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Infroduction Evaluation - Performance
Comprehensive two-dimensional chromatography, such as GCxGC and LCxLC, is a The three data sets have varying number of chromatograms, number of peaks, file size,
powerful technology for analyzing the patterns of constituent compounds in complex and number of classes as shown in the table below.
samples. Howeve_r, matchin_g chromat_ographic fea_ltures ff)r_ comparative analy§is across S ——— o Average # of Peaks | Average File Size (MB) [Number of Classes
Ia!’ge data sets is ch_allenglng and time consuming. Efficient chromatographic feature -_-
alignment and matching methods are necessary. Chocolate 20 928 53 €8 10
Diesel 80 2300 528.56 4
InveSﬁgqfor Workflow Wine (selected) 75 181 937.30 2
Our Investigator framework [1] applies peak matching techniques to align multiple Wine 149 181 937.30 2

chromatograms automatically, and then converts peaks into peak-region features that

) (A subset of the wine samples was used as an additional data set to evaluate the method.)
comprehensively capture the pattern of peaks across all sample chromatograms.

Performance of each technique was evaluated on a Win 10 PC with Intel Core i7 CPU.
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To find reliable peaks that match across many chromatograms, »
« A pairwise peak matching is performed on the entire data set. o I
« From the pairwise matching, a comprehensive set of reliable peaks is created, which 10%
correspond across all or most chromatograms. o

Chocolate Diesel Wine (selected)

46.76%
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However, this approach is limited by the combinatorial nature of the pairwise matching

and can be time consuming for analyzing hundreds of chromatograms. To overcome these The values are shown as the runtime relative to the brute-force pairwise runtime. Lower is better.
drawbacks, we evaluated various cluster-based methods for reliable peak selection.

The performance chart shown depicts a substantial decrease in runtime when performing

. . the cluster-based peak selection.
Method - Cluster-based Reliable Peak Selection P

To limit the number of pairwise comparisons required, samples can be grouped into + Class-based clustering improved throughout, performing similar to the HCA clustering
clusters. Pairwise matching will be performed within-cluster. The within-cluster results can methods for some of the data sets.

then have between-cluster pairwise matching performed to get a global reliable peak . Between the data sets, the performance improvements of the clustering scaled with the
selection. number of chromatograms (seen in comparing the wine datasets) and the number of

_ _ | o | features in the samples (seen in the diesel dataset).

Technique 1 - Class-based Clustering using manual classification labeling to make a + The file size of the chromatograms had a negative effect on the cluster performance,
single cluster for each class. This utilizes class composite images which have been proved where the 10 had an increased impact on the runtime. This was apparent in the Wine
useful for between class analysis [2]. data set, where there were the average peak count per sample was relatively small while

having about 1GB data file size each.
Technique 2 - Hierarchical Clustering using computer vision-based similarity metrics

that group chromatograms with similar features. Evaluation - Quqlify

+ Enhanced Correlation Coefficient (ECC), a measure of image similarity from computer The results of each techniques were verified with the following evaluations:

vision, is calculated between all the chromatograms.

.+ The ECC score matrix can be quickly calculated and passed to a hierarchical cluster « The reliable peak set is viewed to ensure a minimum set of reliable peaks are selected.
algorithm (HCA) to generate a tree of the chromatogram set « The alignment is evaluated by checking the peak-regions in the feature template.

« The hierarchical cluster algorithm (HCA) tree is then flattened based on appropriate * The PCA chart is generated using the Percent Response of the feature peak-regions.
cluster sizes and number of clusters. Using the Brute-force results as a baseline, the class separation is compared.

Technique 3 - Class-Based ECC HCA using an alteration of the ECC HCA tree by Example - Chocolate:

« The PCA charts show equivalent class separation.

« Similar and more reliable peaks are found with clusters as shown on the cumulative
chromatograms.

introducing the classification clusters as the first step in the algorithm.

To evaluate the three techniques, brute-force pairwise matching was also performed to

obtain a baseline.
BRUTE-FORCE CLASS-BASED ECC-HCA CLASS-BASED ECC-HCA
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Evaluation - Sample Sets

Three different sample sets are used to evaluate the performance of the above
techniques.

Chocolate - Samples of 9 different dark chocolates [3]
« Instrumentation: Agilent 7890 GC/J&X SSM 1800 coupled with JEOL AccuTOF

Diesel - Samples of diesel fuel from 4 difference brands [4].
 Instrumentation: Shimadzu 2010 Ultra GC/MS with Zoex ZX2 thermal modulator

Wine - Samples of Cabernet and Merlot wines from wineries in Brazil [5].
* |Instrumentation: LECO Pegasus GCxGC-TOFMS
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