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Table 1: LC-ultraFAIMS-MS optimisation experiments

5. LC-ultraFAIMS-MS Workflow Validation

1. Introduction
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« method="centWave'",scanrange=c(0,504), peakwidth=c(5,30),
ppmM=25, mzdiff=c(-0.001), snthresh=3, integrate=2,
fitgauss=FALSE

Produced feature-extracted and feature-aligned data.
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« More features were detected in the higher CF region at the higher An unsupervised, pareto scaled principal component analysis (PCA)
I e e DFs. 240 Td was selected for further experiments based on plot for data obtained at CF 1.1 Td is shown in Figure 9.
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Analysis was performed on a 6230 TOF-MS and a 1290 series LC
(Agilent, Santa Clara, US) combined with an ultraFAIMS device * Increased MS scan rate means more data points can be acquired

The PCA plot shows partial separation indicating differences in the
over a given CF range. data sets.
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e The CF values are
synchronised with MS
acquisition so a mass
spectrum is acquired for
each CF (Figure 3).
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The effect of the different MS scan rates and CF ranges on feature
detection was investigated.

Figure 3. Integrated
LC-ultraFAIMS-MS analysis
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A feature was defined as a unique identifier for each component of
a my/z, a retention time (tR) and a compensation field (CF).
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Figure 11. Example Trend plots of features contributing towards class separation
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Figure 4. LC-ultraFAIMS-MS feature extraction workflow

4. LC-ultraFAIMS-MS optimisation

Optimisation of nested FAIMS data acquisition focussed on:

« # and range of FAIMS CF settings to give optimal FAIMS
separation.

« # of data points within the timescale of the chromatographic
peaks.

« Optimal sensitivity via chromatographic peak heights and # of

TOF scans s

Figure 7. Comparison of # of features detected in experiments 3 a-f as described in Table 1

The # of features detected by scanning the FAIMS at a rate of 1 CF
scan s’ and 2 CF scans s was compared.

« At a S:N of 3, more features were detected using a 2 CF scans s

scan rate (Figure 8a).
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Figure 8. Comparison of features detected at 1 CF scan s-1 and 2 CF scans s-1 at (a)S:N of
3and (b) S:N of 10

To determine if this result was accurate, or a result of increased
noise using the faster scan rate, the analysis was repeated at a S:N
of 10 (Figure 8b).

« Whilst total # of features decreased, the faster scan rate again
produced more features than the slow scan rate.

« 2 CF scans s’ scan rate was used for analysis.

www.owlstonemedical.com/ultraFAIMS

Next step is to expand the data set to a statistically significant # of
patients and validate the identified features by correlating
multivariate analysis to raw data, as well as cross referencing to
patient data to identify potential confounders.

5. Conclusions

 The optimisation of untargeted profiling of the urinary
metabolome using LC-FAIMS-MS and the data analysis workflow
required to produce 3D nested data sets has been described.

« The optimised workflow has been applied to demonstrate proof
of principle metabolic assessment of urine samples from a renal
cell cancer cohort vs. healthy controls.

 Following further validation, the LC-ultraFAIMS-MS features list
will be used to build a predictive model, or classifier, from which
a probability of disease can be predicted.

e Combining FAIMS into a metabolomic workflow offers increased
peak capacity for untargeted metabolite profiling to diagnose
disease or stratify an individual’s treatment.
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