


Summary

This is the second article in the 
three part series on Predictive 

Analytics (PA). In this article, I 
will go over the basic concept of 
modeling, describe how models 
are built and talk about some of 
the popular predictive modeling 
techniques and their suitability to 
specific problems.

In the first part, we talked about 
the basics of PA and the essential 
aspects of PA. Let us recap. The 
four essential aspects of PA are:

 ata 

 achine Learning 

 Predictive odel 

 Prediction 

To start with, an appropriate predictive modeling technique is chosen based 
on the type of data and the nature of the outcome. Data is then put through a 
process of machine learning to arrive at a predictive model. Machine learning 
could be supervised or unsupervised depending on the type of modeling 
technique chosen. Once the model is generated, it can be used to predict  
the outcome.

Artificial Intelligence (AI) modeling is a huge area of scientific study. We 
cannot even touch upon all the aspects of this discipline in a few pages. 
However, I will try to cover key concepts like machine learning, data mining, 
modeling techniques, and predictive models in simple words and then pick 
an assortment of models that are popular in the industry and indicate when 
they are used in practice.

Basic concepts
Data mining and Machine learning are two related concepts. In machine 
learning, you have a well-defined objective (usually prediction). In data 
mining, you essentially have the objective as “something not known before”.  
Machine learning uses many data mining techniques and other learning 
algorithms to build models to understand what is happening in the data so 
that it can predict outcomes.

Machine learning can happen in two modes - supervised learning and 
unsupervised learning. When you ask a computer to arrange your customers 
into segments that would be unsupervised learning. But when you know that 
you want to divide customers into exactly two groups, one that would buy 
and the other that would not buy a product based on the past data that you 
provide, that would be supervised machine learning.

Now let us assume that you are plotting the number of people coming late 
to the office as a function of inclement weather incidents (heavy snow, 
hurricane, etc.) and you are using MS Excel to do that. After you plot the 
data for the current year till date, you might want to see if another incident 
of rain or snow occurs how many people could be expected to come in late. 
Using Excel you can add a trend line that adds another event and forecast the 
number of latecomers. See figures on the following page.

This trend line represents a model that Excel has generated by learning the 
data given to it. In this case we asked it come up with a linear model. This 
is machine learning in its simplest form. We can say that we have trained a 
linear model with the data that we have.

Data Machine Learning Predictive Model Prediction



With this model we can now forecast how many people 
will came late tomorrow if there is heavy snow.

The predictive modeling technique we have used here 
is linear regression and the model is represented by the 
mathematical expression y = 16.7x + 82.3

Here ‘y’ or no. of people coming late is the dependent 
variable and ‘x’ or the no. of inclement weather incidents 
is an independent variable. The number 82.3 is the  
‘y intercept’ which indicates the number of people who 
come late to the office even if the weather is fine. From 
actual observation this number could be included into the 
data set and the model can be regenerated.

In real life, however we will have to deal with a number of 
independent variables that affect the outcome that we want 
to predict. The independent variables will also influence 
the outcome in different ways and degrees. Therein comes 

the complexity of the modeling. In general a regression 
model is:

y = C + sum of (mi * xi); 

y: Outcome

C = Intercept

xi: Predictor variable

i in [1, many], usually in the range 2 to 20

Predictive models come in all sizes and shapes, 
depending on the application they are designed for and 
the complexity level. However, often it is not the choice of 
model that determines the accuracy of the outcome, but 
how good training data is and what features you are using 
to get the best results. The oft repeated cliché, ‘garbage 
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in garbage out’ applies to PA as much as to any other 
analysis. In short, bad data yields bad models and  
bad results.

Predictive modeling techniques can be classified in many 
ways. One way is to classify based on what the model 
is used for. Based on this approach we can classify the 
techniques/models as:

Predictive model – Used to predict or detect the behavior 
of an entity in the future based on past data.  Such models 
are often embedded in operational processes in live 
operations to detect fraud or a sale opportunity. 

Descriptive model – This is used to identify many 
relationships between entities in such a way that they can 
be classified into similar groups. Grouping prospects or 
customers helps businesses to target them in specific 
ways, via pricing, marketing strategies, etc.

Decision model – This is a relatively advanced model that 
predicts outcome of complex decisions in the same way 
customer behavior is predicted. The data this model works 
with could be the outcome of other predictive models 
themselves. It is found that optimization models are 
often used in the exercises that use decision models. An 
example for this kind of model would be to simulate the 
effect of a decision like “What if the price of a particular 
product is increased by 5%?”

One other way to classify predictive modeling techniques 
is by the mode of training. They could be supervised or 
unsupervised. Support Vector Machines (SVM), Decision 
trees, Regression models and Neural networks are 
modeling techniques that use supervised learning. All 
Clustering techniques use unsupervised learning.

The picture below indicates another way of classification.
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There are many more ways to classify the modeling 
techniques. The classification itself is of academic interest 
in the industry. What is important is the suitability of a 
technique to a problem at hand. An adept practitioner 
of PA would be able to understand the strength and 
weakness of these techniques and use them appropriately 
for building a solution.

Though there are many modeling techniques, less than 
a dozen techniques are popular and supported by most 
commercial and open source model building tools and 
vendors. I will choose a few and describe their nature  
and usage.

Regression modeling is probably the oldest supervised 
predictive modeling technique. It is also one of the 

simplest to understand and the most popular. Most 
advanced users of MS Excel would be familiar with the 
LINEST(), which is nothing but linear regression model. 
Over the years the technique has been refined so much 
that it performs better than many of the more advanced 
techniques. Coupled with rigorous statistical significance 
testing, regression can be one of the simplest models 
that can be used effectively for prediction. There are 
many types of regression models. For example, when 
the outcome or one or more of the predictors is a binary 
decision variable, a logistic regression is used.  Some 
of the other types are Probit, non-linear, step-wise, and 
mixed models. Regression models are used to predict 
outcomes in a variety of situations and used across 
industry domains.

Source: Predictive Analysis for Dummies



Ensemble Modeling
In this approach, we use multiple models and use their 
outcome as votes to determine the final prediction. One 
of the most popular models used in the industry called 
the random forest model, is a variation of the ensemble 
model. This modeling is also relatively new (post 90s) 
and fairly advanced. In this approach different training 
data sets are used to build different models. Each of these 
models is called a decision stump. Now the test data is 
run through each of the stumps and results are obtained. 
Many additional values are calculated like confidence 
intervals, precision-recall pairs, and false and true positive 
rates to refine the outcome.

Additionally techniques like boosting and bagging 
which associate weights with stumps are resulting in a 
better model. Ensemble approaches are most suitable in 
domains where computational complexity is high when a 
single model is used.

Cluster Modeling
Cluster analysis is the methodology of separating items 
into similar groups. In this way clustering is also called 
exploratory data mining. Clustering models can be built 
using unsupervised machine learning. 

Cluster analysis is used in a wide variety of fields. Here 
are a few indicative examples:

market segments to better understand relationship 
between different groups of consumers/prospects

 
networking population

 
tissue types

Naive Bayes
This is one of the simplest modeling techniques 
commonly used for document classification. It is based 
on the Bayes theorem with strong (naïve) assumptions. 
It is a probabilistic classifier that is used to make binary 
decisions. It makes simplistic assumptions of the data 
and yet it works well enough to be useful. It is very easy 
to implement and can be trained in a supervised mode. It 
is often used to analyze data from Twitter, manage email 
spam, and for text prediction and spell checks. It can also 
be used in ensemble modeling as a classifier.

Optimization Modeling
Strictly this is not a prediction modeling technique but 
is used in conjunction. It is a decision or deterministic 
modeling technique. It is sometimes used as a final step 
in many of the predictive modeling projects to arrive at 
an optimal outcome. In practice, methods like simplex, 
dynamic, and integer programming are used. Here are 
some examples of optimization used along with  
predictive modeling:

 
cluster modeling

Network graph modeling
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Conclusion
We looked at some common terms used in PA and the 
basics of some of the popular modeling techniques. In the 
third part of this series, I will take up a specific data set 
and build a model to predict the outcome using a specific 
type of modeling. I will also go into why that particular 
modeling technique was followed.


