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Overview
Although tools for computing quality control (QC) metrics have
proliferated in recent years, these tools are rarely employed
systematically. One of the reasons contributing to this is that
understanding the generated QC data remains very difficult and requires
expert bioinformatics and mass spectrometry knowledge.
To analyze computational QC metrics we have developed an algorithmic
methodology to automatically discriminate low-quality from high-
quality mass spectrometry experiments. Its main advantage is that
this methodology is completely unsupervised and thus does not require
any time-consuming and potentially error-pone manual input. Further, the
methodology focuses on providing interpretable results that can be used
to improve the experimental set-up.
Finally, we have evaluated QC metrics generated by various tools
that capture information at different stages of a mass spectrometry
experiment. This evaluation shows that most sets of QC metrics are able
to successfully represent the quality of the experiments, although
depending on the use case some QC metrics can be slightly more
expressive than others.

Introduction
QC metrics: asses the reliability of a mass spectrometry experiment

QC metrics can capture information at various stages in a mass
spectrometry experiment (Figure 1):
• Instrument parameters
• Derived from the spectral data, independent of identifications (ID-free)
• Derived from the spectral data and the corresponding identifications

(ID-based)

Various tools to compute QC metrics exist, but analyzing this qualitative
data remains hard:
• Individual QC metrics are not fully understood
• The acceptable variability is ill defined
• Metrics constitute a multivariate data space, interdependencies have to

be taken into account. Often a multiple testing correction is neglected
when analyzing several QC metrics individually.

Experiment quality assessment
We have developed an algorithmic methodology to automatically
discriminate low-quality from high-quality mass spectrometry
experiments1 (Figure 2) :
• Unsupervised technique: no time-consuming and potentially error-

prone manual input required
• Explicitly takes into account the high-dimensional data space
• Emphasis on interpretable results to provide feedback on the quality

degradation

Metrics comparison
Multiple tools exist to compute QC metrics, often embedded within a
complex ecosystem of bioinformatics tools. This makes it hard to
objectively compare the expressivity of the QC metrics computed
by each of these tools.

We have use different tools to generate QC metrics:
• Instrument: iMonDB3

• ID-free: QuaMeter (“idfree” mode)4

• ID-based: QuaMeter (“nistms” mode)5

• More tools to be included in future comparisons…

These various sets of QC metrics were evaluated on their capability to
correctly discriminate low-quality from high-quality experiments for
different instrument models using a supervised random forest
classifier (Figure 3):
• All metrics successfully capture the quality of the experiments
• There is a limited difference between ID-free and ID-based metrics
• ID-free metrics might be preferred over ID-based metrics because the

latter can more heavily be negatively influenced by suboptimal
bioinformatics settings

• Instrument metrics are slightly less expressive in general, but are still
able to capture specific malfunctions

• Instrument metrics and metrics derived from spectral data provide
orthogonal information, their combination can result in additional
insights

Conclusion
Despite the availability of multiple tools to compute QC metrics, a
systematic approach to quality control is often still lacking. This is partly
because it remains difficult to correctly interpret the computed QC
metrics. Therefore we have developed an algorithmic methodology to
automatically detect low-quality experiments and to interpret the most
relevant QC metrics that indicate this decrease in quality. Further, we
evaluated the ability to differentiate between low-quality and high-quality
experiments for different types of QC metrics.
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Figure 1: A few representative software tools that capture QC information
at different stages of a mass spectrometry experiment.

Figure 2: Based on multivariate QC metrics low-quality experiments are
identified through outlier detection, and actionable information is obtained
through the interpretation of these outliers.

Outlier detection
Low-quality, deviating, experiments are identified through unsupervised
outlier detection:
• Local Outlier Probability (LoOP) algorithm2:
• Detect outliers based on their closest matching neighbors
• More sensitive than global methods
• For example, is able to deal with changes over time

• Simultaneously take into account all metrics constituting the high-
dimensional data space

Outlier interpretation
It is insufficient to know that an experiment is an outlier, it is also crucial
to understand why the experiment suffers from low quality which
allows us to fix the experimental set-up:
• Determine the subspace of QC metrics in the high-dimensional data

space that are most relevant for the decreased quality
• Completely data-driven approach, no manual input: the most frequently

occurring explanatory QC metrics correspond to previously highlighted
QC metrics by expert users

Figure 3: Evaluation of different types of QC metrics. The ROC curves
indicate the classification performance of the various sets of QC metrics.


