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> Overview

§ Question — how does sample size affect the
guality of a data mining model?

§ Why Is this important? Several reasons:

§ Common belief is that more data = better models.
§ Using all data can be costly
g Commonly, the actual requirement is to score all the data,
not to build a model with it.

§ Very small amounts of data are available.
& Inability of IT to supply data
§ Time pressure to build a model
§ The software package or algorithm having a perceived or
real inability to handle large amounts of data.
§ What is the benefit of acquiring more data?
§ How will more data affect the model quality?
§ How costly is it to acquire that data?




> What type of models?

§ There are many types of data mining models, including:
§ Clustering
§ Association
§ Forecasting
§ Classification

§ The focus here is on binary predictive models
§ Classification models that have a binary dependent variable.

§ These covers many commercial uses of data mining including
customer acquisition

cross-sell

customer retention

fraud detection

credit scoring

etc
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> Approach

§ 18 datasets, each with a binary dependent
variable, were collected and prepared for use
In a bulk modeling and evaluation environment.

§ Multiple models were built on randomly
selected samples of varying sizes and
balancing regimes for each dataset.

§ Each model was evaluated using various
model quality measures.




> Data Used in the Study

g 18 datasets studied

g Varied in records
§ 43342 — 2602718

§ Varied in independent

variables
§ 11 — 115

§ Varied in positive cases
§ 1249 — 289297

g Varied in ratio of

negative:postive cases
§ 1.07 -89.01
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> Data Preparation

§ All the data was prepared
and cleaned in a uniform
manner

Business + Dats
un:lnrutundlng..q.. understanding

§ This was performed
In accordance with
the CRISP-DM

process
§ WWW.Crisp-dm.org

§ Includes creation of
Independent test data

Evaluation




> Model Building

§ The model building process was controlled by five dimensions;
§ dataset,
§ algorithm,
§ true records in sample size,
§ balancing,
§ and trial.

§ Seven variants of three algorithms were employed:
§ one logistic regression,
§ four variants of error back propagation MLP neural networks,
§ and two C5.0 rule induction.

§ The sample sizes were controlled by the number of true records in the
training dataset.
§ The exact number of true records randomly selected from all the training data
started at 32.
§ This figure was multiplied by the square root of 2 for the next sample size.

§ Number of false records was:
§ The same as the true records (balanced)
§ In keeping with the original —ve:+ve ratio (unbalanced)

§ 40 trials for each of the above
§ Yielded 177,520 predictive models.




> Model Evaluation

§ Every model was evaluated on independent

data using 3 measures

§ Correct ratio _ Recordscorrectlyclassifiedin evaluationdataset
CorrectRaio = _ _
Recordan evaluationdataset

g Gain ratio in 1st decile

g Gain ratio GainRatio= AreabetweerDM andRandonmodelggainscurves
AreabetweerHindsightandRandongainscurves
§ Gain ratio IS a numeric Gains Curve

100

measure of a gains curve

§ Similar too, but not to be
confused with the AUC
measure of an ROC curve = #

80+
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> Results

48Mb of model score quality data to analyse




» Effect of Sample Size on Model Quality

§ Examined the effect of sample size, model
type and balancing on model quality.

§ Used mean model quality measurement across
the 40 trials.

g Used mean measurement across all datasets.

§ Only considered 12 datasets, with the number
of positive records up to 8192 records




> Effect of Sample Size

sample Size Effect on Correct Ratio
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> Can A Model Building Sample Be Too Large’?

§ Analysed the model quality built on all sample

sizes
§ Was the highest quality model for a given dataset,
algorithm and balancing regime built from the largest
sample or not?

§ Model quality measurements grouped Iinto sets
using dataset, algorithm and balancing as

keys.
§ Each set was tested to determine if the largest

sample size yielded the highest quality model.
§ “Too Large Ratio” is then based on whether or not
the largest sample built the highest quality model.




> Sample Size Too Large?

§ Over 50% of model sets have the highest correct

ratio produced by a sample size smaller than the
maximum
§ Just under 1/3" Gain ratio measures display the
same characterstic.

§ More noticeable when looking at the maximum
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sample size.
§ As sample size increases, it's more likely that a
better gain ratio could be achieved on a smaller
training sample.
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» Effect of Balancing

§ Balancing data can greatly reduce sample size
§ Is it an effective technique?
§ What effect does it have on model quality?

§ To determine the effect of balancing on model quality,
the mean was taken over the sets of 40 trials, holding
for the 12 datasets, algorithm type, true records in
modeling sample and palancing.

§ The quality measure of the model built on balanced
data was then divided by the corresponding measure
for the unbalanced data. The resulting ratios were
further aggregated by model type, and true records in
modeling sample.

§ This yielded a set of balancing effectiveness ratios for
model type and true records, where a ratio over 1.0
shows balancing to be an effective option.




> Balancing Effectiveness

§ Considering Gain Ratio, different model types exhibit different
behaviour
§ Logistic Regression better on unbalanced data
§ Rules generally better on balanced data
§ Neural Nets better on balanced data when sample size gets large

§ For Correct Ratio, balancing seems to not be a good technique
§ This is due to the simplicity of the measure

§ It's very noticeable the three measurements yield such different
results




> How did we do this?

§ Clementine was used to build and evaluate

the 177,520 models
§ This was automated using Clementine scripting
§ Control was provide by SPSS Predictive
Enterprise Services
§ A 4 PC cluster was employed to spread the
workload

§ Results analysis was also performed using
Clementine




> Conclusion

§ Increasing sample size can boost model quality.

§ However, a training sample can be too large
§ A smaller sample could produce a higher quality model.

§ For any given dataset, increasing the amount of data used to build
a model will not necessarily increase the model quality.

§ Balancing is effective when the model quality measure is gain
ratio, particularly when building decision trees.
§ The effect of sample size on model quality is also highly dependent on
how model quality is measured.

§ The initial phase of CRISP-DM, business understanding, outlines
the necessity for success criteria to be fully understood.
§ This analysis highlights the need for this approach to be adhered to,
including understanding how the model will be used in practice and
how that affects the model building and evaluation process.




