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Bill Cleveland 2002
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Sebastiao Salgado, Work
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Predictive modeling fundamentals
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1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 1 ∎ ∎ ⋯ ∎

Y

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 ? ∎ ∎ ⋯ ∎
2 ? ∎ ∎ ⋯ ∎
3 ? ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 ? ∎ ∎ ⋯ ∎

Applications
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Terms and elements of predictive modeling

Inference

Sample

Population

Common tools of inference

• Confidence intervals
• Hypothesis test
• P-values
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Terms and elements of predictive modeling

Generalization
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Metrics
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Terms and elements of predictive modeling

New population

Emphasis

• Empirical quality of predictions

• Understanding relationships
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	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 1 ∎ ∎ ⋯ ∎

Cases

Observation examples

Input variables Predictors
Explanatory variables
Inputs
Features

Target variable
Outcome
Response
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Basic steps of predictive modeling

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 1 ∎ ∎ ⋯ ∎
2 0 ∎ ∎ ⋯ ∎
3 1 ∎ ∎ ⋯ ∎
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New data arrives

Y

Predicted discrete variable

Why use a 
predictive 
model?

Score

Generalize
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Basic steps of predictive modeling
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Basic steps

1, Supervised classification

• Prepare the inputs

• Select the most 
predictive inputs and fit 
models

2. Generalization

• Assess the models 

Input variables
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Basic steps of predictive modeling
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Basic steps

1, Supervised classification

• Prepare the inputs

• Select the most 
predictive inputs and fit 
models

2. Generalization

• Assess the models 

Most predictive Input variables

Y

Y

Y

Fit statistics
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Cases

Input variables
Target variable

Customers

Target new potential customers
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Churn
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Applications of predictive modeling

Credit 
scoring

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 1 ∎ ∎ ⋯ ∎

Cases

Past applicants

Input variables

Target variable

Reduce defaults and serious 
delinquencies
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Applications of predictive modeling

Fraud 
detection
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Cases

Transactions

Input variables

Target variable

Anticipate fraud or abuse
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CustomersBank

Y

Model

Marketing campaign
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Demonstration Scenario: Target Marketing for a Bank
Questions

- What type of variable is Moved?

- How many variables have missing values?

- Look at the percentage of cases that have an Ins variable value of 1 versus those with a value 
of 0. What could you infer about the selection of cases for this data set?

- How many bank branches are represented in the data? Do you think this is a useful number of 
levels for the analysis?

- How many area classifications are represented in the data? Which area has the largest number 
of customers?
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Demonstration Scenario: Target Marketing for a Bank
Questions

- What type of variable is Moved?
A: Moved is a binary variable.

- How many variables have missing values?
A: A total of 15 variables have missing values. Missing values are an issue. You learn how to handle missing values later 
in the course.

- Look at the percentage of cases that have an Ins variable value of 1 versus those with a value of 0. What could 
you infer about the selection of cases for this data set?

A: The results of PROC FREQ show that 34.6% of the customers in the develop data set purchased the insurance 
product. You might think that this percentage seems artificially high. In fact, the target event (buying the insurance 
product) is rare—only 2% of the population. To build the develop data set, the bank included all cases that have an 
Ins variable value of 1 and a representative sample of cases that have an Ins variable value of 0. This oversampling of 
the events increases the efficiency of the analysis because you are using a smaller sample and therefore have fewer 
cases to process. However, this oversampling also biases the results. You learn more about oversampling events, and 
how to adjust the model for it, later in the course.

- How many bank branches are represented in the data? Do you think this is a useful number of levels for the analysis?

A: The Branch of Bank table (the frequency table for Branch) indicates that the customers represented in the data do 
their banking in 19 different branches. When you determine that a categorical input variable has too many levels to 
be useful, you can collapse the levels. You learn to do this later in the course.

- How many area classifications are represented in the data? Which area has the largest number of customers?

A:  The Area Classification table indicates that Res has three levels: R (rural), S (suburban), and U (urban). The largest 
number of customers live in urban areas, followed by suburban areas, and then rural areas.
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Predictive Modeling Challenges

Describe challenges 
that predictive 

modelers commonly 
encounter

Identify solutions to 
some of these 

challenges

Define honest 
assessment Split the data

ObjectivesData challenges

Y

Analytical challenges
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Data challenges
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Data challenges

Observational 
data

Mixed 
measurement 

scales
High 

dimensionality
Rare target 

events

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 1 ∎ ∎ ⋯ ∎

OpportunisticOperational

Millions of cases Hundreds of variables

Missing values

Redundant variables
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Data challenges

Observational 
data

Mixed 
measurement 

scales
High 

dimensionality
Rare target 

events

Intervals 0, 0,85 , 2000, 50.15 , 10000,….

Discrete Male, Female

D, B, C, E, ANominal
0, 1, 2, 3,…Count
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Data challenges

Observational 
data

Mixed 
measurement 

scales
High 

dimensionality
Rare target 

events

Value Label D1 D2
1 Checking 1 0
2 Savings 0 1
3 Other 0 0

Account type
Dummy variables
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Data challenges

Observational 
data

Mixed 
measurement 

scales
High 

dimensionality
Rare target 

events

Zip code

Zip Code City State
90620 Buena Park California
90621 Buena Park California
90622 Buena Park California
90623 La Palma California
90624 Buena Park California
90630 Cypress California
90631 La Habra California
90632 La Habra California
90633 La Habra California
90680 Stanton California
90720 Los Alamitos California
90721 Los Alamitos California
90740 Seal Beach California
90742 Sunset Beach California
90743 Surfside California
92602 Irvine California
92603 Irvine California

Collapse labels
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Data challenges

Observational 
data

Mixed 
measurement 

scales
High 

dimensionality
Rare target 

events
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Data challenges

Observational 
data

Mixed 
measurement 

scales
High 

dimensionality
Rare target 

events

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋' 𝑋'0$ 𝑋'0% 𝑋'01 ⋯ 𝑋203
1 0 ∎ ∎ ⋯ ∎ ∎ ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎ ∎ ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎ ∎ ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 1 ∎ ∎ ⋯ ∎ ∎ ∎ ∎ ⋯ ∎

Dimensions
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Data challenges
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data

Mixed 
measurement 

scales
High 

dimensionality
Rare target 

events

Really sparse data
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Data challenges

Observational 
data

Mixed 
measurement 

scales
High 

dimensionality
Rare target 

events

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋' 𝑋'0$ 𝑋'0% 𝑋'01 ⋯ 𝑋203
1 0 ∎ ∎ ⋯ ∎ ∎ ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎ ∎ ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎ ∎ ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 1 ∎ ∎ ⋯ ∎ ∎ ∎ ∎ ⋯ ∎

Dimensions
Curse of dimensionality

𝒏 < 𝒏 +𝒘 Hard to asses variable relationships
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Data challenges

Observational 
data

Mixed 
measurement 

scales
High 

dimensionality
Rare target 

events

Reduce dimensionality

	 𝑦 𝑋$ 𝑋% 𝑋1
1 0 ∎ ∎ ∎
2 1 ∎ ∎ ∎
3 0 ∎ ∎ ∎
⋮ ⋮ ⋮ ⋮ ⋮
𝑛 1 ∎ ∎ ∎

Take the most important variables
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measurement 
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High 

dimensionality
Rare target 

events

Event
No - Event
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Buy
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Data challenges

Observational 
data

Mixed 
measurement 

scales
High 

dimensionality
Rare target 

events

Event
No - Event

<1%

Response
Fraud
Churn
Default
Buy

No Response
Legitimate
Stay
Pay
Not Buy
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Data challenges

Observational 
data

Mixed 
measurement 

scales
High 

dimensionality
Rare target 

events

Event
No - Event

Use all the data is 
time consuming
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Data challenges

Observational 
data

Mixed 
measurement 

scales
High 

dimensionality
Rare target 

events

3 x the number of event cases

Y ≈ 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑣𝑒	𝑝𝑜𝑤𝑒𝑟

Oversampling
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Analytical challenges

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 1 ∎ ∎ ⋯ ∎

Y

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 ? ∎ ∎ ⋯ ∎
2 ? ∎ ∎ ⋯ ∎
3 ? ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 ? ∎ ∎ ⋯ ∎

Non linearity 
and 

interactions
Model 

selection
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Analytical challenges

Non linearity 
and 

interactions
Model 

selection

RealityTheory
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Analytical challenges

Non linearity 
and 

interactions
Model 

selection

Overfit

True

Underfit
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Analytical challenges

Non linearity 
and 

interactions
Model 

selection

Good fit,
Generalizes well

True

Y
	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 ? ∎ ∎ ⋯ ∎
2 ? ∎ ∎ ⋯ ∎
3 ? ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 ? ∎ ∎ ⋯ ∎
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Separate sample
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Separate sample

Data set

Representative sample

Joint sample

Data set with equal proportion of events to non-events
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Separate sample

Data set with rare event

Representative sample

Joint sample
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Separate sample

Data set with rare event

Target base sample

Event 
sample

No event 
sample
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Separate sample

Secondary outcome (Non-event) Primary outcome (event)

Some of the cases All of the cases

Modeling sample
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Separate sample

Modeling sample

Efficient

But generate bias
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Separate sample

a. a data set that consists of 100 events and 5,000 non-events

b. a data set that consists of 50 events and 10,000 non-events

c. a data set that consists of 5,000 events and 25,000 non-events

d. a data set that consists of 1,000 events and 5,000,000 non-events

Which of the following data scenarios lends itself most to oversampling the target?
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Separate sample

a. a data set that consists of 100 events and 5,000 non-events

b. a data set that consists of 50 events and 10,000 non-events

c. a data set that consists of 5,000 events and 25,000 non-events

d. a data set that consists of 1,000 events and 5,000,000 non-events

If you have millions of cases but only a thousand events, analyzing all of the 
non-events is inefficient. In scenario d, the ratio of non-events to events is 5000 to 1, 
which is larger than the ratios for the other scenarios.

Which of the following data scenarios lends itself most to oversampling the target?
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Avoiding the Optimism Bias: Honest assessment

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 1 ∎ ∎ ⋯ ∎

Y

Fit

Assess the model with the same data?

?
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Model assessed on development 
data
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Avoiding the Optimism Bias: Honest assessment

10 case 
data set 
with two 
variables

Model assessed on development 
data

Accuracy 
of=70%

Generalize well 
to new data?
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Avoiding the Optimism Bias: Honest assessment

Model assessed on  100 new cases

Accuracy 
of=40%

Generalize well 
to new data?
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Assess

Avoiding the Optimism Bias: Honest assessment

Model assessed on  100 new cases

Accuracy 
of=40%

This indicate that you 
overfit or underfit the 
model

Accuracy 
of=70%

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 1 ∎ ∎ ⋯ ∎

Y

Fit



Diplomado de Modelado Predictivo y Machine Learning

Assess

Avoiding the Optimism Bias: Honest assessment

Model assessed on  100 new cases

Accuracy 
of=40%

This indicate that you 
overfit or underfit the 
model

Accuracy 
of=70%

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 1 ∎ ∎ ⋯ ∎

Y

Not a good idea

Fit

Optimism bias



Diplomado de Modelado Predictivo y Machine Learning

Avoiding the Optimism Bias: Honest assessment

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 1 ∎ ∎ ⋯ ∎

Y

Fit

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑤 1 ∎ ∎ ⋯ ∎

Assess

Generalize

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 ? ∎ ∎ ⋯ ∎
2 ? ∎ ∎ ⋯ ∎
3 ? ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑧 ? ∎ ∎ ⋯ ∎
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Avoiding the Optimism Bias: Honest assessment

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 1 ∎ ∎ ⋯ ∎

Y

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑤 1 ∎ ∎ ⋯ ∎

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 ? ∎ ∎ ⋯ ∎
2 ? ∎ ∎ ⋯ ∎
3 ? ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑧 ? ∎ ∎ ⋯ ∎

Optimism bias

Fit statistics

• Splitting the data
• K-fold validation
• bootstrapping

Honest assessment

Fit

Assess

Generalize
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Splitting the Data for model training and 
assessment

Honest assessment

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
4 1 ∎ ∎ ⋯ ∎
5 0 ∎ ∎ ⋯ ∎
6 1 ∎ ∎ ⋯ ∎
7 0 ∎ ∎ ⋯ ∎
8 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑚 1 ∎ ∎ ⋯ ∎
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Splitting the Data for model training and 
assessment

Honest assessment

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑤 1 ∎ ∎ ⋯ ∎
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Splitting the Data for model training and 
assessment

Honest assessment

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 1 ∎ ∎ ⋯ ∎

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑤 1 ∎ ∎ ⋯ ∎

Training data set

Validation data set

Fit the model

Holdout portion
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Splitting the Data for model training and 
assessment

Honest assessment

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 1 ∎ ∎ ⋯ ∎

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑤 1 ∎ ∎ ⋯ ∎

Training data set

Validation data set

Fit the model

Holdout portion

Y

Train the model

Assess and compare 
models

Y Y Y
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Splitting the Data for model training and 
assessment

Honest assessment

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 1 ∎ ∎ ⋯ ∎

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑤 1 ∎ ∎ ⋯ ∎

Training data set

Validation data set

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑥 1 ∎ ∎ ⋯ ∎

Test data set

Final assessment 
on the selected 
model

Y
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Splitting the Data for model training and 
assessment

Honest assessment

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 1 ∎ ∎ ⋯ ∎

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑤 1 ∎ ∎ ⋯ ∎

Training data set

Validation data set

Rule of thumb

2/3 or 66,66%

1/3 or 33,33%

Percentage of cases
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Splitting the Data for model training and 
assessment

Honest assessment

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 1 ∎ ∎ ⋯ ∎

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑤 1 ∎ ∎ ⋯ ∎

Training data set

Validation data set

Rule of thumb

2/3 or 66,66%

1/3 or 33,33%

Percentage of cases

Random sampling?
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Splitting the Data for model training and 
assessment

Honest assessment

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 1 ∎ ∎ ⋯ ∎

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑤 1 ∎ ∎ ⋯ ∎

Training data set

Validation data set

Rule of thumb

2/3 or 66,66%

1/3 or 33,33%

Percentage of cases

Random sampling?
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Splitting the Data for model training and 
assessment

Honest assessment

Training
(66.67%)

Validation
(33.33%)

Event 7,451 (35%) 3,724 (35%) 11,175 (35%)

Non-event 14,061 (65%) 7,028 (65%) 21,089 (65%)

21,512 (100%) 10,752 (100%) 32,264 (100%)

Stratified random sampling

Strata

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 1 ∎ ∎ ⋯ ∎

Develop data set

32,264 (100%)
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Splitting the Data for model training and 
assessment

a.  Data splitting can be used only on data with continuous targets.
b.  The validation data set is used to calculate the parameter estimates and 
validate the model.
c.  Assessing the performance of the model on the data that you used to fit the 
model usually leads to an optimistically biased assessment.
d.  Small differences in performance on the training data set versus the validation 
data set usually indicate overfitting.

Which of the following statements is true regarding model assessment?
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Splitting the Data for model training and 
assessment

a.  Data splitting can be used only on data with continuous targets.
b.  The validation data set is used to calculate the parameter estimates and 
validate the model.
c.  Assessing the performance of the model on the data that you used to fit the 
model usually leads to an optimistically biased assessment.
d.  Small differences in performance on the training data set versus the validation 
data set usually indicate overfitting.

Which of the following statements is true regarding model assessment?

Answer a is incorrect because data splitting can be used on data with any type of 
target.
Answer b is incorrect because the validation data set is used to validate the model. The 
training data set is used to calculate the parameter estimates.
Answer d is incorrect because large differences in performance on the training data set 
versus the validation data set usually indicate overfitting.
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Splitting the Data for model training and 
assessment

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
4 1 ∎ ∎ ⋯ ∎
5 0 ∎ ∎ ⋯ ∎
6 1 ∎ ∎ ⋯ ∎
7 0 ∎ ∎ ⋯ ∎
8 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑚 1 ∎ ∎ ⋯ ∎

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑛 1 ∎ ∎ ⋯ ∎

	 𝑦 𝑋$ 𝑋% ⋯ 𝑋'
1 0 ∎ ∎ ⋯ ∎
2 1 ∎ ∎ ⋯ ∎
3 0 ∎ ∎ ⋯ ∎
⋮ ⋮ ⋮ ⋮ 	 ⋮
𝑤 1 ∎ ∎ ⋯ ∎

Training data set

Validation data set

Develop data set

For the target marketing project at the bank, we want to split the develop data set into a training 
data set and a validation data set. In this demonstration, we do the following: Use a stratified 
sample to select the records for the training and validation data sets, and create two data sets: 
train and valid. Let's look at the code.

Bank

Stratifie
d 

random 
samplin

g
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Splitting the Data for model training and 
assessment
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Splitting the Data for model training and 
assessment

What would happen if you split the data by taking a simple random sample in 
PROC SURVEYSELECT? Assume that, as in the previous demonstration, you split 
the data into two data sets (a training data set and a validation data set) and 
specify a sampling rate of 0.6667. 

a.  The results would be the same as in the demonstration.
b.  The proportion of the SELECTED=1 cases (cases in the training data set) would 

be different from the corresponding results in the demonstration.
c.  The proportion of the events in the training data set would probably be 

different from the proportion of events in the validation data set.
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Splitting the Data for model training and 
assessment

a.  The results would be the same as in the demonstration.
b.  The proportion of the SELECTED=1 cases (cases in the training data set) would 

be different from the corresponding results in the demonstration.
c.  The proportion of the events in the training data set would probably be different 

from the proportion of events in the validation data set.

What would happen if you split the data by taking a simple random sample in 
PROC SURVEYSELECT? Assume that, as in the previous demonstration, you split 
the data into two data sets (a training data set and a validation data set) and 
specify a sampling rate of 0.6667. 

Unlike a stratified random sample, a simple random sample does not guarantee an equal
percentage of events in the training and validation data sets. However, because the
sampling rate is the same as in the demonstration (0.6667), the training data set
(SELECTED=1) will contain 66.67 percent of the observations regardless of the sampling
method.


