an iterative 
training process that combines the knowledge of subject matter experts with a 
corpus of domain specific data. One of the important capabilities that allows for 
this machine/human interaction is the ability to leverage NLP to understand 
the context of a combination of a variety of unstructured and structured data 
sources. In addition, a cognitive system is not constrained to applications that 
are deterministic in nature, but can manage probabilistic systems that change 
and evolve as they are used. 

 

Watson Defined 

Watson is a cognitive system that combines capabilities in NLP, analytics, and 
machine learning techniques. Watson gains insights and gets smarter with each 
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user interaction and each time that new information is ingested. By combining 
NLP, dynamic learning, and hypothesis generation and evaluation, Watson is 
intended to help professionals create hypotheses from data, accelerate findings, 
and determine the availability of supporting evidence to solve problems. IBM 
views Watson as a way to improve business outcomes by enabling humans to 
interact with machines in a natural way. 

Individuals have become accustomed to leveraging sophisticated search engines 
or database query systems to discover information to support decision making. 
Watson, which also facilitates data‐driven search, takes a different approach 
that is discussed in detail in this chapter. In essence, Watson leverages machine 
learning, DeepQA, and advanced analytics. IBM Watson’s DeepQA architecture, 
as illustrated in Figure 9-1, is described in this chapter. 

 
 

Figure 9-1: IBM Watson DeepQA Architecture 

Courtesy of International Business Machines Corporation, © International Business Machines Corporation. 

 

How Watson Is Different from Other Search Engines 

One way to understand this unique process is to consider how Watson, as a 
cognitive computing system, differs from search engines. With a search engine, 
you enter key words and get results on a topic based on an appropriate rank- 
ing. You might also ask a specific question and receive ranked results; however, 
you will not be able to create a dialogue to continue to refine the results. A 
typical search engine uses algorithms to rank results based on relevance to the 
keywords. Secondary rankings may deliver results based on factors such as 
price or consumer reviews. At this point, humans interact with the list of 
results and assess which answers or links best fit the question being asked. 
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With Watson, the individual gets a directed result—either an answer to the 
question or a follow‐up question to help clarify the user’s intent. Therefore, 
the machine is intended to act more like a human expert. For example, the user 
might ask Watson, “What is the best retirement program for me?” or “What is 
the best way to lose weight?” If Watson has enough data and enough contex- 
tual knowledge related to the subject, the system can understand the language 
behind the question. This deep level of understanding is driven through the 
use of statistical analysis and algorithms for developing predictive models. 
Watson does not simply look for keywords as a search engine would. In addition, 
Watson, leveraging NLP techniques, has the capability to break a question into 
subcomponents and evaluate each component for possible answers and solu- 
tions. This capability of receiving meaningful, accurate, and timely answers to 
a direct question is the fundamental difference between most search engines 
and the question‐answering process of cognitive systems. 

 

Advancing Research with a “Grand Challenge” 

Computer scientists have often used games as a way to advance their research 
agenda and publicly demonstrate innovative computer technology. In keeping 
with this tradition, IBM has a long history of incorporating games into “grand 
challenges” for its research teams. Two of IBM’s highly publicized “grand chal- 
lenges” involved the game of checkers in the 1950s and the game of chess in the 
late 1990s. One of the early pioneers of Artificial Intelligence (AI) programmed 
an IBM 701 computer to play checkers, and beat one of the top U.S. checkers 
champions. At the time, this feat was a stunning example of the capabilities of 
computers. More than 30 years later, IBM’s Deep Blue computer was the first to 
beat a world chess champion. The purpose of a “grand challenge” is to take a 
theoretical concept and prove it can be done. 

IBM’s success with its chess grand challenge was based on computers beat- 
ing humans in the world of mathematics. Researchers at IBM thought that the 
next challenge should explore and advance the capabilities of computers in 
human natural language and knowledge. In 2006, IBM outlined a grand 
challenge that could help transform the way businesses make decisions. One 
of IBM’s researchers suggested that the company build a computer that could 
compete with human champions and win at Jeopardy! The initial focus was to 
determine if a system could compete against humans by answering questions 
across a diverse range of topical areas. The biggest issue that IBM researchers 
faced in succeeding with the grand challenge was establishing the right balance 
between speed of processing and accuracy of results. Although the goal of the 
grand challenge was to beat humans at the game of Jeopardy! IBM hoped to be 
able to use the Jeopardy! challenge as a way to begin investigating the potential 
to create a cognitive systems that could support complex industries. 
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Preparing Watson for Jeopardy! 

IBM brought together an internal team of expert scientists and researchers 
in fields ranging from machine learning to mathematics, High Performance 
Computing (HPC), NLP, and knowledge representation to translate the grand 
challenge into a platform. In order to win at Jeopardy!, the team would need to 
build a system that could answer questions asked in human language faster 
and more accurately than the top ranked human competitors. IBM determined 
that Watson would need to answer approximately 70 percent of questions and 
get the right answer more than 80 percent of the time. Further, this level of 
accuracy would need to be accomplished in 3 seconds or less for each question. 

To accomplish these goals, Watson was designed as a Question‐Answering 
system that uses continuously acquired knowledge to determine answers to 
questions and confidence scores associated with those questions. Watson under- 
stands the context of a sentence by deconstructing each element of the sentence, 
comparing those elements against previously ingested information, and making 
inferences as to meaning. 

The complexity of the Jeopardy! challenge was based on the diversity of ques- 
tion types and the broad base of subject areas included in the game. In addition, 
there is always one right answer or response to a question in Jeopardy! You can’t 
respond to a question with a request for additional information. Contestants 
need to discern the question based on a set of clues. Clues could be technical 
information or they could be puns, puzzles, or cultural references. To solve the 
clue at fast enough speeds to win the game, Watson needed to understand many 
aspects of language that humans understand instinctively. Humans have a natural 
ability to understand inference, context, and constraints of time and space. 

To ensure that responses are highly accurate, Watson simultaneously gener- 
ates many hypotheses (potential answers) in a parallel computing environment. 
These hypotheses need to be generated in a way that casts a broad enough net 
so that the right answer is among the selections, but not so broad that large 
numbers of incorrect hypotheses interfere with the overall efficiency of the 
process. Sophisticated algorithms rank and determine a confidence level for 
each hypothesis. Advances in natural language processing technologies helped 
to make this approach a reality. IBM built an architecture that would support 
the use of machine learning to do extensive experimentation to continuously 
advance Watson’s cognitive capabilities. 

The need for computational speed led IBM to use extremely fast and powerful 
hardware. On the night of the televised Jeopardy! competition, Watson included 
a combination of servers, storage, memory, and networking equipment that 
placed it in a supercomputer class. Watson included 90 IBM Power 750 servers, 
each with four processors for a maximum of 32 logical cores per processor. This 
means that there was a total of 2,880 IBM Power7 Processor Cores. It was the 
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power of the 2,880 cores that allowed Watson to meet the 3‐second requirement 
for delivering an answer to a question. In addition, Watson was designed to 
store its entire knowledge base in random access memory (RAM) instead of on 
disk to further speed up processing speeds and deliver fast results. Extremely 
fast networking technology was included to help move a lot of data between 
compute nodes at fast speeds. 

 

Preparing Watson for Commercial Applications 

The question‐answering process for the game of Jeopardy! is different than what 
you would typically expect in commercial applications. Instead of providing 
one right answer to a question in Jeopardy!, commercial applications require 
more complex, multidimensional answers. Commercial applications built for 
industries such as healthcare and finance need to support an ongoing dialogue 
between humans and machines that would help to drill down to the most 
meaningful set of responses. In addition, Watson would be expected to ask for 
more information when needed to help the business users get the most useful 
and accurate response. 

The difference between a typical Jeopardy! question and a sample question for 
a commercial healthcare application is illustrated in Table 9-1. The question from 
Jeopardy! includes a subject domain and a statement about an entity or concept. 
The entity or concept is not identified in the statement. The subject domain in 
this question is “delicacies” and the unidentified entity is “pig.” In commercial 
applications for Watson, such as the Watson Discovery Advisor, it is unlikely 
that there will be just one correct answer. For example, the question shown  in 
the following table asks for a treatment plan for a patient. The intention is for 
the physician to engage in a collaborative dialogue with Watson. 

 
table 9-1: Answering a Jeopardy!  Question Compared to Answering a Watson Discovery Advisor 

Question 

 
Question: DELICACIES: Star chef Mario 
Batali lays on the lardo, which comes 
from the back of this animal’s neck. 

 
Answer: The answer to the question is 
“pig.” 

Question: An oncologist is reviewing treatment 
options with a cancer patient and asks Watson, 
“What is the recommended treatment for 
patient X?” 

Answer: The answer to the question is 
multifaceted and is provided as an ongoing 
dialogue with the oncologist. The answer may 
include recommendations for additional tests 
and provide options for various treatments. 
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Advanced machine learning techniques are used to train Watson to pro- 
vide correct answers to many types of questions, including those illustrated in 
Table 9-1. Watson arrives at the answer by considering many possible responses 
to the question based on its body of knowledge (corpus). In addition, Watson 
looks at the context of the question from many different approaches and con- 
siders different interpretations and definitions for words and phrases. Each of 
the possible answers is given a confidence value by Watson. Watson provided 
the single answer “pig” to the sample Jeopardy! question because this was the 
answer with the highest confidence level. In comparison, Watson may provide 
several alternative answers to the question about treatment options and show 
the confidence level for each answer. 

IBM is applying many of the technology advancements that helped Watson 
win at Jeopardy! to its commercial applications of cognitive systems. These sys- 
tems use evidenced‐based learning to enable organizations to train systems to 
get smarter with each new interaction. Training is an important aspect of 
implementing a Watson system in a commercial environment. The training 
data includes question and answer pairs on how things are said in that specific 
industry. Watson can also be trained for a new industry by ingesting resources 
such as an ontology. For example, in a Watson application for a hospital, the 
training might include ingesting a deep ontology or coding system specific to 
medical diagnostic testing or treatments for specific diseases. Ontologies provide 
a mechanism for determining context by clarifying and defining terminology 
and creating accurate mappings between resources from different systems. In 
addition, standards‐based guidelines on how to treat specific diseases would be 
included. Additional training may be based on the clinical expertise of highly 
knowledgeable and experienced clinicians. Companies can use these cognitive 
systems to answer new types of questions, make more accurate predictions, and 
optimize business outcomes. 

 

Watson’s Software Architecture 

The design structure of Watson includes software architecture for building 
Question‐Answering systems and a methodology to research, develop, and 
integrate algorithmic techniques into the system. Although speed and power 
are critical elements for Watson, the design team initially focused on achieving 
accuracy and confidence. Without these characteristics, the speed would be 
meaningless. Therefore, a key design element includes algorithms for assess- 
ing and increasing accuracy. The Natural Language Processing technologies 
incorporated into the Watson architecture—known as DeepQA—include the 
following: 

■ Question parsing and classification 

■ Question decomposition 
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■ Automatic source acquisition and evaluation 

■ Entity and relation detection 

■ Logical form generation 

■ Knowledge representation and reasoning 
 

The DeepQA software architecture is built according to Unstructured 
Information Management Architecture (UIMA) standards. UIMA was initially 
created by IBM and then open‐sourced to the Apache Software Foundation.  It 
was chosen as the framework for the hundreds of analytic components in 
DeepQA because of its capability to support the extreme speed, scalability, and 
accuracy required across a large number of distributed machines. Through 
experimentation, IBM improved the accuracy of the DeepQA algorithms and, 
consequently, confidence in Watson’s results. The following were DeepQA’s 
core design principles: 

 

■ Massive Parallelism—A large number of computer processes work in 
parallel to optimize processing speed and overall performance. Using 
this technique enables Watson to analyze vast sources of information and 
evaluate different interpretations and hypotheses at extremely fast speeds. 

■ Integration of probabilistic question and content analytics—Algorithms 
and models are developed using machine learning to provide correct 
answers that assume deep levels of expertise across multiple domains. 
The corpus provides a base of knowledge and the analytics estimate, and 
understands the relationships and patterns in the information. 

■ Confidence estimation—The architecture is designed in such a way that 
there are multiple interpretations to a question. There is never a commit- 
ment to a single answer. The approach of continually scoring different 
answers with a confidence level is key to Watson’s accuracy. The technology 
analyzes and combines scores of different interpretations to understand 
which interpretation is most relevant. 

■ Integration of shallow and deep knowledge—Shallow knowledge is 
procedural in nature and does not support the ability to make connec- 
tions between different elements of a particular subject area. You can 
use shallow knowledge to get the answer to certain types of questions, 
but there are many limitations. To go deeper than a literal or superficial 
understanding of question and response, you need to make associations 
and inferences. To achieve this level of sophistication, you need deep 
knowledge, which is about understanding the central foundational 
concepts of a particular subject area—such as investment banking or 
medical oncology. With deep knowledge you can make complex con- 
nections and associations to those central concepts. 
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The methodology for the development and integration of core algorithmic 
techniques is called AdaptWatson. The methodology creates core algorithms, 
measures the results, and then comes up with new ideas. AdaptWatson quickly 
manages the research, development, integration, and evaluation of the core algo- 
rithmic components. The algorithmic components have many roles including: 

■ Understanding questions 

■ Creating the confidence level of the answer 

■ Evaluating and ranking the results 

■ Analyzing natural language 

■ Identifying sources 

■ Finding and generating hypotheses 

■ Scoring evidence and answers 

■ Merging and ranking hypotheses 

To determine relationships and inferences, Watson uses machine learning 
and linear regression to rank data based on relevance. 

 
The Components of DeepQA Architecture 

The essential components of the Watson DeepQA architecture include a pipe- 
line process flow that begins with a question and concludes with an answer 
and confidence level (refer to Figure 9-1). The various answer sources come up 
with alternative responses, and then each response is evaluated and ranked as 
to its likelihood of being a correct response. There is an iterative process that 
needs to take place in seconds but will allow for evidence to be collected and 
analyzed before the best answer is determined. The components in DeepQA are 
implemented as UIMA annotators. These annotators are software components 
that analyze text to create assertions (or annotations) about that text. At each 
stage, there is a role for an UIMA annotator to help move the process forward. 
Watson has hundreds of UIMA annotators. The different types of capabilities 
that need to take place within the pipeline are as follows: 

■ Question analysis—Each question is parsed to extract major features and 
begin the process of understanding what is asked by the question. This 
analysis determines how the question will be processed by the system. 

■ Primary search—Content is retrieved from the evidence and answer sources. 

■ Candidate answer generation—Various hypotheses (candidate answers) 
are extracted from the content. Each potential answer is considered as a 
candidate for the correct answer. NLP interprets and analyzes the text 
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search results. Answer and evidence sources are examined to provide 
insight into how to answer the question. Hypotheses or candidate answers 
are generated by this analysis. Each hypothesis is considered and reviewed 
independently. 

■ Shallow answer scoring—The various candidates for the answer are 
scored across many dimensions such as geospatial similarity. 

■ Soft filtering—After each candidate answer is scored, the soft filtering 
process scores and selects approximately the top 20 percent of the scored 
candidates for additional analysis. 

■ Supporting evidence search—Additional evidence is researched and 
applied to the analysis of the top candidates. NLP analysis is performed 
on the additional supporting evidence. Various hypotheses are tested. 

■ Deep Evidence Scoring—Each piece of evidence is evaluated, using 
multiple algorithms, to determine to what degree the evidence supports 
that the candidate answer is correct. 

■ Final merging and ranking—All the evidence for each candidate answer 
is combined. Ranks are assigned and confidence scores are computed. 

The process flow highlighted depends on the answer and evidence sources 
as well as the models (refer to Figure 9-1). The major components of this archi- 
tecture are listed next and will be described in more detail in the remainder of 
this chapter: 

■ Building the Watson corpus 

■ Question analysis 

■ Hypotheses generation 

■ Scoring and confidence estimation 

 
Building the Watson Corpus: Answer and Evidence Sources 

The Watson corpus provides the base of knowledge used by the system to 
answer questions and provide responses to queries. The corpus needs to provide 
a broad base of information as reference sources without adding unnecessary 
information that might slow down performance. IBM looked at the domain of 
questions that could be included in Jeopardy! and the data sources that would 
be needed to answer those questions. The hardware was scaled up to provide 
the computational power required to answer approximately 70 percent of the 
questions and get the right answer approximately 80 percent of the time. The 
corpus was developed to provide access to vast amounts of information on a broad 
range of topics. As Watson was leveraged to meet requirements of commercial 
applications in areas such as healthcare and financial services, the corpus and 
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ontologies would also need to be developed to provide more domain‐specific 
information. Therefore, IBM developed an approach that would construct the 
Watson corpus with relevant sources of the right size and breadth to deliver 
accurate and fast responses. This approach includes three phases: 

■ Source acquisition—Identify the right set of resources for the specific task. 

■ Source transformation—Optimize the format of the textual information 
for efficient search. 

■ Source expansion and updates—Expansion algorithms are used to deter- 
mine which additional information would do the best job of filling in 
gaps and adding nuance to the information sources in the Watson corpus. 

Next, each of the three phases is described in more detail. 

 
Source Acquisition 

The appropriate sources for building the Watson corpus will vary based on 
how Watson will be used. One of the first steps is to analyze the subject matter 
requirements to understand the types of questions that will be asked. Given the 
broad domain of knowledge required for Jeopardy!, the sources for Watson include 
a diverse collection of texts including encyclopedias, Wikipedia, dictionaries, 
historical documents, textbooks, news articles, music databases, and literature. 
Information sources may also include subject‐specific databases, ontologies, 
and taxonomies. The goal is to collect a rich base of knowledge across multiple 
domains including science, history, literature, culture, politics, and govern- 
ments. Building the Watson corpus for commercial applications in areas such 
as healthcare or finance is different than for Jeopardy! For example, building 
the oncology reference corpus requires ingesting vast amounts of information 
sources on relevant scientific research, medical textbooks, and journal articles. 

The majority of the information sources are unstructured documents in various 
formats such as XML, PDF, DOCX, or any markup language. These documents 
need to be ingested into Watson. The system is designed to create indexes for the 
documents and store them in a distributed filesystem. The Watson instance has 
access to that shared filesystem. The Watson corpus provides both the answer 
sources and evidence sources. Answer sources provide the primary search and 
candidate answer generation (selection of possible answers). Evidence sources 
provide answer scoring, evidence retrieval, and deep evidence scoring. 

 
Source Transformation 

Textual information sources come in a variety of formats. For example, docu- 
ments from an encyclopedia are typically title-oriented, meaning that the titles 
for the documents identify the subject covered in the piece. Other documents 
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such as news articles are likely to include a title that indicates a point of view 
(identified as nontitle‐oriented or opinion‐labeled) and may not be a clear 
indication of the subject matter in the piece. Search algorithms typically do a 
better job of locating the information in title‐oriented documents. Therefore, 
some nontitle-oriented articles are transformed to help improve the likeli- 
hood that the relationship between the content and potential answers can be 
easily identified. 

 
Source Expansion and Updates 

How do you decide on the right amount of content for the Watson corpus? 
There needs to be enough information so that Watson can identify patterns 
and make associations between various elements of information. IBM deter- 
mined that many of the primary information sources such as encyclopedias 
and dictionaries provided a good base of knowledge but left many gaps. To fill 
these gaps, the Watson team developed algorithms that would search the web 
for additional information with the right context to amplify information in the 
base or seed documents. These algorithms are designed to score each element 
of new information relative to the original seed document and include only the 
new information that appears most relevant. 

The Watson corpus also needs to be continuously fine‐tuned and updated 
to ensure accuracy of results. For example, there are approximately 5,000 new 
articles each week on cancer. Therefore, the Watson corpus for an oncology 
application needs to be updated constantly with new and relevant informa- 
tion, or it would quickly be out of date. The mechanics of doing incremental 
ingestion are such that large amounts of documents need to be accessed and 
continuously ingested into Watson without bringing down the system. In 
addition, the quality of the ingested information needs to be monitored to 
eliminate the possibility of corrupting the corpus with erroneous information 
that could lead to bad answers. For example, consider the question, “What is 
the best way to lose weight?” There are so many different points of view on 
this subject. Do you reduce carbohydrates, eliminate sugar, reduce fats, or 
increase exercise? Is the most recent journal article given more importance, or 
is the quality and value of the information based on other rating factors such 
as author expertise? 

The process of fine‐tuning the corpus to win at a game where there is 
always a right answer required continuous evaluation to assess Watson’s 
accuracy in relationship to the requirement for extreme speed. IBM used 
algorithms to test and refine the new resources that should be added to the 
corpus to increase Watson’s accuracy without increasing latency. Technology 
developed by IBM to increase Watson’s speed and accuracy has been used in 
its commercial applications such as Watson Engagement Advisor and Watson 
Discovery Advisor. 
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Question Analysis 

Question Analysis ensures that Watson learns what question is asked and 
determines how the question is processed by the system. The foundation of the 
Question Analysis process is based on NLP technology, with a focus on parsing, 
semantic analysis, and question classification. All these techniques are brought 
together to enable Watson to understand the type and nature of the questions 
and to detect relationships between entities in the questions. For example, 
Watson needs to recognize nouns, pronouns, verbs, and other elements of the 
sentence to understand what the answer should look like. One reason why the 
Jeopardy! challenge helped to advance IBM’s research in NLP is that the domain 
knowledge required to excel at the game is so diverse. In addition, Jeopardy! 
requires an understanding of many different types of questions, including the 
capability to recognize humor, puns, and metaphors. IBM worked for many 
years to refine the algorithms used in Watson’s Question Analysis. 

Question Analysis requires advanced parsing of the questions from both   a 
syntactic and semantic perspective to extract a logical form. In connection with 
the parsing, syntactic roles are identified and labeled using algorithms that 
identify subject, object, and other components of the sentence. In addition, 
semantic parsing can identify the meaning of phrases and the overall question. 
The results of the parsing helps Watson to learn what information to search for 
in the corpus. This is where the associations and pattern matching capabilities 
become important. Questions are analyzed by identifying the patterns based 
on the data structures from parsing and semantic analysis. Patterns of words 
in the text can predict other aspects of the meaning of the content. You need a 
large enough database of the different types of questions to identify the patterns 
and recognize the similarities across different logical forms. 

Four key elements of the question need to be detected for successful Question 
Analysis: 

■ Focus—The focus is the part of the question that represents the answer. In 
order to be able to answer correctly, you need to understand the focus of 
the question. Determining the focus depends on recognizing the patterns 
of focus types. For example, one common pattern consists of a noun phrase 
with a determiner “this” or “these.” The following Jeopardy! clue illustrates 
this pattern. “THEATRE: A new play based on this Sir Arthur Conan 
Doyle canine classic opened on the London stage in 2007.” The focus in 
the clue is “this Sir Arthur Conan Doyle canine classic.” The parser needs 
to connect “this” to the headword “classic.” The parser needs to be able 
to tell the difference between a noun‐phrase question and a verb phrase. 

■ LAT (Lexical Answer Type)—Watson uses the LAT to help figure out 
what type of answer is required. For example, is Watson looking for the 
name of a film, city, or person? 
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■ Question Classification—Watson uses Question Classification to deter- 
mine the type of question it needs to answer. For example, is the ques- 
tion fact‐based, or is it a puzzle, or perhaps a pun? Understanding the 
question type is important so that Watson can select the right approach 
for answering the question. 

■ QSection—These are fragments of questions that require a unique approach 
to find the answer. QSection can identify lexical constraints on the answer 
(for example, the answer must be only three words) and to decompose a 
question into multiple subquestions. 

 

Slot Grammar Parser and Components for Semantic Analysis 

Watson uses a series of deep parsing and semantic analysis components to 
provide the linguistic analysis of the questions and reference content. The Slot 
Grammar (SG) parser builds a tree that maps out the logical and grammatical 
structure. There are SGs for many languages including English, French, Spanish, 
and Italian. The parser used in Watson is the English Slot Grammar (ESG). (“IBM 
Research Report: Using Slot Grammar,” Michael C. McCord, 2010.) The parser 
was enhanced for Watson according to the specific requirements of the Jeopardy! 
game. The role of the parser is to break up a sentence into its semantic phrases 
of a sentence. These semantic roles or phrases are called slots. In addition, the 
term slots can also refer to the names for argument positions for predicates that 
represent word senses. Some examples of slots are shown in Table 9-2. 

 

table 9-2: Slots—Naming Syntactic Roles or Phrases 

subj subject 

obj direct object 

iobj indirect object 
 

comp predicate complement 

objprep object of preposition 
 

ndet noun phrase (NP) determiner 

 
To derive the meaning of questions, Watson needs a way to recognize the 

similarities and differences across many different syntactical patterns. It is quite 
common for the same thought or action to be expressed in slightly different 
ways. For example, Figure 9-2 shows two sentences with different syntactic 
components that share the same meaning. Watson uses the SG parser to recog- 
nize the subject, object, indirect object, and other elements of the sentence. In 
sentence (A), Emily fills the subject slot for the verb “gave” and Jason fills the 
indirect object slot. Each slot represents a syntactic role within the sentence. 
In sentence (B), Emily still fills the subject slot for the verb “gave.” However, 
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in this alternative construct of the sentence, “to Jason” fills the indirect object 
slot. In other words, the indirect object slot is filled by either the noun phrase 
“Jason” in sentence A or by the prepositional phrase “to Jason” in sentence 
B. The syntactic component for the SG needs to understand that these two 
alternative syntactic examples both have the same meaning. In addition, the 
SG parse trees need to show both a surface syntactic structure and a deep 
logical structure. Watson then ranks the various parse trees based on a parse 
scoring system and selects the parse with the highest ranking. 

 

obj  
iobj 

 
A: Emily gave Jason a sweater. B: Emily gave a sweater to Jason. 

Figure 9-2: Parsing two sentences using English Slot Grammar 

 

In addition to the ESG, Watson uses several other components for parsing 
and semantic analysis: 

■ The Predicate‐Argument Structure builder is used to simplify the ESG 
tree by mapping small variations in syntax to common forms. It is built 
on top of ESG to support more advanced analytics. 

■ The Named Entity Recognizer (NER) looks for names, quantities, and 
locations and determines which terms in the phrase are proper nouns that 
reference people or organizations. 

■ The co‐reference resolution component connects referring expressions to 
their correct subjects and determines the entities to which pronouns relate. 

■ The relation extraction component looks for semantic relationships in 
the text. This is important if different terms have a similar meaning and 
is helpful in mapping the relationship between nouns or entities in the 
question or clue. 

 
Question Classification 

Question Classification is an important element of the Question Analysis 
process because it helps to identify what type of question is being asked. This 
process was developed to improve Watson’s capability to understand the many 
different types of clues in Jeopardy! You can characterize the clues in Jeopardy! 
by topic, level of difficulty, grammatical construction, answer type, and 
method to solve the clue. Characterizing the clues based on the method 
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used to answer the question offered the greatest success with developing 
Question Classification algorithms. Three of the various methods used to find 
the right answer follow: 

■ Answer based on factual information. 

■ Find the answer by decomposing the clue. 

■ Find the answer by completing a puzzle. 

Identifying the question type will trigger different models and strategies in 
later processing steps. Watson also uses Relation Detection during the Question 
Analysis process to evaluate the relationships in the question. One of Watson’s 
greatest strengths is in the way it analyzes the question in great depth, includ- 
ing recognizing nuances and searching across the corpus for different possible 
answers. (See Table 9-3.) 

 

table 9-3: Answering Different Types of Jeopardy! Clues 

 
You need to 
know the facts. 

 
 
 

 
You need to 
decompose the 
clue. 

 
 
 
 
 
 
 

You need to 
solve a puzzle. 

HEAD NORTH: Two states 
you could be re‐entering 
if you are crossing 
Florida’s northern border. 

Answer: Georgia and 
Alabama 

DIPLOMATIC RELATIONS: 
Of the four countries in 
the world that the United 
States does not have 
diplomatic relations with, 
the one that’s farthest 
North. 

Answer: North Korea 

 

 
BEFORE and AFTER: 13th 
Century Venetian traveler 
who’s a Ralph Lauren 
short sleeve top with a 
collar. 

Answer: Marco Polo 

You answer the question based on factual 
information about one or more entities. 
Understand what is being asked and which 
elements of the clue will help you get the 
answer. 

 
 

One subclue is nested in the outer clue. After 
you replace the subclue with its answer, it 
become easier to answer the outer clue. In 
this example: The inner subclue is "the four 
countries in the world that the United States 
does not have diplomatic relations with." The 
answer to the subclue is Bhutan, Cuba, Iran, 
and North Korea. After replacing the subclue 
with the answer, the new question reads as 
follows: Of Bhutan, Cuba, Iran, and North 
Korea, the one that’s farthest North. 

Two subclues have answers that overlap. 

 

 

 

Why is it important to understand what is asked in the question? Watson 
needs to learn based on patterns and associations in question and answer 
resources. The system does not actually understand concepts that would be 

type oF Clue   exaMple hoW you anSWer the Clue 
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simple for a child to master. For example, a child can learn that two different 
types of barking creatures are both dogs even though one is a dalmatian and 
the other is a golden retriever. Machine learning will help Watson to analyze 
information in many different ways to figure out that the dalmatian and the 
golden retriever are both dogs. Alternatively, you could ingest Watson with 
thousands of Question‐Answer combinations, but without machine learning 
Watson would not be able to answer questions that deviated in any way from the 
original set. Watson needs to learn to answer new types of questions correctly. 

 

Hypothesis Generation 

How does Watson find the right answer to a question? Watson’s key to success 
with the Question Analysis process is based on the large number of candidate 
answers that are considered. Hypothesis Generation (Figure 9-3) can identify 
various hypotheses to answer a question with the expectation that one of them 
will be the right answer. Although the right answer needs to be among the 
candidate answers, you don’t want there to be too much noise in the selection. 
If there are too many wrong answers, it decreases the overall efficiency of the 
Question Analysis process. DeepQA generates the hypotheses using components 
for search and candidate generation. 

 
Primary Search Candidate Generation 

Figure 9-3: Hypothesis Generation in Watson’s DeepQA Architecture 

 

Following are two components: 

■ Search—Content that is relevant to the question is retrieved from Watson’s 
corpus using search tools such as Apache Lucene. IBM developed highly 
effective and time‐efficient search strategies that leverage the relationship 
between the content in documents and the titles of those documents. IBM 
enhanced the native capabilities in the search engines to improve results 
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by extracting syntactic and semantic relations for questions and resource 
sources. 

■ Candidate generation—Hundreds of potential candidate answers to a 
question are identified from the search results. Watson uses the knowledge 
in human‐generated text and metadata, as well as syntactic and lexical 
cues in search results. 

Referring to Figure 9-3, you can see that the DeepQA architecture relies on 
multiple search engines including Indri, PRISMATIC, and Lucene to index and 
search unstructured text and documents and then generate candidate answers. 
Each approach has certain benefits, and IBM has optimized results by combin- 
ing the different approaches. For example, one of the key benefits of Apache 
Lucene for searching in Watson is flexibility in its architecture that enables its 
API to be independent of the file format. Apache Lucene is an open source text 
indexer and search engine written in Java. Text from the different types of 
sources in Watson’s corpus (PDF, HTML, Microsoft Word, and so on) can all be 
indexed. This approach works for the corpus developed for Jeopardy!, as well as 
for commercial applications. 

 

Scoring and Confidence Estimation 

Scoring and confidence estimation is the final stage in the pipeline. The way 
Watson uses confidence estimation is a critical element in achieving a high level 
of accuracy. No single component of the system needs to be perfect. All candi- 
date answers are ranked based on evidence scores, and these scores are used 
to select the answer with the greatest likelihood of being correct. The various 
passage‐scoring methods used by Watson are combined to improve accuracy. 
Scores are assigned by matching question terms to passage terms. The net result 
of this approach to evaluating and ranking the answers ensures that the best 
answer comes out on top. 

There are two methods used for domain relation extraction and scoring in 
DeepQA: manual pattern specification and statistical methods for pattern speci- 
fication. The manual approach has a high accuracy rate but takes longer because 
of the need to find humans with the domain knowledge and statistical experi- 
ence to create rules for the new relations. Watson looks for the candidate answer 
by filtering out the noise. There are many different models, including Hidden 
Markov models, which are used to filter out noise that does not fit the pattern. 

There are many scoring algorithms. The four passage scoring (deep evidence 
scoring) algorithms used in this process are described next: 

■ Passage Term Match—This algorithm assigns a score by matching question 
terms to passage terms, regardless of grammatical relationship or word 
order. 
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■ Skip‐Bigram—This algorithm assigns a score based on relationships 
observed between specific terms in the question and terms in the evidence 
passage. 

■ Textual Alignment—This algorithm assigns a score by looking at the 
relationship between the words and word order of the passage and the 
question. The focus is replaced by the candidate answer. 

■ Logical Form Answer Candidate Scorer (LFACS)—This algorithm assigns 
a score based on the relationship between the structure of the question 
and the structure of the passage. The focus is aligned to the candidate 
answer. 

The candidate answers are scored in parallel across a large cluster of machines, 
which speeds up the process significantly. This is one of many places within 
the DeepQA architecture where parallelism comes into play. This ensures that 
Watson maintains both speed and accuracy. Implementing these scoring strate- 
gies together yields better results than if each one was used individually. For 
example, LFACS is less effective than other algorithms when used individually. 
However, when used in combination with the other scoring methods, it helps 
improve overall effectiveness. Ultimately, the way Watson combines the multiple 
scoring algorithms is by using machine learning and training on questions with 
known correct answers. 

 
 

Summary 

IBM’s Watson is a cognitive system designed to help expand the boundar- ies 
of human cognition. It represents a new era in computing technology by 
enabling people to begin to interact more naturally with computers. In this 
new era, humans can leverage and share knowledge in new ways. Watson 
makes it possible for humans to ask questions in natural language and get 
answers that enable them to gain new insights from extremely large vol- 
umes of information. The research for Watson was based on IBM’s extensive 
experience in NLP, AI, information retrieval, big data, machine learning, and 
computational linguistics. 

A cognitive computing system is not a simple automated processing system. 
It is intended to create new levels of collaboration between man and machine. 
Although humans have been codifying information for a long time, there are 
limitations on the insights and analysis that humans can glean from that infor- 
mation using traditional forms of computing. With a cognitive system like 
IBM’s Watson, the machine can find patterns or outliers in large volumes of 
unstructured and structured information at fast speeds. A cognitive system 
gets smarter as each successive interaction improves accuracy and predictive 



 

 

power. The relationship between people and machines is symbiotic in a 
cogni- tive system. Good results from a cognitive system require that 
humans do some mapping and training using machine learning 
techniques. Humans train Watson by building a corpus of knowledge that 
may be broad‐based or fine‐tuned to a specific area such as medicine or 
finance. The corpus includes information that is codified in books, 
encyclopedias, research studies, and ontologies. Watson can then search 
through vast quantities of information and analyze that data in order to 
provide accurate answers with confidence levels. IBM is applying 
Watson technologies to multiple industry solutions in fields such as 
healthcare, finance, and retail. 

 


