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OBJECTIVES

MEASURE GENERATION & DATA MINING

1. Characterize ERP patterns using top-down (knowledge-driven) & bottom-up
(data-driven) methods for pattern classification & pattern rules (Ref. [1]).
2. Provide pattern concepts & rules as inputs to an ERP ontology (Refs [2-4]).

The input to the data mining consisted of spatial and temporal metrics for each ERP
observation (n=80) & each metric (n=20). As shown in Tables 1A-B, the values for spatial
metrics are invariant for sICA data, while temporal metrics are invariant for tPCA. These
two methods thus provide complementary sources of data for clustering & classification.

+

Table 1. Sample metrics ( temporal and spatial ) derived from (A) sICA and (B) tPCA methods

TOP-DOWN AND BOTTOM-UP METHODS
We have designed a method that automatically decomposes ERP data, and then
classifies and labels discrete patterns for each individual subject and experiment
condition (Ref. [1]). As shown in Figure 1, this system relies on both top-down and
bottom-up methods for pattern classification. The resulting pattern definitions are then
formally represented as part of our Neural ElectroMagnetic Ontologies (NEMO; Refs
[1-4); http://nemo.nic.uoregon.edu).

A
B
1. Which spatial & temporal metrics are
most important for defining patterns?
We used an EM (Expectation Maximization)
algorithm for clustering (see Refs. [1-4]).
We then used Information Gain to select the
spatial and temporal metrics that most
effectively assigned observations to clusters.
As shown in Fig. 3, 6/20 metrics had high
info gain, incl. TI-max (peak latency) and
the 6 centroid measures (CoP-x, etc.)

Figure 3. Info gain results for spatial ICA.

2. What are the ranges for each metric that should be used to define ERP patterns?
We used the st. dev. for each metric to specify data-specific ranges for each pattern.

REFINEMENT OF PATTERN DEFINITIONS
Our first-generation ERP ontologies incorporated definitions for 5 ERP patterns that were
based on prior knowledge (i.e., published studies of ERPs in visual word recognition). In
Table 2, we suggest tentative revisions based on data mining results (see above).
Table 2. Original ERP pattern rules & revised rules based on data mining. TI-max = peak latency;
ROI = region-of-interest; IN-mean = mean intensity. (*) Note that revisions of spatial criteria are based
on tPCA results, while temporal criteria are based on sICA results.

Pattern
Figure 1. Design for an integrated top-down (knowledge engineering) and bottom-up
(kowledge discovery) approach to discovery and articulation of ERP pattern rules
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PATTERN ANALYSIS
Simulated ERP data were designed to model ERPs acquired from 128 EEG channels,
40 “subjects,” and two “conditions.” The data were derived from a 9-dipole, 3-shell
spherical model using Dipole Simulator. Dipoles were located in occipital, temporal,
mid-frontal, and parietal regions (Fig. 2A), representing 5 patterns: 1) P100, 2) N100, 3)
N3c, 4) MFN, & 5) P3 (Fig. 2B). The data were projected to 129 scalp locations, with
time series distributed over ~600 ms. (Fig. 2C). Individual “subject” ERPs were
designed by adding random offsets to the base intensities. Noise was superposed on
the simulated ERP data for each of the 80 individual datasets (courtesy of P. Berg).
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Original Definitions
1.
2.
3.
1.
2.
3.
1.
2.
3.
1.
2.
3.
1.
2.
3.

70 ms < TI-max ≤ 140 ms
ROI = Occipital
IN-mean (ROI) > 0
141 ms < TI-max ≤ 220 ms
ROI = Occipital
IN-mean (ROI) < 0
221 ms < TI-max ≤ 260 ms
ROI = Anterior Temporal
IN-mean (ROI) < 0
261 ms < TI-max ≤ 400 ms
ROI = Mid Frontal
IN-mean (ROI) < 0
401 ms < TI-max ≤ 600 ms
ROI = Parietal
IN-mean (ROI) > 0

Refined Definitions (*)
1.
2.
3.
1.
2.
3.
1.
2.
3.
1.
2.
3.
1.
2.
3.

105 ms < TI-max ≤ 111 ms
CoP ≈ (-0.05, -8.35, 0.46)
CoN ≈ (0.02, 5.13, 1.94)
196 ms < TI-max ≤ 202 ms
CoP ≈ (-0.11, 5.24, -1.04)
CoN ≈ (0.26, -5.40, 1.38)
234 ms < TI-max ≤ 252 ms
CoP ≈ (-0.39, 0.88, -3.11)
CoN ≈ (0.52, 1.89, 6.68)
290 ms < TI-max ≤ 310 ms
CoP ≈ (1.04, -3.97, -1.66)
CoN ≈ (-0.75, 5.37, 6.59)
366 ms < TI-max ≤ 544 ms
CoP ≈ (0.02, -4.50, 6.47)
CoN ≈ (0.00, 3.27, -1.93)
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SUMMARY & CONCLUSIONS
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 We describe a framework for combining top-down & bottom-up methods for pattern
classification and rule discovery
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 Top-down methods include formulation of initial pattern definitions based on prior ERP studies
(knowledge engineering) & selection of metrics that encode important spatial & temporal concepts
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 Bottom-up methods include clustering and the use of information gain for validation and
refinement of top-down knowledge & concepts (i.e., selection of metrics for rule definitions).

Figure 2. A) Dipole locations. B) Base model intensities for each dipole. C) Scalp data
Decomposition: The simulated ERP data were decomposed using temporal PCA (tPCA) and
spatial ICA(sICA). Each method yielded a small set of discrete pattern “factors.” Factors were
projected into scalp space, to extract information about the strength of each pattern factor across
space, time, “subjects,” and “conditions.”
Evaluation: To evaluate the accuracy of the decompositions, we applied the following metrics:
• PMCC (Product Moment Correlation Coefficient): Pearson product moment correlation
coefficient; measures the (linear) similarity between base waveform (or topography) and the
derirved waveform or topography.
• GMD (Global Map Dissimilarity): Correlation (PMCC) between two topographies or waveforms
• L1/L2 Norms: Measures of relative error
Results: Temporal PCA gave more accurate decomposition results (lower relative error and higher
correlations) for these data, particularly as measured by L1 & L2 norms.

 Comparison of sPCA & tPCA methods reveals different strengths and weaknesses and
suggests that the use of these methods together can yield complementary insights on the
nature of ERP patterns, resulting in rule definitions that can be used for accurate labeling,
as well as for initial stages of ERP ontology development.
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