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Introduction Methodology

O Surface roughness measurement is the most critical
indicator of defect performance in semiconductor and
display industry fabrication as roughness adversely
degrades device electrical characteristics and impacts

lifespan. U Clustering methods analysis: Different clustering methods were compared to see if they’re powerful to differentiate 6 distributions into Light Tail
Cluster and Discrete Points, and to group 13 variables into Peak Sensitive Cluster, Asymmetric Sensitive Cluster and Light Tail cluster.

O JMP Workflow builder: workflow was built to save time and enable more effective collaboration on projects while reducing variation and errors

Project was deployed as shown below:
U Data simulation: JMP Random Simulation was used to create Simulated Roughness Z profile data into six Normality Violation Modes

O 13 variables calculation: 5 Surface Roughness Variables and 8 Distribution Descriptive Statistics were calculated

O This project aims to create JMP Analytics package,
capable to detect the Normality Violation Modes
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1. Data collection

 JMP Random Simulation platform was used to create Simulated Roughness Z profile data into six Normality Violation Modes.
. Five Surface Roughness Variables and eight Distribution Descriptive Statistics are calculated.
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1. K-means Cluster 3. Principal Component Analysis, Relative Score
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»4 K-means Clusters method has shown closer results with Hierarchical Clustering Variable
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1. Cluster Variables vs. Multivariate Correlation

Cluster Summary
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» Clustering Variables method has split 13 variables into 3 clusters, all > 0.8 of R-Square with own cluster
» Within each cluster, there are extremely strong correlations between Multivariate Correlation and Cluster Variables

2. Principal Component Analysis 3. Multivariate Model Driven Score Plot
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» all three Loading Plots across the first three Principal Component Pairs show extremely strong

» Score Plot has the same pattern as PCA Loading Plot since both are based on
correlations between PCA and Cluster Variables

Principal Component Model
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1. Summary 2. JMP Workflow Builder
nd i .
15t Hypothesis (6 Distributions) - Hyp(_)th_es's (5 .Ro.ughness, Execute Function
* Light Tail Cluster: Uniform and Bimodal 8 [ZteSCrlptlve Stat'St'CS_)_ » able to skip the mess and frustration and get
* Discrete Points: Heavy Tail, Right Skewed, : 1ndCIUSter (Peak Sensitive) straight to experimentation and discovery
Surifers » 2@ Cluster (Asymmetry)
« 3 Cluster (nght Tal|) ~ Workflow Builder
E » Execute the workflow
- N . . Filter ol
Data Mining Tasks JMP Platform Criteria Hypothesis #1 | Hypothesis #2
Hierarchical Clustering Clustering History Fair Good 4 zt :?:::ct:i:fgﬁer @/
Clustering (U ised) K-Means Cluster Cluster Group ID Fair Hierarchical Cluster by Ward
e Normal Mixtures Cluster Group ID Poor Hierarchical Cluster by Complete

K Means Cluster

Cluster Variables Cluster Members Good Normal Mixtures
o o Multivariate Correlations Good 4 2rd Hypothesis (6/0)
Multivariate Statistics — = = Cluster Variables
Principal Component Analysis Loading Plot Good Good Multivariate

Multivariate - Cluster 1

Contributin Plot Poor Multivariate - Cluster 2

. . . Multivariate - Cluster 3

Quality and Process Model Driven Multivariate Model Driven Multivariate Control Chart, Heat Map and Relative Score Plot
Control Chart Score Plot Good A Principle Componenrs Analysis (3/0)
Heat Map Good Principal Components Analysis - Component 1 vs. Component 2

Principal Components Analysis - Component 1 vs. Component 3

Relative Contribution Plot Good Principal Components Analysis - Component 2 vs. Component 3

 Data Mining techniques is more powerful to achieve the 2"d Hypothesis than the 15t Hypothesis * IMP Workflow Builder can save time and enable more

* Next Step: Establish Database (Roughness, Raw Z-Profile, Roughness Metric, Process Tuning) effective coIIabor?tlon on prOJects: while reducing variation
and errors, especially for JMP beginners

* Workflow can promote JMP Data Mining project applicable
across Applied Materials
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