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1. Introduction

There are zero-inflated data in many disciplines, including environmental science, manufacturing application, etc.

With Poisson count data, for example, one views a data set as zero-inflated if there are more zeros than the Poisson

probability mass function can accommodate.

The first systematic analysis of zero-inflated count data was developed by Lambert (1992). In a manufacturing

process, the number of defects in the product from manufacturing process is often assumed to follow a Poisson dis-

tribution. But if the manufacturing processes are well designed, many products would have zero defects, causing a

large number of zeros in the data.

This paper suggests a new tree-based technique for handling zero-inflated count data response. Decision tree is

the one of many data mining techniques that is a popular approach for segmentation, classification and prediction by

applying a series of simple rules. Decision trees automatically constructed from data have been used successfully in

many real-world situations.

The landmark work of decision tree is the methodology of Breiman, Friedman, Olshen, and Stone (1984), who

introduced classification tree for a univariate discrete/continuous response, CART (Classification And Regression

Tree). There are various competing approaches to the work of Breiman et al., such as that of CHAID (Chi-squared

Automatic Interaction Detection) (Kass, 1980) and C4.5 (Quilan, 1992).

To suggest a new tree-based method called zero-inflated Poisson tree (ZIP tree), we modify CART by using zero-

inflated Poisson likelihood as a homogeneity measure in the node. Second, using a well-known data set, soldering

data of AT&T, we will investigate the property and performance of the decision tree algorithms. In next Section 2,

using a real application data set, we will compare proposed method (ZIP tree) with CART.

2. Application

2.1. Solder Data

This data was also analyzed by Lambert (5). In 1988, an experiment was designed and implemented at one of AT&T’s

factories to investigate alternatives in the �wave-soldering� procedure for mounting electronic components on printed

circuits boards. These data are the results of an experiment varying 5 factors relevant to the wave-soldering procedure

for mounting components on printed circuit boards. The response variable, skips is a count of how many solder skips

appeared to a visual inspection. An experiment studied five factors on solderability as follows:

1. Mask - five types of the surface of the board (A1.5;A3;A6;B3;B6).

2. Opening - large, medium, small clearance in the mask around the pad (S;M;L).

3. Solder - thick or thin.

4. Pad - nine combination of different lengths and widths of pads (D4; D6; D7; L4; L6; L7; L8; L9; W4).
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5. Panel - 1:first part of the board to the soldered; 2=second; 3=last.

In the experiment, one combination of mask, solder, amount, and opening was applied to a board. Each board

was partitioned in to three equal panels, and each panel was subdivided in to nine areas. In each area, only the total

number of leads improperly soldered(=Skips), was recorded. The response vector skips has 675 elements between

0 and 32.81% of 675 elements had zero skips, that is most area had no defects. So, we can easily see here that this

data is zero inflated. In this data, maximum likelihood estimates of λ and p in zero-inflated Poisson(p, λ) is 0.812 and

8.08, respectively. Some things are clear that �Opening:Small� is bad (Mean defects - S:2.97, M:1.12, L:0.10) and

�Mask:A6� is also bad (Mean defects - A1.5:0.09, A3:0.50, A6:7.45, B3:0.69, B6:0.70).

2.2. Poisson regression and zip regression

The first choice of the analysis of solder data is Poisson regression model. All models have all main effects and three-

way interaction model also has all two-way interaction. The model that has the smallest residual deviance is the last

entry in the Table 3, i.e. three way interaction between mask, opening and solder model. The model predicts that

71% of the areas had no defects (true value is 81%), 3.7% will have at least 9 defects (true value is 5.2%). Lambert

indicated that this problem arises when there are too many zeros and too many large counts for the data to be Poisson.

To figure out these problems, Lambert analyzed these data by using zero-inflated Poisson regression model and choose

the last model as follows.

log(�λ) =panel + pad + mask + opening + solder

+ mask ∗ solder + opening ∗ solder

log(
�p

1 − �p
) = panel + pad + mask + opening.

ZIP model has an advantage that it can give the information on which factors give lower mean number of defects and

the reason why the means are low. However, it is still rather difficult to interpret interaction effect than the decision

tree model.

2.3. Tree construction

In this section, we construct tree models using CART method and ZIP likelihood model. To construct ZIP tree, we

use a forward stoping rule (pre-pruning) to determine model complexity. To ensure a reasonable number of subjects

in every node, we do not partition any node that has fewer than 30 subjects. Minimum improvement of log-likelihood

to split is set as 5.0.

3. Conclusion and discussion

We have introduced and proposed tree-based techniques for the analysis of zero-inflated count response. By simula-

tion study, we find the results that ZIP tree is efficient when there are many zeros in the data. Using real application

data sets, we also find that ZIP tree is useful to predict and find zero-inflated data area. Hence, when analysts are in-

terested in lower value groups (e.g., no defect areas, customers who don’t claim), ZIP tree would be the better choice

than CART.

Since the likelihood approach is easily understood and can be used assuming any other underlying distribution,

we can construct an efficient tree for any other data types of response. For example, if over-dispersion problem has

arisen from Poisson likelihood approach, negative binomial likelihood would be the better choice.

148



Proceedings for the Spring Conference, 2011, The Korean Statistical Society

References

Breiman, L.; Friedman, J. H.; Olshen, R. A.; Stone, R. A. (1984). Classification and regression trees, Wadsworth,

Belmont.

Kass, G. V.(1980). An Exploratory Technique for Investigating Large Quantities of Categorical Data, Applied Statis-

tics. 29, 119�127.

Lambert, D (1992). Zero-infated Poisson regression with an application to defects in manufacturing, Technometrics

34, 1�14.

Quinlan, J. R.(1992). C4.5: Programs for machine learning, California: Morgan Kaufmann.

149




