Tutorial PP: Clustering Fiber Length Histograms by Degree of Damage.

Guest Author: Mourad Krifa, Ph.D., Assistant Professor of Fiber Science, School of Human
Ecology, University of Texas at Austin; Austin, TX.

Note to users: DATA set for this tutorial: The entire dataset illustrated above could not be
provided for proprietary reasons; instead a sub-sample is provided, called: “Fiber-Length DATA-

subset Elsevier.sta”. Please use this dataset to use in replicating the steps above; a similar,

but not identical, set of results should be obtained.

Mechanical damage in fiber processing both shifts the fiber length distribution and alters its
shape. This leads to length distributions with complex shapes (often bimodal) that cannot be
classified based on simple summary statistics (Krifa, 2009). In such cases, the best way to
compare and classify samples with varied degrees of fiber damage is to examine the empirical
length histograms. The measurement instrument measures the length of individual fibers in
samples ranging from 3000 to 10000 fibers (Krifa, 2006, 2008) and outputs histogram data
(number of fibers detected in each of 40 length bins from 0.79 to 62.7 mm).

This tutorial illustrates the use of K-Means Clustering in STSATISTICA to classify samples based
on histogram data. The dataset used in this tutorial consists of length histogram data from 356
cotton fiber samples forming a range of fiber damage. The data was organized in the
spreadsheet such that each of the 356 samples is one case (row). The 40 variables (columns)
correspond to the 40 length bins. The goal of the analysis is to quickly classify the samples into
relatively homogenous groups of different damage levels.

[. Running K-Means Clustering:

- Inthe STATISTICA spreadsheet view, select Generalized EM & k-Means Cluster Analysis from
the Data Mining menu (Fig. 1) to display the Generalized Cluster Analysis Startup Panel.
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- Inthe Generalized Cluster Analysis Startup Panel (Fig. 2), Click on Variables and select all
variable for the analysis

- Click the Validation tab.
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- Select the V-fold cross-validation check box (Fig. 3) to let the algorithm determine the best
number of clusters within the range specified in the Minimum/Maximum number of cluster
fields also displayed on this tab. In this analysis, we specified a minimum number of 7
clusters based on knowledge about processing conditions. Click OK.
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II. RESULS:

The Quick tab of the Generalized Cluster Analysis results dialog (Fig. 4) gives access to multiple
options (Cluster means, Cluster distances...). In this analysis we are interested in cluster
memberships of the 356 observations.

- Click on Members & distances to display a spreadsheet with cluster memberships of the
observations (Fig. 5). The drop-down list allows generating seperate spreadsheets for spcific
clusters.
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- From the SEPARATE SPREADSHEETS created for EACH of the 7 CLUSTERS, we can draw a 2-
D-LINE PLOT {Case Profiles}, as shown in Fig. 6
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The case profile plots show empirical density traces (h
classified in each of the 7 clusters:

istograms) of the length distributions
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Cluster 7:
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lll. Conclusion:

We used K-Means Clustering to classify fiber length histograms of 356 samples into 7 groups.
Line plots generated for the 7 clusters show distinct patterns across clusters and relatively
homogenous distribution shapes within clusters. The various patterns correspond to different
degrees of fiber damage.

Note to users: DATA set for this tutorial: The entire dataset illustrated above could not be
provided for proprietary reasons; instead a sub-sample is provided, called: “Fiber-Length DATA-
subset Elsevier.sta”. Please use this dataset to use in replicating the steps above; a similar,
but not identical, set of results should be obtained.
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