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Enabling the Predictive Enterprise 
5 Steps to Embed Predictive Analytics and 
Machine Learning in your Business 
Business Leaders are adopting predictive analytic capabilities to add 
improved decision-making throughout their organizations. 

Today it seems that everyone is talking about Artificial Intelligence (AI), Machine 
Learning (ML) and Predictive Analytics. Organizations of every size and in every 
industry are investing to compete in this new world. For most organizations this 
means adopting new analytic capabilities. 

Most organizations have business intelligence (BI) capabilities that include 
reporting, dashboards and performance monitoring. However, today’s business 
needs more than these traditional approaches can deliver: Fast moving, streaming 
data reduces the time available for human decision-makers to respond, putting a 
premium on being able to make predictions about the future. The increased volume 
of data pushes organizations to find new ways to present analytic results. An 
increasingly wide variety of data types puts pressure on the "integrate everything 
then do analytics" approach common in many organizations. Add to this mix the 
increasing pressure to respond in real-time and the need for more advanced, more 
predictive analytics and machine learning is clear. 

The future belongs to organizations that can embed predictive analytics and ML 
throughout their business. Predictive analytics and machine learning are not just 
more advanced Business Intelligence. Taking advantage of predictive analytics and 
machine learning requires a different approach and this paper lays out such an 
approach, explaining the power of predictive analytics and showing how to 
successfully embed predictive analytics and ML in your organization. Success begins 
with a focus on decisions, focuses on analytic industrialization and scale, and uses a 
land-and-expand strategy. Following this approach will help you become a 
predictive enterprise. 

By James Taylor 
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Step 0: The power of predictive analytics 

Before discussing the practical steps necessary to become a predictive enterprise, 
it’s worth taking a minute to understand the power of AI, ML, and predictive 
analytics. Someone once said, 

A typical organization manages a lot of data. If the enterprise has been in business 
for any length of time, it’s probably managing a lot of history. It manages years of 
transactions, customer account changes, updates, customer additions and removals 
and much more. What it does not have is any record of the future. This means it 
cannot be certain what customers, suppliers, or partners might do in the future. 
This uncertainty about the future limits how effectively an organization can 
operate.  

Traditional reports and visualizations can help people within an organization make 
predictions by helping them see patterns in the data. Yet humans struggle to 
consider how more than 5 -10 pieces of data vary over time. This is not a limitation 
in AI, ML, or predictive analytic algorithms. As organizations adapt to a world of Big 
Data, hundreds or thousands of pieces of data are becoming available. In these 
circumstances the ability of predictive analytic techniques to consider all these 
pieces of data to determine what matters most becomes critical. 

For instance, an inventory management system may identify that a product has 
reached a historic low point or dropped below a pre-set level. Without a view of 
the future, the system itself cannot really tell that this is important. Any action 
taken to correct it will therefore be mechanical. Even if a user is given tools to 
assess how important this stock level might be, they will likely use only a subset of 
the available data. Even then, it might take too long to do the assessment. For a 
rapid, accurate response the system itself needs to know which data elements will 
help it predict the inventory level it needs to target going forward. This is what 
predictive analytics can do. 

There are several kinds of prediction under the umbrella of AI, machine learning, 
and predictive analytics: 

 Predict risk. 
What is the likelihood of a particular downside in a situation with both an 
upside and a downside? For instance, how likely is someone to:  fail to pay back 
a loan, cancel a customer account (churn), leave their employment, experience 
crime in a particular geographic area. 

 Predict fraud (and abuse). 
How likely is something to be other than it purports to be in a situation where 
failing to realize this has a downside? For instance, someone not being who they 

“Predictive Analytics turn uncertainty about the future into usable probabilities.” 
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say, a transaction not being valid or authentic, an email being a fake, or a claim 
being for medical work that wasn’t performed.  

 Predict opportunity or propensity. 
What is likely to maximize the upside in an opportunity by being most 
appealing? For instance, the likelihood that someone will accept an offer or 
respond to an ad, or that a cross-sell or recommendation will be positively 
perceived and acted upon. 

 Forecast likely trends. 
A forecast is a prediction of the likely trend in some value such as the amount 
of demand for a product or time to deliver supply. 

It is worth noting that the phrase “predictive analytics” is sometimes applied also 
to data mining techniques used to group people or transactions together or identify 
the strength of relationships between things. These approaches are part of how the 
different kinds of predictions are made. 

The value of eliminating uncertainty, or at least of replacing uncertainty with a 
probability, is that it improves the accuracy of decision-making. There’s no value to 
delivering a prediction unless it improves a decision—simply knowing something is 
not enough, a decision to act based on that knowledge is required.  

If an organization is to outperform its competitors with AI, ML, and predictive 
analytics, then it must use these analytics to improve its decision-making. It can 
improve the decision-making of its systems, using decision management to embed 
predictive analytics and automate better choices, or it can improve the decision-
making of its users by presenting predictions to them, or it can do both. Unless 
decision-making changes as a result of the machine learning or analytics, however, 
no value will be realized. And that brings us to step 1. 

“Taking control of operational decisions is increasingly a source of competitive advantage” 

— James Taylor and Neil Raden, Smart (Enough) Systems, Prentice Hall 2007 

Step 1: Focus on decisions 

To become a predictive enterprise, to use AI, ML, and predictive analytics to 
differentiate and compete, you need to identify the decisions that can be made 
more profitably, more accurately, more precisely or more reliably. Unless the 
predictive analytics you create improve some decision-making, then they will offer 
no real value. Analytics that don't impact decision-making may allow you to say that 
you are using "big data and machine learning" when your boss asks, but they won't 
really be helping. 
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Be specific 
Most businesses make (or rely on their people to make) large numbers of decisions. 
These can be classified as shown in Figure 1. Organizations make strategic 
decisions, but these are generally one-off decisions that are not systematically 

supported by software or predictive analytics and so 
are out of scope in this context. Many are tactical 
decisions about how to manage or control the 
business. Many more, by volume at least, are 
operational decisions about a single customer or a 
single transaction.  

Often the best way to think about these decisions is 
to identify the questions that must be answered 
during normal operations—what questions must be 
answered to move the process forward effectively? 
Each such question, plus the possible answers to the 
question, defines a candidate decision. 

Not all decisions are going to be equally impacted by 
predictive analytics and it’s important to rapidly 
identify some clear opportunities. Quick wins, low 
hanging fruit, will establish the value of predictive 
analytics and show momentum. Suitable decisions 

are going to have a few specific characteristics: 

 Action-oriented, in that there is a well-defined set of actions, one or more of 
which will be taken when the decision is made. 

 Valuable, in that the performance objectives of the user (personally and as a 
company representative) will be positively impacted if the decision is improved. 

 Measurable, so that it is possible to prove the value of the AI, ML, and 
predictive analytics. 

 Data rich, in that there is data that can be analyzed to make a good decision. 

Most systems and processes have many candidate decisions and the use of decision 
words such as determine, assess, choose, select and, of course, decide gives you a 
clue. For instance, calculate the discount for an order, assess which supplier is 
lowest risk, select the terms for a loan, or choose which claims to Fast Track. 

Figure 1. Different types of decisions 

 

“If you externalize and manage the decisions that impact your business then you can drive those decisions 
with evidence. If you don’t then you can’t.” 

—James Taylor, CEO Decision Management Solutions  
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Focus on analytical decisions 
Suitable decisions for applying predictive analytics are going to fall into various 
categories, though many will cut across these. For instance: 

 Risk—How risky is this supplier’s promised delivery date and what discount 
should we insist on? 

 Fraud—How likely is this claim to be fraudulent and how should we process it? 

 Opportunity—What represents the best opportunity to grow revenue from this 
customer? 

 Maximizing—How can I use these resources for maximum impact? 

 Targeting—What exactly should we say or offer to this person? 

These decisions identify the potential for AI, machine learning, and predictive 
analytics. 

For each decision you can seek out what it would take to make a more accurate, 
more precise, more profitable decision — “if only we knew THAT then we could 
make a better decision.” These are the predictions you are going to need to put to 
work improving decisions. 

Decision Modeling  
Having found a suitable decision, the next step is to understand that decision in 
more detail. Decision modeling with the Decision Model and Notation (DMN) 
industry standard is fast becoming the best practice approach to identifying and 
modeling decisions.  

Decision modeling creates a formal, defined model of a decision-making approach 
using a standard notation. A Decision Requirements Diagram (DRD) specifies 
decisions and their component sub-decisions, the data that must be input to those 
decisions, and the knowledge required to make those decisions. The decision model 
diagram is easy to understand and engage with for subject matter experts and 
analytics experts alike.1 

The example in Figure 2, for instance, shows that deciding whether to approve a 
claim for payment requires deciding if additional information is required, if the 
claimant is eligible to make a claim, if the claim is legal and appropriate, if there is 
a third party who is liable for the claim and what the fraud risk might be. 

 

1  Details of the modeling approach used are out of scope for this document but descriptions can be found in 
the references at the end. 
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Each piece of the model can be potentially supported by predictive analytics and 
machine learning. The specificity of the model helps focus the predictive analytic 
efforts on useful problems, not science experiments. 

Manage it or support it 
The next step is to decide if the decision will be managed by a system or made by a 
user and supported by a system—decision management or decision support.  

If a system is going to manage the decision then the focus is going to be on 
executing the predictive analytic models involved and then using the predictions 
and probabilities to drive system behavior. If a user is going to make the decision 
and a system is going to support them, then the focus is going to be on visualization 
and presentation of the predictions in the context of a complete information set. It 
is also possible to blend the two, with a system making some parts of the decision 
(by answering some precursor questions for instance) and presenting the answers to 

Figure 2.  Decision Model Example from Insurance 
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those questions along with other information and predictions to a human decision-
maker so they can make the final decision and take action. 

Successful use of AI, machine learning, and predictive analytics in decision 
management, decision support or blended use cases alike requires a clear 
understanding of the decision. Identifying the decision, breaking it down into its 
component parts and identifying the information and knowledge needed to make 
the decision will be required in every case. Predictive analytics must “plug in” to a 
decision-making framework to add value and different approaches will work better 
depending on the decision-making approach involved. 

Keep it simple 
While predictive analytics can be complex, using them needs to be simple. A simple 
interface to a machine learning or predictive analytic solution has a number of 
characteristics: 

 It is fit for purpose, focused on the business problem of the user. The interface 
presents itself at a time and in a place that makes business sense rather than in 
a predictive analytics ghetto. 

 It’s decision-centric, presenting only what is needed to make a decision or to 
understand what decision was made by the system and why. 

 It uses the predictive analytics involved; it does not just present them. 
Especially when a decision is being made by the system, but even when the user 
is making the decision, the predictive analytics must be thoughtfully applied. 

It is easy to become overly enamored with the cleverness of predictive analytics 
and forget that the purpose is to improve business results. Neither those inside or 
outside the organization generally care that they are getting better results thanks 
to machine learning or predictive analytics, only that they are, in fact, getting 
better results. 

Understand what makes it effective 
All decisions are different and how to use predictive analytics effectively is going to 
vary. It is human nature to judge a prediction in terms of absolute performance—
how often is it right, how much is it off by? But predictions are a means to an end 
rather than an end in their own right. A valuable prediction is one that improves 
decision making overall. The costs and benefits of the actions that result from the 
decision must be considered.  

Missing a large fraud, for instance, is more expensive that an unnecessary check, so 
a predictive model that was less accurate but “paranoid” so that it never missed a 
fraud (preferring to flag legitimate transactions as fraud instead, also known as 
false positives) might be preferable to one that was technically more accurate but 
missed some large frauds. Similarly, if the upside on an action is small, then a 



 Enabling the Predictive Enterprise 

 

 8 © 2019 Decision Management Solutions 

model that resulted in decisions under-calling how often to take the action might 
be better than one that was more accurate but equally likely to under- or over-call. 

Unless the costs and benefits of the decision are understood there is no way to 
judge the relative merits of predictive analytic models. They can only be judged in 
terms of the effect they have on decisions. 

Bonus: Micro decisions for mega impact 
Most efforts to use AI, machine learning, and predictive analytics are going to begin 
with known decisions but generally not all possible decisions are currently being 
considered. Often there are places in common business processes where everyone 
or everything is treated the same way: parts are reordered based on the same logic 
no matter what the part, all customers see the same terms and conditions on the 
website, or all orders of a certain size get the same discount. The organization is 
doing the same thing every time without making a habit of considering if there was 
a better alternative. 

These are micro decision opportunities. A micro decision is one where each 
transaction, each opportunity for a decision, results in a specific decision made 
about that transaction or customer. When micro decisions are being made, the 
organization focuses on each opportunity to make a decision as a unique 
opportunity to improve results. It is analytics, especially predictive analytics, which 
provide the insight needed to differentiate and so pick between the possible 
options. Business leaders can ask why something is always done the same way and 
in what circumstances might it be done differently to provide better business 
results. 

While these decisions can seem of very limited impact, because each one relates 
only to a single customer or transaction, this appearance is deceiving. Micro 
decisions are made an enormous number of times. Any improvement, therefore, 
multiplies up by the number of transactions or customers being handled. When a 
decision is made that often, even very small improvements in it can have a 
significant impact. Because of the volumes involved when considering micro 
decisions, automation—decision management—is likely to be important in using 
predictive analytics to improve them. 

Platform Requirements for Step 1 
 Support for decision support and visualization use cases 

 Support for decision management and embedded predictive results 

 Support for a wide variety of decision-making scenarios 

 Predictive analytic models that can be embedded in fit-for-purpose user 
interfaces or line of business applications 

 Strong API for programmatic access in a wide range of scenarios 
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Step 2: Focus on industrialization 

Once you have identified decisions that could usefully be improved by predictive 
analytics you must develop predictive analytic models for each decision. Each 
decision is going to require a different predictive analytic model, perhaps several. 
Some predictive analytic models, such as predicting the future value of a customer, 
may be useful in multiple decisions. Regardless, becoming a predictive enterprise is 
going to require multiple predictive analytic models. 

Scaling to this level is going to require more than just an individual scripting 
environment where every step in developing an analytic model is performed by 
hand by an expert. Organizations serious about becoming predictive need a more 
repeatable, scalable and industrialized process for building and deploying 
predictive analytic models. Such a process must be supported by suitable tools that 
provide:  

 Strong data management capabilities. 

 A modern workbench environment that supports reuse and repeatability. 

 Automation of model creation for scale and the engagement of less technical 
users or “Citizen Data Scientists”. 

Strong data management  
In the era of Big Data, the tasks of data management have become more complex. 
Organizations need to be able to build analytic models with transactional data, 
unstructured or semi-structured data, third-party data and more. Tools suitable for 
a predictive enterprise will provide strong data management capabilities while also 
being able to exploit data management capabilities in other platforms. These 
capabilities will include those for data quality, data integration and master data 
management. Strong data management means that data definitions are shared, and 
analytical datasets are generated in a repeatable and increasingly automated way. 
This in turn ensures that effective analytic models can be produced more 
accurately and more consistently.  

A platform suitable for a predictive enterprise will also handle a wide range of data 
including data from a data warehouse, flat files or NoSQL store. It will integrate 
metadata for clarity and it will provide strong data exploration and governance 
capabilities. 

A modern workbench environment  
The two keys to a modern workbench environment are reuse and repeatability. A 
workbench should allow the development of reusable components, model 
fragments, and the definition of repeatable model creation flows. These well-
defined, reusable components should be available to large numbers of users 
through a shared repository. Workflows streamline and standardize how the various 
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steps in analytic modeling are performed, ensuring consistency but also reducing 
re-work by leveraging experience with an organization's systems or data.  

Automation of model creation 
Initially organizations working on becoming predictive find themselves pushing 
predictive analytics. As successful projects are deployed, however, they find 
themselves facing increased demand. In addition, many find themselves building 
multiple, similar models. For instance, the first few projects might be to build 
propensity models for an organization's best-selling products. Over time, however, 
every product team wants such a model. Now hundreds, perhaps thousands, of such 
models are required. Scaling up analytic capacity to develop all these models can 
be prohibitively expensive.  

Effective automation of analytic model creation is a powerful tool in scaling 
analytic capability. Some analytic models lend themselves to a more or less 
completely automated or machine learning approach. Other models can be 
produced at scale using automation of the model creation process combined with 
analytic experts who review and "tweak" the models only when necessary. The use 
of automation in standardized model creation flows can reduce the time for experts 
to develop models while also broadening the range of users who can develop 
models. Bringing in less technical users to build analytic models that take 
advantage of underlying automation to produce large numbers of “good-enough” 
models quickly can deliver significant additional analytic capability.  

You don't want to staff up to hand build every model 
It is, in theory, possible to build every analytic model you need by hand. This 
involves staffing up with analytic and data science professionals—potentially a large 
number of such professionals. Given the competition for these resources, hiring 
these resources is both expensive and difficult. 

As you develop an analytic capability you will need to hire some analytic and data 
science professionals, as the power of analytics is such that you simply can’t afford 
to have all the analytic know-how involved in your organization be outsourced. 
However, you want this analytic capability to be focused on breadth, on an ability 
to find new areas where analytics will make a difference, not simply on repeating 
the same kind of modeling over and over. 

To this end a platform that lets you automate some model development, that 
makes it easy for power users and business analysts to do a lot of the work is 
powerful. Automated model development does not mean that you need zero data 
scientists, but it means that the number you need is reduced and that new 
resources can generally be applied to new problems, not to repeatedly solving old 
problems. If this platform also tracks model performance and can easily update and 
tune models as required, then this will further reduce the need to scale up your 
analytic team simply to handle the volume involved as more customers adopt your 
predictive analytic functionality. 
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Platform Requirements for Step 2 
 Broad and deep data management 

 Support for reusable and repeatable modeling processes 

 Support for automated modeling and less technical users 

 Model management that scales  

 An ability to balance fully automated model development and manual 
intervention 

Step 3: Focus on scale 

In Step 2 we emphasized the importance of industrialization in model development 
and management. It is also important that the technology selected to support these 
industrialized processes scales appropriately. Any analytic model development tool 
you use should provide flexibility in where it is deployed. The resulting models 
should also be easy to deploy into production—the “last mile” of analytic model 
development. 

Cloud or on-premise for flexibility 
Many organizations now use a mix of SaaS and on-premise solutions to manage their 
operations. When the system context for a predictive analytic model is a SaaS 
product then you may need your preferred predictive analytic modeling solution to 
run in the cloud. With the data involved in building and executing the model in the 
cloud already, a cloud-to-cloud link to a cloud-based predictive analytic modeling 
solution will work well.  

If, on the other hand, your project involves on-premise technology (or on a mix of 
both on-premise and in cloud technology), then you will need a more flexible 
offering. You will probably want a predictive analytic modeling solution that offers 
both cloud and on-premise deployment. Large teams and big budget projects will 
likely want any AI, machine learning, and predictive analytic capabilities to be 
available on premise. They are unlikely to be happy if they have to push their data 
up into the cloud before it can be used to build a predictive analytic model.  

Some projects, however, may prefer a cloud-based approach. There are significant 
advantages to a cloud-based solution, especially if IT resources, computing or data 
storage capacity is an issue. Building and updating predictive analytic models can 
intermittently use a lot of computing power. Providing for this on-premise can be 
expensive and a cloud-solution, especially one offering scalable pricing and on-
demand capacity, will have a strong appeal.  

It is increasingly the case that some of the data that might help drive effective 
predictive analytic models is available from third parties in the cloud. Being able to 
bring this data to bear without having to download it can be a plus. 
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For most organizations predictive analytic modeling solutions offering both on-
premise and cloud-based solutions are going to be particularly valuable. 

Focus on the last mile  
Another criterion for any predictive analytic modeling platform is deployment of 
the resulting models, the “last mile”. As was noted at the beginning of this paper, 
the value of AI, ML, and predictive analytics comes from changing the way decisions 
are being made. If predictive analytic models cannot easily be deployed, then the 
value of those models will be much lower than would otherwise be the case as the 
cost and time required to deploy the models must be subtracted from their value. It 
is important, therefore, that any predictive analytic modeling solution you use 
creates predictive analytic models you can consume in your business. 

When a decision is being automated this means that it creates predictive analytic 
models that result in scores and values that can be used like other data. The score 
resulting from a predictive analytic model might just be displayed in a user 
interface. It is much more likely to be combined with business rules to drive an 
automated decision. Wrapping scores with business rules and deploying them as a 
decision service that can be invoked in real-time from business processes or existing 
systems, maximizes the value of predictive analytic models. 

When a decision is manual, then the visualizations, graphs or forecast curves that 
are calculated from the predictive analytic model should likewise be easily 
embedded in existing user interfaces.  

For both manual and automated decisions it is important that these deployment 
capabilities are focused on real-time, interactive decision-making. Real-time 
calculation of predictive analytics is increasingly critical for effective use. While 
predictive analytic models have historically been deployed using batch updates of 
databases, today this is rightly perceived as limiting. For both predictive scores and 
visualizations, it should be possible to take all the data available at a moment in 
time, at the point of decision, and use it in the model. This means that the 
execution of the predictive analytic model has to happen when the decision is being 
made, not in some batch process that runs earlier based on the data available then. 

If it is hard to integrate the predictive analytic models that result from your 
modeling solution into your business processes and workflows, you will spend time 
and money making your analytics actionable, time and money you could have spent 
elsewhere. A strong set of APIs, an awareness of how predictive analytics are being 
used in real-time and good integration tools are critical. 

Platform Requirements for Step 3 
 Automated model retraining for new and variable data structures 

 Automate deployment with strong API and integration capabilities 

 Support for real-time monitoring of deployment predictive analytic models 
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Step 4: Land and expand 

All organizations have multiple opportunities for using AI, machine learning, and 
predictive analytics to enhance decision-making. Because the use of predictive 
analytics is new for many organizations, and because handling decisions explicitly is 
also new, care must be taken not to bite off too much at once. A land and expand 
strategy that begins with a localized effort and expands systematically is going to 
be the most successful. 

Build out a solution decision by decision 
As you look at predictive analytics and try to decide where to focus, remember to 
keep the decision in mind. The value to your business will come not from a 
predictive analytic model, but from the better decisions that can be made thanks 
to it. Keeping the focus on decisions ensures that you can articulate the value of 
each predictive analytic model in business terms. 

Over time you can add more decisions, reusing predictive 
analytic models where possible and generating new 
predictive analytic models where needed. Each decision 
adds value, each use case for AI, ML, and predictive 
analytics is described clearly. Whether you are automating 
decisions, supporting manual decisions or doing a little of 
both, a decision focus makes sense. 

An initial effort should focus on decisions, and on 
predictive analytics, that you are confident you can 
handle and that have a clear “fit” with your business 
strategy. You want to begin with a decision that everyone 
will see as core. Once you get going, however, the best 
way to add decisions is to focus on the decisions that 
make the most difference. These decisions are going to be 
tied to critical KPIs—improving the decision should move 

the KPI in a positive direction and it should be clear to everyone that it does so. 

This is not a one-time exercise 
As this decision-by-decision expansion makes clear, becoming a predictive 
enterprise is not a one-time, one-project proposition. Organizations have many 
decisions that can be improved and multiple predictive analytic models that can be 
built. In addition, users and business owners will become more sophisticated once 
they see the power of AI, machine learning, and predictive analytics. Once some 
decisions are automated with predictive analytics, or more advanced analytics are 
added to support decisions more effectively, internal business partners will see 
more opportunities than they do today. Even if people are already asking for 
predictive analytics, delivering predictive analytics is likely to increase demand 
rather than satisfying it! 

Figure 3. Begin with Decisions 
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You will find that the competitive environment will likewise force additional 
predictive analytic efforts. As competitors match your improvements, using their 
own predictive analytics, you will want to extend your lead (or catch up if you have 
fallen behind) by expanding your use of AI, machine learning, and predictive 
analytics.  

The net is that you must be able to keep adding new predictive analytic models to 
support new requirements. You need a predictive analytic modeling solution that 
will grow and expand with you, a platform you can work with in the long term. This 
is not a one-time “fix” for your business. 

Build your analytic competency as you go 
As noted, it is important that you build your own analytic competency. While 
initially you will need outside help and will likely want to outsource some of that 
help, have a plan to develop an internal capability. Outsourcing and getting help 
from your vendor are great ways to start. The value of predictive analytics is too 
high for this to be a good long-term strategy however.  

As each new decision is managed or supported and each new predictive analytic 
model developed you should be developing an in-house competency around 
predictive analytics. It need not be a huge group—the use of automation can help a 
small team scale. Your objective should be to build a competency that is broad, 
able to see how predictive analytics could be used widely within your business 
rather than one that is deep in a single area. In the end you are going to want to 
use predictive analytics throughout your organization. Make sure you will have the 
people you need when you get there. 

Empower teams to build their own analytic competency 
It should also be noted that in the end a completely centralized capability is 
unlikely to satisfy demand. Teams, especially the most aggressive and competitive 
ones, will want to have more control over the predictive analytics being delivered 
to them. Initially they may want to tune and adapt predictive analytics more often 
or more dynamically than other groups. Increasingly they will want to build their 
own predictive analytic models to support their business. Different teams will work 
their way up the analytic learning curve at different rates but it is important that 
your predictive analytic modeling solution scales to support this. You want a 
solution that allows you to offer not just predictive analytic models but a self-
service predictive analytic capability to your organization. 

Test, learn, improve, adapt, repeat 
Finally, remember that predictive analytic models age; they degrade over time. It 
is important that your organization recognize this and build in capabilities to 
monitor the predictive power of the models in use, learn which ones are working 
well and which ones need to be refreshed. It should allow teams to run 
experiments, comparing multiple predictive analytic models and should be able to 
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adapt and improve models automatically as results are gathered. This test and 
learn process needs to be continuous so that your predictive analytic models stay 
current and effective. 

Platform Requirements for Step 4 
 Rapid development of high-impact, short-term predictive analytic models 

 Tools for creating, retraining and updating predictive analytic models 

 Model development and management tools  

 Tools that can be used by multiple teams  

 Support for test and learn environments like A/B or champion/challenger 
testing  

 Automated tuning of deployed models 

 

Getting started 

This paper has outlined the basic steps for successfully adopting AI, machine 
learning, and predictive analytics, and becoming a predictive enterprise. Begin by 
focusing on decisions, on the choices that your business must make. The value of 
predictive analytics comes in improving these decisions—not all at once, but 
incrementally in a process of continuous improvement. 

Becoming a predictive enterprise requires broad application of predictive analytics, 
so focus on industrializing your analytic processes and on products that will help 
you scale. But don't try and do this all at once, take a land-and-expand approach to 
gradually build out the capability you need. 

The next generation of successful organizations is going to be predictive. These 
organizations are not just going to report on their data or show it on dashboards. 
These organizations are going to use their data, and the increasing array of third-
party data available, to analytically drive more effective, more precise, more 
profitable behavior throughout their organization. Enterprises of all sizes face a 
harsh choice—either figure out how to use predictive analytics to power better 
decisions or fall behind competitors that do. Begin now. 



 

Enabling the Predictive Enterprise 
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