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Abstract 

Mass spectrometry-based proteomics excels at high-throughput identification of proteins 

expressed in complex biological samples. However, the technology struggles to identify low 

abundance proteins due to large amounts of redundant data acquired for high abundance proteins 

with little collected for low abundance proteins. To improve the identification sensitivity of these 

proteins, I designed a machine learning classifier that assesses protein identification confidence 

on-the-fly, during mass spectrometry analysis. Proteins deemed confidently identified are 

excluded from further analysis, saving mass spectrometry resources for lower abundance 

proteins. Simulating data from a HEK293 cell lysate mass spectrometry analysis, our algorithm 

uses 16.2% - 66.2% fewer mass spectrometry resources with a 2.6% - 39.5% drop in protein 

identifications. When applied to live mass spectrometry experiments, these saved resources will 

likely improve the overall protein identification sensitivity of the experiment, particularly for 

lower abundance proteins, and will therefore provide a better understanding of the cell’s biology.  
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1. Introduction 

1.1 Mass Spectrometry-based Proteomics 

Mass spectrometry (MS)-based proteomics has emerged as a state-of-the-art technology 

for identifying a large number of proteins in complex biological samples. This technology is 

useful for various clinical and basic research applications, including the ability to characterize 

the proteome of an organism or cell type,1–4 elucidating protein-protein interactions,5–7 and for 

highlighting protein differential expression between a disease versus non-disease state.8,9 MS 

also enables the identification of post-translational modifications10,11 and the absolute 

quantification of proteins when used with the appropriate standards.12 The basic principle behind 

mass spectrometry is that it measures the mass-to-charge ratio (m/z) of analytes. These m/z 

values are then used to derive knowledge about the identity of these analytes. 

High-throughput identification of proteins in a biological sample is best achieved by an 

approach named bottom-up proteomics.13 In bottom-up proteomics, proteins are extracted from 

cells of interest and are digested with a restriction enzyme to create smaller peptides. These 

smaller peptides are more easily amenable to MS analysis, which has poor sensitivity with larger 

molecules such as proteins.14 Trypsin is typically used as a restriction enzyme due to the 

enzyme’s high specificity and for the size of peptides it generates, based on the frequency of 

arginines and lysines in proteomes (the amino acids after which it cleaves), which is ideal for MS 

analysis.14,15 After digestion, a large pool of peptides is created, many of which may differ in 

amino acid sequence, but not in masses. Multiple different peptides analyzed at the same time 

cannot be differentiated, therefore samples will typically be separated based on some 

biochemical property before MS. Most approaches will separate peptides based on 
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hydrophobicity using liquid chromatography (LC) prior to MS analysis.16,17 Therefore, peptides 

with similar masses but different levels of hydrophobicity will not be analyzed at the same time 

in the mass spectrometer. 

1.2 Tandem Mass Spectrometry 

Since two peptides from two different proteins with different amino acid sequence may 

have the same mass, simply measuring their m/z ratio is not sufficient to unravel their identity. 

Therefore, mass spectrometry analysis is typically performed in tandem (MS/MS).18 In MS/MS, 

as peptides elute off the liquid chromatography column, the mass spectrometer measures their 

m/z values, generating an MS spectrum of precursor ions (referred to as MS1 spectrum). The 

time at which a given peptide elutes off the chromatography column is referred to as the 

peptide’s retention time. From the MS1 spectrum, a subset of the observed ions, corresponding 

to the eluted peptides, is selected for fragmentation based on their m/z values. The m/z values of 

the resulting peptide fragments are then measured to generate a tandem MS spectrum of the 

fragment ions (referred to as MS2 spectrum). It is from these MS2 spectra that the peptide 

sequences and therefore proteins are computationally identified. In other words, the MS1 spectra 

show the m/z value of the peptides entering the mass spectrometer and the MS2 spectra provide 

the mass of multiple fragments of a given peptide. 

1.3 Peptide and Protein Identification 

 After MS data acquisition, the resulting MS2 spectra are searched against a protein 

sequence database to determine which peptides and therefore proteins were present in the 

original sample. Many database search tools exist for this purpose. Some of the most widely used 

include SEQUEST19, X!Tandem20, and Mascot21. Although these tools differ in their 

implementation, a database search tool typically computationally compares the experimental 
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mass spectra to a database of theoretical mass spectra to statistically determine the proteomic 

composition of the sample. 

The theoretical mass spectrum database is generated from a protein sequence database 

specified by the user. These protein sequence databases are typically specific to the biological 

samples being analysed with the assumption that most of the proteins expected to be found in the 

sample are contained within the database. A set of theoretical peptides are generated by the in 

silico digestion of each protein sequences found in the protein sequence database. This in silico 

digestion breaks up proteins into peptides based on the cleavage sites of the restriction enzyme 

used during sample preparation. To account for the possibility of peptides that have not been 

fully digested during sample preparation, theoretical peptides with miscleavage sites can also be 

included in the peptide database. As well, peptides with certain amino acids with post-

translational modifications can be included in the peptide database. The number of miscleavages 

and post-translational modifications is specified by the user and are necessary to identify these 

peptides in a sample at the cost of greater computational time. For all of these peptides, 

theoretical peptide mass fragments generated upon MS fragmentation are calculated to generate a 

theoretical MS2 spectrum.  

Each MS2 spectrum acquired by the mass spectrometer is compared against these 

theoretical MS2 spectra and a confidence score is calculated indicating the confidence that this 

MS2 spectrum matches a given peptide. These peptide-spectrum pairings are called a peptide-

spectrum match (PSM). PSMs with low confidence scores are likely matched by chance, while 

PSMs with high confidence scores are more likely to correspond to correct matches. Typically, 

only PSMs above a certain confidence score threshold are considered to be significant. This 

threshold can be chosen based on a desired false discovery rate (FDR) of PSMs. FDR is 
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estimated by comparing these confidence scores against the confidence scores acquired by 

searching a set of theoretical MS2 spectra generated from peptides that are not expected to be 

present in the sample, known as decoy peptides. One way these decoy peptides are generated is 

by reversing the amino acid sequences of each peptide in the peptide database, preserving the 

amino acid composition and co-occurrence of each pair of adjacent amino acids.22,23 The FDR is 

therefore estimated as the proportion of PSMs that match a decoy peptide over all PSMs above a 

given confidence threshold. Users can specify their desired FDR (typically set to 1%).24,25 This 

translates to filtering the set of PSMs such that no greater than 1% of these PSMs obtained their 

corresponding confidence score solely by chance. However, acquiring a set of PSMs alone is 

usually not sufficient to estimate which peptides and proteins are present in a sample. 

After the mass spectra are searched with a database search tool, the results are processed 

using algorithms that statistically assess the probability that a set of peptides and therefore 

proteins are confidently identified. Some of the acquired spectra can have a significant amount of 

noise, some due to contaminating analytes. Since the database search tool attempts to match 

every spectrum (including these noisy spectra) to a peptide, statistical assessment for the 

confidence of a peptide identification is necessary to control for spectral quality and estimate 

false positive peptide identifications.26 To assess the confidence of a protein identification, 

further statistical analysis is necessary to account for peptides which correspond to multiple 

proteins in the protein sequence database and proteins identified by a single peptide.27 The 

approaches that assess protein identification confidence require completed mass spectrometry 

datasets to make such statistical inferences. Assessing protein identification confidence first 

requires a database search to be performed on the mass spectrometry data followed by the 

statistical assessment of peptide and protein identification confidence. These statistical 
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assessments require sufficient mass spectrometry data to be acquired and therefore current tools 

such as ProteinProphet27 and Percolator28–30 are not suitable for assessing protein identification 

confidence on-the-fly. 

1.4 Sensitivity Issue of Mass Spectrometry-based Proteomics 

While mass spectrometry-based proteomics can identify thousands of proteins in a single 

experiment, the technology still struggles at identifying proteins of low abundance without 

specific targeting or enrichment.16,17 These low abundance proteins are vital for obtaining a 

comprehensive understanding of the biology of the cell, identifying the interactions between low 

abundance proteins and their interactors, characterizing low abundance post-translational 

modifications, and increasing the discovery power for protein differential expression in a disease 

state. For example, when assessing protein differential expression between a disease versus a 

non-diseased state, it is difficult to differentiate between a protein that is absent from a condition 

versus a protein that was unsuccessfully detected by the mass spectrometer due to its low 

abundance. Identifying more of these low abundance proteins would increase our ability to 

perform such analyses.  

Such low abundance proteins often remain unidentified due to the MS/MS data 

acquisition approach. Indeed, due to the large number of potential ions the instrument can select 

for fragmentation and the limited amount of time peptides are available for MS analysis during 

liquid chromatography elution, systematically acquiring an MS2 spectrum for each peptide 

species in a sample is virtually impossible for a single experiment.31 Although technological 

improvements have accelerated MS analysis to allow the acquisition of MS2 spectra for more 

peptides, the field is unlikely to achieve a comprehensive characterization of all possible peptides 

in extremely complex samples, such as microbiome and human plasma samples, anytime soon. 
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Typical MS analysis favours the acquisition of data from the most abundant proteins. 

Therefore, a common strategy for selecting peptides to fragment is to choose those that have the 

highest intensity detected by the mass spectrometer. Those peptides are more likely to generate 

MS2 spectra that have a greater signal-to-noise ratio and therefore are easier to identify 

compared to lower intensity peptides.32 This method is referred to as Top N data dependent 

acquisition (DDA), where the mass spectrometer collects MS2 spectra for the N most intense 

peptides in an MS1 spectrum. Clearly, acquiring MS data in this manner consistently analyzes 

peptides of high abundance while obtaining little to no data for peptides of lower abundance, 

thereby limiting the protein identification sensitivity for the experiment. 

Low abundance proteins are often not identified in an MS experiment due to this repeated 

analysis of peptides of high abundance. This issue is illustrated in Figure 1. In this toy example, 

Protein 2 is of relatively low abundance and remains unidentified. Peptide B’ is a peptide, which 

would uniquely identify this protein, differentiating this protein from other proteins of higher 

abundance. However, this peptide is also of very low abundance. Since mass spectrometers 

acquire the MS2 spectra of peptides based on the N most intense precursor ions, this peptide is 

less likely to be identified in this manner. Therefore, proteins identified with high confidence are 

predominantly from proteins with high abundance, and proteins of low abundance often remain 

unidentified.31,32 

1.5 Experimental Mitigation Strategies to Favour Low Abundance Protein 

Identification 

1.5.1 Multiple MS Technical Replicates 

Approaches have been proposed to mitigate the lack of identification sensitivity for low 

abundance proteins. For instance, the identification of additional proteins can be achieved by   
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Figure 1. Low Abundance Protein Identification Problem 

Three highly conserved proteins are shown in this toy example. Protein relative abundance is 

shown in the top left with blue and red bars indicating confident and not confident protein 

identifications, respectively. The tryptic peptides of these proteins are shown with their relative 

abundance in the top right with blue and red bars indicating confident and not confident peptide 

identifications, respectively. Peptide B’ is different in sequence from Peptide B and uniquely 

identifies Protein 2, however it is not identified due to its low relative abundance. Hence, Protein 

2 cannot be unambiguously identified without specific peptide evidence. 
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replicate analyses using multiple technical replicates of an MS experiment.31 Fluctuations in the 

chromatographic separation, relative peptide abundance, and mass spectrometer sensitivity 

typically result in the mass spectrometer acquiring MS2 spectra from proteins that were not 

detected in previous replicates. While this strategy may identify a greater number of overall 

proteins, increases in protein identification sensitivity are generally minimal due to the repeated 

analysis of highly abundant peptides, which are usually confidently identified in most replicate 

MS analyses.33 This technique also requires large amounts of sample and MS resources. 

1.5.2 Liquid Chromatographic Separation 

Additional proteins can also be identified by increasing the length of an MS experiment, 

resulting in an increase in the liquid chromatography separation resolution.34 This increased 

resolution decreases the number of peptides that co-elute, thereby decreasing the number of 

lower abundance peptides that will be present in the mass spectrometer at the same time as 

higher abundance peptides. Although this approach can still result in the co-elution of peptides of 

vastly differing abundances, a fewer number of co-eluting peptides will yield more opportunities 

for lower abundance peptides to be analyzed. This typically results in an increase in the number 

of proteins identified overall, at the cost of utilizing far greater MS resources.34  

Multiple chromatographic separation strategies can be used to reduce the complexity of a 

proteomics sample, including reverse-phase high-performance liquid chromatography, size-

exclusion chromatography, and strong cation exchange chromatography to name a few.35 Further 

separation of these co-eluting peptides can be achieved by coupling orthogonal separation 

strategies during liquid chromatographic separation.35 For example, coupling strong cation 

exchange36,37 or coupling ion mobility separation38 both to reverse-phase high-performance 

liquid chromatography have been shown to increase protein identification sensitivity.  
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Low abundance proteins can be enriched using techniques such as affinity purification 

coupled to MS.39 This technique utilizes antibodies to purify a protein of interest from a protein 

sample, either by direct binding or binding an epitope tag. By reducing the complexity of the 

sample and enriching for specific proteins, this method increases the likelihood that lower 

abundance proteins are identified by the mass spectrometer. This technique requires additional 

sample preparation, a priori knowledge of a protein of interest, and is difficult to perform in a 

high-throughput fashion.  

1.5.3 Conventional Dynamic Exclusion 

When a mass spectrometer acquires data in a Top-N Data Dependent fashion, high 

abundance proteins are often analyzed in excess of what is needed for a confident protein 

identification. As a result of the liquid chromatography separation, a given peptide species is 

only present during a given elution time window during the experiment. While liquid 

chromatography reduces the complexity of samples such that the mass spectrometer can acquire 

MS2 spectra for multiple proteins by separating peptides in time during the MS analysis, 

peptides from proteins with a very high abundance can elute over a long period of time.40 Taking 

the mass spectrometer’s Top N DDA strategy along with the long elution time periods of high 

abundance peptides, the instrument will redundantly analyze the same highly abundant peptides, 

while gathering little to no data related to less abundant peptides. 

To resolve this issue, a common strategy used in the field is to employ a dynamic 

exclusion approach. Dynamic exclusion prevents the fragmentation of ions of a given m/z value 

(referred to as a precursor ion) for a short period of time after an MS2 spectrum was acquired for 

that same m/z value.41 In other words, after an MS2 spectrum was acquired for a given peptide, 

the m/z value of that corresponding peptide ion will not be considered for further data acquisition 



 10 

for a fixed period of time. The mass spectrometer therefore dynamically maintains a list over 

time of m/z values that are excluded from fragmentation, thus giving the opportunity for ions of 

peptides of lower intensity to be analyzed. Nevertheless, because abundant proteins generate 

numerous peptides and these abundant peptides can elute over periods of times much longer than 

their exclusion periods (usually up to 3 minutes42), MS approaches acquire more MS2 spectra 

than necessary for their confident identification. To illustrate this, I investigated a previously 

acquired MS dataset of a HEK 293 cell lysate run on a 120-minute gradient using dynamic 

exclusion. Assuming five MS2 spectra are necessary to identify a protein, a very conservative 

bar that would yield very confident identifications, over 60% of the acquired MS2 spectra 

associated with a confident protein identification are acquired in excess (Figure 2).  

1.5.4 Bespoke Exclusion List 

Several techniques take advantage of dynamic exclusion lists to achieve greater protein 

identification sensitivity. Among these, we count the Bespoke exclusion list approach which 

excludes peptides from fragmentation based on a pre-defined list of high-abundance and 

expected analytes that are not informative for a typical proteomics experiment.40 Such an 

exclusion list often includes protein contaminants, such as keratins and proteolytic enzymes used 

in sample preparation, as well as small molecules, such as organic solvents and detergents used 

in cleaning lab equipment.40 While this approach improves MS data acquisition by reducing the 

analytical time devoted to contaminant molecules that represent experimental artefacts, high 

abundance proteins that are biologically relevant remain likely to prevent the fragmentation of 

peptides with low abundance levels.  
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Figure 2. Number of MS2 Spectra Acquired per Confident Protein Identification 

Number of MS2 spectra acquired per confident protein identification. Confident proteins were 

identified at a 1% FDR. In a 120-minute MS experiment using HEK293 cell lysate, over 60% of 

the acquired MS2 spectra associated with a confident protein identification are acquired in 

excess of 5 MS2 spectra per confident protein identification.  
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1.5.5 Excluding m/z Values Observed in Previous Replicated Experiments 

Kreimer et al. also addressed low abundance protein identification issues with their 

SmartMS algorithm.33 Their strategy uses indexed exclusion lists to prevent the selection of m/z 

values likely corresponding to peptides that have been confidently identified in multiple 

experiments, with the goal of increasing the number of confidently identified proteins. After each 

technical replicate MS analysis from aliquoted samples, confidently identified peptides are added 

to an exclusion list of the following replicate’s MS analysis. 

Although Kreimer et al. demonstrated that their approach was successful in identifying 

more proteins when compared to conventional Top N DDA, their algorithm relies on repeated 

analysis of a sample and thus requires a greater overall amount of sample and consumes more 

MS resources to iteratively exclude these highly abundant peptides.  

1.5.6 Pseudo Real-time Exclusion of Peptides from Previously Identified Proteins 

Further improvements on protein identification utilizing a dynamic exclusion list was 

proposed by McQueen et al.43 Briefly, this method periodically updates an exclusion list based 

on proteins it has identified so far in the experiment. The approach uses spiked-in peptides with 

known retention times to signify multiple chromatographic “tripping points” to update their 

dynamic exclusion list. These tripping points help to ensure peptides are excluded at the correct 

time during the experiment. After each tripping point, the acquired data is used to assess protein 

identification confidence. Confident protein identifications must have acquired a minimum 

number of mass spectra with confidence scores above a specified threshold. The m/z values of all 

identified and expected peptides from the sequence of confidently identified proteins are added 

to the exclusion list at the following tripping point.  
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Though this approach reduces the redundant analysis of peptides from proteins identified 

with high confidence, the periodic update of the exclusion list does not fully take advantage of 

the information available in real-time, as peptides are only added to the exclusion list at the 

following tripping point, which can occur several minutes after a protein is confidently 

identified. Additionally, since their approach uses a series of thresholds for assessing a confident 

protein identification, optimal values for these thresholds can be difficult to determine. Choosing 

too lenient thresholds will result in the premature exclusion of peptides. As well, mass spectra 

acquired with borderline confidence values below this threshold cannot contribute to determining 

a protein’s identification confidence. 

1.6 Real-time Mass Spectrometry Analysis 

 Recently, some technologies have emerged involving real-time analysis of MS data to 

guide the behaviour of the mass spectrometer. For instance, the Real Time Search-MS3 algorithm 

aims to improve the relative quantification of peptides from multiplexed proteomics samples, 

where multiple MS samples are analyzed simulatneously.44,45 MS3 spectra are required for 

relative quantification of peptides, but can be acquired even for peptides that have not been 

identified with high confidence. This approach performs an on-the-fly database search for the 

acquired MS2 spectra to assess a peptide’s identification confidence, only acquiring MS3 spectra 

for peptides that have been identified with high confidence. This prevents the mass spectrometer 

from unnecessarily acquiring MS3 spectra for peptides with poor identification confidence and in 

turn allows for the confident quantification of a greater number of peptides.  

Another real-time proteomics analysis method is the Advanced Peak Determination 

method, which aims to increase the identification sensitivity of peptides and proteins by 

analyzing MS1 spectra as they are acquired to increase the number of suitable m/z candidates for 
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fragmentation by the instrument.46 Mass spectrometers typically construct a list of candidate 

precursors suitable for fragmentation by annotating the peaks generated from the isotopic 

distribution and charge state of peptides in an MS1 spectrum. The key innovation for their 

Advanced Peak Determination method over the standard method is its improved ability to 

annotate peaks from multiple peptides that co-elute and occupy similar m/z regions. In the 

standard method, peaks corresponding to high abundance peptides are considered suitable for 

fragmentation while peaks from lower abundance peptides are often left unannotated due to 

interference from these high abundance peptides. This approach annotates the peaks from lower 

abundance peptides by iteratively annotating peaks from the MS1 spectra in order of abundance. 

This improves the number of suitable peptides for fragmentation by the mass spectrometer and in 

turn yields a greater number of peptide and protein identifications. 

Finally, the MaxQuant.Live algorithm increases the number of peptides targeted for MS 

quantification.47 The algorithm utilizes a targeted list of peptides the user wishes to quantify and 

recognizes these peptides from the MS1 spectra using the peptide’s m/z value, time, and 

intensity. Peptides recognized by this algorithm can then be selected for standard fragmentation 

or targeted for a peptide specific proteomics analysis. One such analysis is the acquisition of a 

breakdown curve for a peptide, acquiring multiple mass spectra for a single peptide using 

different peptide fragmentation collision energies to determine the optimal collision energy for 

future proteomics analysis.  

However, the laboratories developing these real-time approaches have made special 

agreements with the instrument manufacturers to gain full control of the instrument. This is made 

possible by the instrument’s complete Application Programming Interface (API), which is not 

publicly available. As a result, other groups developing real-time analysis strategies without API 
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access have relied on simulations to test their methods. One such approach is Novor,48 a real-

time de novo peptide sequencing algorithm that uses simulations of previously completed mass 

spectrometry experiments to assess its performances. 

These real-time MS methods show the wide range of applications possible by processing 

MS data on-the-fly to control the instrument’s behaviour. However, none of these approaches 

aim to identify proteins during MS experiments in real-time with the goal of increasing the 

identification sensitivity of low abundance proteins.  

1.7 Protein Classification using Machine Learning 

1.7.1 Machine Learning 

 Machine learning algorithms are a set of artificial intelligence methods that learn from 

data or experience without being explicitly programmed to. Machine learning algorithms 

generally fall into one of two categories: unsupervised learning and supervised learning. The 

goal of unsupervised machine learning is typically to identify structure and patterns among data 

points in the input data. Examples of unsupervised machine learning include clustering, outlier 

detection, and dimensionality reduction. In contrast, supervised learning learns patterns in the 

data based on a training dataset with labeled examples to make predictions for unlabeled data. 

Examples of supervised learning include regression, where the algorithm predicts the value of a 

dependent variable, and classification, where the algorithm predicts the class of an observation. 

These algorithms learn relationships between data features to achieve the desired output. The 

question of whether a protein is confidently identified can be framed as a problem that can be 

solved by a supervised learning approach. More specifically, one could frame this question as a 

binary classification problem in which the two labels are “confidently identified” and “not 

confidently identified”. The supervised learning algorithm would therefore learn from labeled 
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mass spectrometry data how the different features of the data can help to predict in unlabeled 

data whether a protein is confidently identified or not. 

 Some examples of supervised learning methods include artificial neural network, 

decision tree, support vector machine, and logistic regression classifier. An artificial neural 

network uses an approach composed of layers of computational nodes, mimicking the biological 

neural network of the brain. This approach can learn complex, non-linear relationships in 

training data, but requires greater computational resources and a large number of training 

examples to effectively train the model. As well, this approach often suffers from a lack of 

interpretability due to the large number of nodes and layers.49,50 A decision tree on the other hand 

classifies its examples by learning a flowchart-like structure for its data features. This approach 

is highly interpretable as the rules learned for decision trees are based on real values on the 

data.51,52 However, this approach is prone to overfitting to the training data such that learned 

rules might not generalize well to novel input data.53,54 A support vector machine classifies its 

data by learning a decision boundary that best separates different classes in the training data. 

Since this approach aims to reduce the risk of misclassification on the data, it is typically less 

prone to overfitting.55 However, in binary classification, a the classical support vector machine 

approach either classifies a datapoint as one class or the other and can hardly differentiate 

borderline classifications made with low confidence.56 Finally, a logistic regression classifier 

uses a sigmoid function to determine the relationship between data features from its training data 

and estimates a confidence score or probability that a new data point falls into a given category. 

Although a logistic regression classifier may be more prone to overfitting than a support vector 

machine, the approach is advantageous in that borderline classifications can be identified and 

only predictions above a certain confidence or probability threshold can be classified as one class 
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or the other. Both the support vector machine and logistic regression classifier excel in their 

interpretability and its speed of calculation.57,58 

1.7.1 Applications in Proteomics 

Several machine learning algorithms have been employed with the goal of classifying 

correct and incorrect peptide and protein identifications based on their MS data features. Among 

these, DTASelect59,60 and Percolator61 use database search result features to discriminate 

between correct and incorrect PSMs, utilizing linear discriminant analysis and support vector 

machine algorithms, respectively. PeptideProphet26 and ProteinProphet27 both utilize 

expectation-maximization algorithms to discriminate between correct and incorrect peptide and 

protein identifications using spectral counts, respectively. Another approach by Elias et al.62 uses 

a decision tree algorithm to discriminate between a correct and incorrect protein identification 

using spectral intensity patterns. Compared to simply applying a confidence score threshold to 

the database search results, all of these software packages are capable of controlling the number 

of false positive identifications. As are with most software used to process database search 

results to assess the confidence of peptide and protein identifications, these machine learning 

algorithms are utilized after the MS data acquisition is completed.  

Taken together with the recent capability to analyse MS data as it is acquired to guide the 

instrument’s behaviour in real-time and considering that a large percentage of MS2 are acquired 

in excess for a confident protein identification, we believe it is possible to use these resources to 

guide MS data acquisition to increase protein identification sensitivity.  
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2. Hypothesis and Objectives 

2.2 Hypothesis 

I hypothesize that I can develop a machine learning algorithm that increases the 

identification sensitivity of low abundance proteins in MS experiments, thereby providing a 

more comprehensive proteomic characterization and a better understanding of the biology of 

complex biological samples. This is achieved by assessing the identification confidence of a 

protein in real-time using machine learning and excluding from further analysis any peptides 

related to confidently identified proteins. Our algorithm is tested in silico by simulating a real-

time MS analysis on a previously completed MS experiment and processing mass spectra in the 

order they were acquired to determine whether the precursor m/z value of the mass spectra 

should be excluded from analysis or its ion be fragmented to obtain an MS2 spectrum to be used 

for protein identification. We expect the exclusion of peptides from confidently identified 

proteins will favour the identification of lower abundance proteins by freeing up MS resources to 

analyze mass spectra from less abundant proteins when applied, to guide MS data acquisition in 

real time.  

 

To achieve our goals presented for this project, the following aims were devised:  

2.2.1 Aim 1  

Design a supervised machine learning algorithm to confidently identify proteins in real-

time during an MS analysis. 

2.2.2 Aim 2 

Build and evaluate a real-time exclusion list of m/z values from the proteins deemed 

confidently identified by the machine learning algorithm.   
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3. Methods 

The goal of my approach is to free up MS resources to enable the detection of low 

abundance peptides and therefore their parent proteins, illustrated in Figure 3. Briefly, to 

improve the protein identification sensitivity of the mass spectrometer, I have developed a 

machine learning algorithm that uses MS data features to estimate the confidence of protein 

identifications in real-time and exclude the unnecessary data acquisition of mass spectra from 

peptides that belong to already confidently identified proteins. The algorithm’s pipeline is 

depicted in Figure 4. This algorithm is tested in silico, reading through previously acquired MS 

data files to mimic data acquisition, processing the MS1 and MS2 spectra to make decisions 

whether to analyze a mass spectrum or exclude it from further analysis. 

3.1 Datasets Analyzed 

For software development and testing, MS data was generated by Zhibin Ning from the Daniel 

Figeys’s laboratory. The samples used for our analyses are from the Human Embryonic Kidney 

293 (HEK293) cell line, a widely studied cell line in proteomics that allows us to easily verify 

and benchmark our approach. These HEK293 cell lysate were also processed by Zhibin Ning and 

were analyzed for a 120-minute and a 240-minute liquid chromatography gradient on the Q-

Exactive mass spectrometer (Thermo Electron, Waltham, MA). The 120-minute experiment was 

used to assess our algorithm’s performance with an in silico simulation of real-time MS data 

acquisition. The 240-minute experiment was used to train the machine learning classifier 

evaluating the confidence of protein identifications, while the 120-minute experiment was used 

to test the classifier. We chose these samples for their respective roles with the assumption that a 

confident protein identification from the 240-minute experiment will share similar properties to a 

confident protein identification for the 120-minute experiment, while illustrating the ability of   
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Figure 3. Top N Data Dependent Acquisition vs Machine Learning Guided Exclusion 

Conventional Top N Data Dependent Acquisition acquires MS2 spectra on the top N peptides 

with the highest intensity, illustrated with N=5 (A). The top 5 peptides shown in red are 

fragmented and their MS2 spectra are shown to the right. Our algorithm excludes peptides from 

proteins that have been already been identified with high confidence and fragments the less 

abundant peptides shown in green, with their MS2 spectra shown to the right. All spectra are toy 

examples.  
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Figure 4. Machine Learning Guided Exclusion Pipeline 

Our algorithm obtains an MS1 spectrum and determines which peptides to fragment based on the 

on-the-fly exclusion list. The resulting MS2 spectra are processed and the confidence of the 

identification of their corresponding proteins is determined. Peptides from confidently identified 

proteins are added to the exclusion list, while the remaining peptides are subject to further 

investigation.  
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our approach to be generalizable to different datasets when trained on another. Although these 

datasets are from the same cell line and were processed using the same mass spectrometer, the 

samples were analyzed using different experimental protocols in their data acquisition and 

identified a different number of proteins (120-minute: 2702 proteins; 240-minute: 3239 proteins).  

3.2 Protein Extraction for HEK 293 Cells 

Briefly, HEK293 cells were grown to 80% confluence in 15cm dishes and harvested in 

RIPA buffer (25 mM Tris-HCl, pH 7.6), 150 mM NaCl, 1% NP-40, 1% sodium deoxycholate, 

0.5% Sodium Dodecyl Sulfate (SDS, Cell Signalling Technology), after two washes with 

phosphate-buffered saline (PBS). Cells were sonicated for 1 min with 20 seconds pulse using 

30% power on Sonic Dismembrator 500 w/ Branson 1020 Sonicator (Fisher Scientific) to 

increase protein recovery. Proteins were precipitated to remove detergent by adding 5X volume 

of cold acetone overnight followed by two washes with cold acetone as well. The protein pellet 

was then reconstituted in 8 M urea (Sigma-Aldrich) in 50 mM ammonium bicarbonate (ABC, 

Sigma-Aldrich) and quantified by the DC protein assay kit (BioRad). Reduction and alkylation 

were done by adding dithiothreitol (DTT, Sigma-Aldrich) to a final concentration of 10 mM at 

56°C for 30min followed by 20 mM iodoacetamide (IAA, Sigma-Aldrich) at room temperature. 

The solution was then diluted 5 times by 50mM ABC. Digestion was performed by adding 

trypsin (Worthington Biochemical Corp., Lakewood, NJ) at a protein-enzyme ratio of 50:1, 37 

°C overnight, with continuous head-to-end rotating. Digested peptides were then desalted on 

Sep-Pak C18 SPE column (Waters, US), aliquoted and dried down by SpeedVac (ThermoFisher 

Scientific, San Jose, CA). Dried peptides were reconstituted in 0.5% (v/v) FA, 2% ACN in 

water. 
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3.3 LC-MS/MS Analysis 

Eksigent 2D+ nanoLC system (Dublin, CA) was hooked up with a Q-Exactive mass 

spectrometer (Thermo Electron, Waltham, MA), equipped with a nano-electrospray interface 

operated in positive ion mode. The solvent system consists of buffer A of 0.1% FA in water, and 

buffer B of 0.1%FA in 80% acetonitrile. Dried down protein digests were acidified with 0.5% 

(v/v) formic acid and loaded on 200 μm I.D. × 20 mm fused silica pre-column packed in-house 

with 5μm ReproSil-Pur C18 beads (100 Å; Dr. Maisch GmbH, Ammerbuch, Germany)  at a flow 

rate of 4uL/min for 10min, and analyzed on 75 μm I.D. × 150 mm fused silica analytical column 

packed in-house with 1.9μm ReproSil-Pur C18 beads (100 Å; Dr. Maisch GmbH, Ammerbuch, 

Germany)  at a flow rate of 200 nL/min for either 120min or 240min. Gradient elution was set 

from 5 to 35% buffer B (80% ACN). The spray voltage was set to 2.0 kV and the temperature of 

the heated capillary was 300 °C. The instrument method consisted of one full MS scan from 300 

to 1800 m/z followed by the acquisition of data-dependent MS/MS scan of the 12 most intense 

ions, a dynamic exclusion repeat count of 1 in 30s, and an exclusion duration of 30s. The full 

mass was scanned in Orbitrap analyzer with R = 70,000 (defined at m/z 400) for MS1 and 17,500 

for MS2. To improve the mass accuracy, all the measurements in the Orbitrap mass analyzer 

were performed with a real-time internal calibration by the lock mass of background ion 

445.120025. The charge state rejection function was enabled, and charge states with unknown 

and single charge state were excluded for subsequent MS/MS analysis. All data were recorded 

with Xcalibur software (ThermoFisher Scientific, San Jose, CA). 

3.4 Mass Spectrometry File Processing 

During MS analysis, the mass spectrometer regularly acquires MS1 spectra and selects 

for fragmentation the top N ions with the highest intensity that are not on the mass 
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spectrometer’s exclusion list. This results in the generation of MS2 spectra for these peptides that 

are later matched to a peptide sequence. These MS1 and MS2 spectra are gathered by the mass 

spectrometer in a proprietary, vendor specific RAW file, which must be converted to file formats 

usable by the database search tool. Thermo RAW files from previously completed MS 

experiments were converted to the mzML open file format using MSConvert from the 

ProteoWizard package.63 

The protein sequence database search algorithm Comet64 was used to search the resulting 

mzML files against the UniProt Swiss-Prot human protein sequence database (downloaded on 

2017-01-11; number of protein entries: 20130).65 These database searches were performed with a 

precursor ion mass tolerance of 20 ppm, considering only fully tryptic peptides with a maximum 

of 2 miscleavages allowed. Carbamido-methylation of cysteine was considered as a fixed 

modification. To maximize the usability of our software package and its flexibility in handling 

results from different database search tools, the Comet results were converted to the HUPO-

Proteomics Standard Initiative mzIdentML38 standard file format using tpp2mzid from the Trans-

Proteomics Pipeline.66 Comet reports a cross-correlation score (XCorr) for each peptide, 

indicating the quality of a match between an MS2 spectrum and the peptide sequence with a 

higher XCorr score indicating a more confident match.64 At the time the work in this thesis was 

performed, the manufacturer’s software necessary to fully control the mass spectrometer was not 

available. As well, the real-time database search capabilities of Comet were not yet released. In 

this thesis, MS2 spectra were searched with Comet ahead of the simulation of the real-time 

analysis.  
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3.5 Aim 1: On-the-fly Protein Confidence Assessment 

The key innovation of this project is the construction and real-time usage of an on-the-fly 

dynamic exclusion list using a machine learning algorithm identifying proteins as MS data are 

acquired. As the mass spectrometer acquires an MS2 spectrum, a supervised machine learning 

approach assesses the likelihood that the corresponding protein is confidently identified and 

excludes from MS analysis its corresponding peptides. Specifically, the confidence that a protein 

p is identified is assessed using a logistic regression classifier, using the following features: 1) 

the cardinality of the set S of MS2 spectra matched to peptides belonging to p (also called 

spectral count67), 2) the highest XCorr of the PSMs from S, 3) the mean, median, and variance of 

the XCorr of the PSMs from S, and the pairwise products of these features. From these features, 

the classifier computes a confidence score that p is reliably identified. Proteins which achieved 

an identification confidence score above a defined confidence score threshold are deemed 

confident protein identifications. We use a logistic regression classifier trained on the above 

protein features obtained from the completed 240-minute MS analysis of a HEK293 cell lysate 

from which positive examples of confident protein identifications and negative examples of 

proteins that have not been identified with high confidence were extracted. PeptideProphet and 

ProteinProphet were used to assess the confidence of a protein identification obtained using 

Comet.26,27 These approaches provide a false discovery rate (FDR) estimate of the identifications 

made by Comet.  

Proteins identified with less than 1% FDR and spectral count less than or equal to 30 

were used as positive examples of highly confident protein identifications. Proteins identified 

with less than a 25% protein probability score from Protein Prophet (corresponding to an FDR > 

2.4%) were used as negative examples of protein identifications. The number of training 
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examples were 2834 and 524 for the positive and negative training sets, respectively. The 

positive training set for a confident protein identification was chosen using a 1% FDR threshold, 

which is considered to be standard in the field for a significant protein identification. The 

spectral count threshold of 30 was chosen to prevent our classifier from overfitting confident 

protein identifications as only those with very high spectral counts. Similarly, the negative 

training set for a poor protein identification were chosen as proteins identified with greater than 

2.4% FDR to ensure that the set is enriched for very poor-quality identifications and few border-

line confident protein identifications close to 1% FDR.  

The protein identification confidence score output by the logistic regression classifier 

follows a scale of 0.0 to 1.0, with 1.0 corresponding to a confident protein identification and 0.0 

corresponding to a poor protein identification. A protein obtaining a classifier score above a 

given threshold is deemed confidently identified. Confidently identified proteins in real-time can 

then be used to build and maintain a dynamic exclusion list of m/z values.  

 

3.6 Aim 2: Using On-the-fly Confidence Assessment of Proteins to Build a 

Real-time Exclusion List 

3.6.1 Peptide Retention Time Prediction and Correction 

Because multiple distinct peptides in a complex sample, such as a cell lysate have a very 

similar and even equal m/z values, the exclusion of a given m/z value may result in the accidental 

exclusion of the ions of peptides that were not meant to be excluded from MS2 spectrum 

acquisition. However, much less peptides have both similar m/z values and retention times due to 

their difference in amino acid composition and therefore hydrophobicity. To minimize such 

unintentional exclusions, we restrict fragmentation exclusion of a given m/z value for a time 
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duration centered around its peak retention time. This is similar to the amount of time a given 

m/z value is excluded in a conventional dynamic exclusion approach. This duration will be 

referred to as its m/z exclusion time window. 

The peak retention time of each peptide was predicted using RTCalc from the Trans-

Proteomics Pipeline66 and a m/z exclusion time window is built around this prediction as 

described above. However, peak peptide retention time can vary due to a number of factors, 

including variations in liquid chromatography gradient,68 different sample preparation 

techniques,69,70 and relative abundance of the peptide in a sample,40 and is therefore difficult to 

predict. Therefore, during the analysis, when a peptide is matched to an MS2 spectrum with a 

XCorr score > 2.5, its m/z exclusion time window is adjusted such that the time this peptide was 

observed by the mass spectrometer corresponds to the beginning of its m/z exclusion time 

window. This XCorr threshold was chosen, as the proportion of false positive peptide 

identifications is < 0.12% at this threshold.22 Additionally, the time difference between a 

peptide’s observed and predicted retention time is also used to calibrate the predicted retention 

time of all peptides. To increase the accuracy of all m/z exclusion time window, the peptide 

retention time predictions from RTCalc are calibrated in real-time during the experiment. For 

each peptide with a XCorr > 2.5, we calculate the difference between the peptide’s predicted 

retention time peak and the time at which this peptide is observed. This time difference is then 

used to calculate an offset using the M most recent differences. An offset is calculated using a 

harmonic series, which weighs the differences in retention times in favour of the more recent 

values:  

𝑜𝑓𝑓𝑠𝑒𝑡 =  
∑

1
𝑚 𝑑𝑚

𝑀
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Where 𝑑𝑚 is the time difference of the mth peptide from M. The offset is then added to the 

RTCalc predicted retention time to more accurately reflect when a peptide might be observed in 

an experiment. The XCorr threshold of 2.5 was chosen to prevent low quality and false positive 

peptide identifications from negatively affecting the retention time calibration, while providing 

enough data points to accurately calibrate.  

This retention time offset calculation is referred to as the Weighted Mean offset 

calculation since it weights the differences based on a harmonic series. This approach is 

benchmarked against the Mean offset calculation and the Median offset calculation, which take 

the mean and median of the M most recent differences, respectively.  

3.6.2 On-the-fly Exclusion List Construction  

The mass spectrometer uses an exclusion list, consisting of m/z values it will not select 

for fragmentation and therefore excluding the acquisition of certain MS2 spectra.. Ions with a 

m/z value within a given mass tolerance t measured in parts per million (ppm) of the excluded 

m/z value on the exclusion list will not be selected for fragmentation. This mass tolerance 

accounts for inaccuracies in m/z value measurements by the mass spectrometer. Mass 

spectrometers with a Top N data dependent acquisition strategy will select for fragmentation the 

N most abundant ions that are not on the dynamic exclusion list for fragmentation. Our algorithm 

uses this dynamic exclusion list to guide MS data acquisition. 

The dynamic exclusion list is constructed as the algorithm processes MS data and 

assesses the confidence of protein identifications. Peptides analyzed by the mass spectrometer 

that are matched with an MS2 spectrum with XCorr above 2.5 and peptides from proteins 

identified with high confidence will see their m/z values added to the dynamic exclusion list by 

our software. The latter peptides are excluded based on a peptide sequence database. This 
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database is generated before the MS run using the UniProt Swiss-Prot sequence database 

(downloaded on 2017-01-11; number of entries: 20130)65 and digested in silico using the 

chainsaw tool from the ProteoWizard suite63 with Trypsin/P as the digestion enzyme, which 

cleaves after arginines and lysines, even when followed by a proline. Peptides generated are fully 

tryptic with at most one miscleavages and have minimum and maximum length of 6 and 200 

amino acids, respectively. The masses are then calculated using the amino acid constitution of 

the resulting peptides. Hence, once a protein is deemed confidently identified, the masses of all 

peptides associated with it in the peptide sequence database are added to the exclusion list for the 

period defined by its exclusion time window (described in previous section). 

Our algorithm mimics the instrument’s dynamic exclusion list, generating an exclusion 

list of peptide masses at a given experimental time corresponding to confidently identified 

proteins (Aim 1), which the mass spectrometer would be able to use to guide its data acquisition. 

In this way, the algorithm is capable of dynamically excluding peptides during MS data 

acquisition (Aim 2), freeing up resources to analyze mass spectra from peptides that will lead to 

the identification of more proteins in an experiment.  

3.6.3 Simulated Real-time Dynamic Exclusion in Silico 

To assess the performance of our algorithm, we simulate MS data acquisition in silico 

using a previously acquired dataset. Our algorithm processes the spectra from the mzML file in 

the order that they were previously acquired by the instrument. When our algorithm reads a 

spectrum, it then makes a real-time decision based on the dynamic exclusion list whether to 

perform a database search on that spectra or ignores it to simulate its exclusion. The database 

search of the MS2 spectra for peptide identification is not performed in real-time. Instead, the 

MS datasets are searched using Comet (see search parameters above) prior to processing the 
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datasets with the simulation. Our machine learning package processes this file by associating the 

Comet peptide identifications to the corresponding MS2 spectra. Our tool updates the dynamic 

exclusion list based on the peptide identifications. 

To assess the number of proteins identified, our software package outputs a partial 

database search result file of the MS2 spectra that were not excluded from MS/MS analysis. The 

resulting file is processed using PeptideProphet and ProteinProphet to assess the identification 

confidence of peptide and protein identifications, respectively.26,27 Putative protein 

identifications were filtered at a 1% FDR. At the same time, the software package keeps track of 

the MS2 spectra that were excluded from the analysis and not used in protein identification 

downstream. These are considered saved resources that could be redistributed to acquire MS2 

spectra from proteins that remain uncharacterized. 

 

3.7 Algorithm Performance and Benchmarking 

3.7.1 Heuristic Approach to Protein Identification Confidence 

Our logistic regression classifier assessing protein identification confidence for dynamic 

exclusion building was benchmarked against a heuristic approach based on a method proposed 

by McQueen et al.43 The heuristic exclusion strategy matches the implementation of our machine 

learning-guided exclusion in all aspects of the algorithm except for its protein identification 

confidence assessment. In place of the logistic regression classifier we use for assessing protein 

identification confidence, a heuristic strategy using both a XCorr threshold and a PSM count 

threshold is employed. A protein p is considered confidently identified when the number of 

spectra associated with p, with confidence scores above a given XCorr threshold, is greater than 

the PSM count threshold. In this way, we assess the performance of our logistic regression 
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classifier in improving overall protein identification compared to using this heuristics-based 

approach.  

Determining the optimal thresholds for this heuristic approach can be challenging. As 

well, any scores below these thresholds do not contribute to determining a protein’s 

identification confidence. Our logistic regression classifier approach addresses these issues, 

requiring only the selection of a single threshold for protein identification confidence scores that 

uses training examples of confidently identified proteins to estimate protein identification 

confidence. In this way, our approach is more flexible in that it can include scores which would 

have otherwise been discarded with the heuristic approach. 

3.7.2 Using Saved Resources: A Simulation 

The MS dataset used for simulation was acquired using a Top 12 DDA strategy, meaning 

that (at maximum) the top 12 most intense ions from a given MS1 mass spectrum are fragmented 

to generate an MS2 spectrum. Since our approach excludes certain m/z values from MS2 

spectrum acquisition, some of these 12 ions would not be fragmented and therefore allow the 

mass spectrometer to fragment different ions than those 12. However, despite software tools now 

freely available to access MS data in real-time during an experiment, current software supplied 

by mass spectrometer vendors do not readily allow for our software to update in real-time the 

instruments’ exclusion list. Hence, to estimate further improvements in protein identification 

sensitivity our algorithm could generate, we simulate a limited Top N-X DDA experiment, 

artificially limiting the number of MS2 spectra obtained after each MS1 spectrum by assuming 

that X of those are not acquired after each MS1 spectrum. Therefore, if our algorithm excludes 

from fragmentation one or more of the top N-X ions, our software can simulate the acquisition of 

additional spectra from the X remaining spectra, for which we have previously collected 
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information. These additional MS2 spectra makes it possible to estimate how our approach has 

the capability to improve identification sensitivity of lower abundance proteins.  
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4. Results 

 The goal of identifying proteins with fewer mass spectra to free up analytical resources is 

achieved using a machine learning algorithm to confidently identify proteins in real-time during 

an experiment to guide MS data acquisition. My approach processes MS data as it is being 

acquired to make decisions in-real-time to prevent the mass spectra acquisition of peptides from 

proteins previously identified with high confidence. Our algorithm includes two key 

components: Aim 1) training a logistic regression classifier for estimating protein identification 

confidence and Aim 2) utilizing a dynamic exclusion list to prevent the analysis of peptides from 

proteins identified with high confidence. Our algorithm is tested and benchmarked on a 

previously completed MS experiment in silico. 

4.1 Logistic Regression Classifier Training 

We utilize a logistic regression classifier to estimate the likelihood that a protein is 

confidently identified based on database search results and spectral count data. The training 

procedure of the classifier assigns weights to each feature representing how useful for 

determining whether a protein is confidently identified or not. These feature weights are learned 

from protein identifications obtained in 240-minute LC-MS/MS analysis of a HEK 293. The 

weights learned for each feature used in the logistic regression classifier are reported in Table 1. 

Since most features are gathered from the peptide match quality score (XCorr), these features are 

expected to be correlated. For our classifier, the most discriminating features were the standard 

deviation, median, and mean of the obtained XCorr scores. 

 We then assessed our classifier on a 120-minute LC-MS/MS analysis of a HEK 293 to 

evaluate that a classifier assessing protein identification confidence is generalizable between 

similar MS experiments despite the difference in LC gradient duration as confident protein   
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Table 1. Logistic Regression Classifier Feature Weights1 

Feature Weight 

Standard Deviation of XCorr Scores -1.28211 

Median of XCorr Scores -0.54573 

Mean of XCorr Scores -0.4574 

Highest XCorr Score 0.221874 

Cardinality -0.01056 

Mean of XCorr Scores X Median of XCorr Scores 0.22983 

Highest XCorr Score X Standard Deviation of XCorr Scores 0.182569 

Highest XCorr Score X Median of XCorr Scores 0.166113 

Highest XCorr Score X Mean of XCorr Scores 0.15695 

Mean of XCorr Scores X Standard Deviation of XCorr Scores 0.151736 

Median of XCorr Scores X Standard Deviation of XCorr Scores 0.141475 

Cardinality X Standard Deviation of XCorr Scores -0.00338 

Cardinality X Mean of XCorr Scores -0.00168 

Cardinality X Median of XCorr Scores -0.0015 

Cardinality X Highest XCorr Score -0.00084 

  

 

1 Intercept: 1.23629 
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identifications in both cases should share similar MS features. Proteins that obtain a probability 

of confident identification as given by the classifier, which is above a defined probability 

threshold are classified as confidently identified. By varying this threshold, one can yield a 

greater or fewer number of proteins deemed as confidently identified.  

Given a probability threshold, the classifier will predict a protein as confidently identified 

or not. The performance of the classifier is tested against a 120-minute LC-MS/MS experiment, 

comparing the classifier’s prediction versus the test dataset consisting of proteins identified at a 

1% FDR using PeptideProphet and ProteinProphet.26,27 Proteins confidently identified by our 

classifier as well as in the test dataset are considered true positives. True negative classifications 

are proteins not confidently identified by our classifier as well as in the test dataset. On the other 

hand, false positive classifications are those deemed confidently identified by our classifier but 

not in the test dataset. False negative classifications are those deemed not confidently identified 

by our classifier but are confidently identified in the test dataset. The true positive rate is defined 

as the number of true positives over the sum of true positives and false negatives. The false 

positive rate is defined as the number of false positives over the sum of false positives and true 

negatives. A receiver operating characteristics curve showing the true positive and false positive 

rates of the classifier at a varying probability threshold when applied to the 120-minute LC-

MS/MS experiment is shown in Figure 5. From this curve it was calculated that the area under 

the curve is 0.812. 
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Figure 5. Receiver Operating Characteristic Curve for Protein Identification Logistic 

Regression Classifier 

Receiver operating characteristic performed for logistic regression classifier assessing protein 

identification confidence, trained on the 240-minute LC-MS/MS experiment and tested on the 

120-minute LC-MS/MS dataset. Classifier performance is compared to proteins confidently 

identified at a 1% FDR using ProteinProphet. True Positive and False Positive Rates are reported 

at a varying probability threshold.  

  

                             

                   

 

   

   

   

   

   

   

   

   

   

 

 
  
 
  
 
 
  
  
 
  
 
  



 37 

4.2 On-the-fly Peptide Retention Time Calibration 

Peptides from proteins deemed confidently identified see their masses added to the dynamic 

exclusion list for a given mass exclusion time window, such that the ions with the corresponding 

m/z values are not redundantly fragmented. RTCalc from the Trans Proteomics Pipeline66 was 

used to determine the expected retention time of peptides added to the exclusion list. However, 

accurate peptide retention time prediction is challenging as differences in experimental design 

can result in vastly different retention times between experiments. Indeed, peptide retention time 

predictions for our 120-minute LC-MS/MS experiment were poor. Retention time prediction 

error was calculated as the difference between a peptide’s predicted retention time and the 

experimental time when this peptide was detected by the mass spectrometer. In the experiment, 

only 0.57% of the peptide-spectrum matches were detected within 2 minutes of their predicted 

retention time (Figure 6). Some retention time errors were greater than 75 minutes from the 

predicted time. Although peptide retention time prediction performs poorly in this sense, since 

these predictions are based on the biochemical properties of these peptides, we expect these 

peptides to elute through the chromatography column in a similar order as their predicted 

retention times. Figure 6 shows that the difference between a peptide’s predicted retention time 

and experimental time at which it was observed vary predictably throughout the experiment. Our 

software package therefore performs a predicted retention time correction to increase the 

accuracy of the predicted retention times and therefore improves the usability of our on-the-fly 

exclusion list. An offset is computed to adjust retention time prediction using the M of most 

recent differences between a peptide’s predicted and observed retention times of peptide-

spectrum matches with XCorr > 2.5 (see methods). 
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Figure 6. Predicted Peptide Retention Time Before and After Retention Time Correction 

Predicted peptide retention time was corrected using experimental data from a 120-minute LC-

MS/MS experiment. Retention time prediction error is shown for each peptide-spectrum matches 

at its experimental time in the top panel. Peptides falling within 2.0 minutes of predicted 

retention time are shown in green. Using the retention time prediction errors, a time offset was 
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calculated at each time point, using a weighted mean of at most the 100 most recent retention 

time prediction errors shown in blue in the middle panel. This value is added to the predicted 

peptide retention time at each time point and shown in the bottom panel.  
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The performance of this correction was assessed by comparing the fraction of peptides 

that actual retention times fall within a given mass exclusion time window w (in minutes) of its 

predicted retention time. We assessed the performance of our calibration method against the 

arithmetic mean and median for the M most recent differences in retention times for peptide-

spectrum matches with XCorr > 2.5. For each method, M and w were varied. In most cases, the 

weighted mean method outperformed the arithmetic mean and median methods for offset 

calculation with regards to the number of peptides with a corrected retention time now falling 

within w of the predicted retention time being higher (Table 2). Of note, incorporating a greater 

number of M error values in the offset calculation reduces the number of peptides with retention 

times falling within w of the predicted retention time. As expected, when increasing w, a greater 

percentage of peptides fall within its predicted retention time. However, increasing w too much 

runs the risk of incorrectly excluding peptides with similar masses and retention times when 

applied to our machine learning guided dynamic exclusion. Using the weighted mean method 

and M as 100 most recent retention time prediction errors for retention time offset calculation 

yielded the highest percentage of observed peptides falling within two minutes of its predicted 

retention time (bold in Table 2, Figure 6 bottom). This increased the percentage of peptides 

within 2 minutes of its predicted retention time from 0.57% to 48.2%.  

 For peptide retention time calibration to be achieved on-the-fly, the offset values must be 

calculated only from MS2 spectra acquired by the mass spectrometer. Since our algorithm 

excludes from analysis a number of these spectra, we assess the performance of the peptide 

retention time calibration using only the MS2 spectra that were not excluded using our 

algorithm. The 120-minute LC-MS/MS analysis of HEK 293 cell lysate was simulated with 

machine learning-guided exclusion with on-the-fly retention time correction.   
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Table 2. Retention Time Correction Benchmarking 

Mass 

Exclusion 

Time 

Window 

(w)  

Number of 

most recent 

predicted 

retention time 

errors* used 

for retention 

time 

correction (M)  

Fraction of 

peptides within 

w minutes of 

predicted 

retention time 

without retention 

time correction 

Fraction of 

peptides within w 

minutes of 

predicted 

retention time 

using Mean 

correction 

Fraction of 

peptides within w 

minutes of 

predicted 

retention time 

using Median 

correction 

Fraction of peptides 

within w minutes of 

predicted retention 

time using 

Weighted Mean 

correction 

0.25 100 0.00098687 0.05595263 0.06946978 0.06662879 

0.5 100 0.00164479 0.11136697 0.12404677 0.13256975 

0.75 100 0.0023027 0.16636263 0.17955082 0.19528096 

1 100 0.00305033 0.21914531 0.23442687 0.25867998 

1.5 100 0.00433625 0.32240797 0.34136786 0.37294776 

2 100 0.00568199 0.41825413 0.43604773 0.48216155 

0.25 500 0.00098687 0.05681988 0.05909268 0.06597087 

0.5 500 0.00164479 0.11304166 0.11510512 0.12811388 

0.75 500 0.0023027 0.17060917 0.17452675 0.19076527 

1 500 0.00305033 0.2248273 0.2311672 0.25269894 

1.5 500 0.00433625 0.33191782 0.33849696 0.36672747 

2 500 0.00568199 0.42818266 0.43544962 0.47019947 

0.25 1000 0.00098687 0.05676007 0.0598104 0.06594097 

0.5 1000 0.00164479 0.11411825 0.11597237 0.1270971 

0.75 1000 0.0023027 0.17028021 0.17273244 0.19082508 

1 1000 0.00305033 0.22521607 0.2265618 0.25114387 

1.5 1000 0.00433625 0.32964503 0.33284488 0.36669757 

2 1000 0.00568199 0.42689674 0.42483328 0.46726876 

0.25 5000 0.00098687 0.01916923 0.02093364 0.0618738 

0.5 5000 0.00164478 0.0377104 0.04120936 0.1249738 

0.75 5000 0.00230270 0.0578665 0.06220281 0.1886719 

1.0 5000 0.00305033 0.0784413 0.08540925 0.2483925 

1.5 5000 0.00433625 0.1246747 0.13313795 0.3598791 

2.0 5000 0.00568198 0.1747958 0.18514309 0.4629624 

0.25 5000 0.00098687 0.0191692 0.02093364 0.0618738 

0.5 5000 0.00164478 0.0377104 0.04120936 0.1249738 

0.75 5000 0.00230270 0.0578665 0.06220281 0.1886719 

1.0 5000 0.00305033 0.0784413 0.08540925 0.2483925 

1.5 5000 0.00433625 0.1246747 0.13313795 0.3598791 

 

* Predicted retention time errors are calculated as the difference between a peptide’s predicted 

retention time and the time the peptide was identified by the mass spectrometer.  
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Masses of peptides from proteins deemed confidently identified were excluded, with a precursor 

mass tolerance of 3 ppm, for 1.5 minutes around their offset-corrected predicted peptide 

retention time. With this approach, 0.0127% of peptide-spectrum matches fell within 1.5 minutes 

of their predicted retention time before retention time correction, compared to 28.5% with 

calibration (Figure 7). Although a mass exclusion window of 2.0 minutes achieved the greatest 

fraction of peptides within their predicted retention time window, results using a mass exclusion 

window of 1.5 minutes was used to prevent too large of a mass exclusion window from 

negatively affecting the overall performance of the algorithm. 

4.3 Assessing the Machine Learning Algorithm Performance 

The goal of our project is to be able to identify a similar number of proteins using fewer 

MS resources. To assess the performance of our algorithm, we simulate MS data acquisition on a 

previously completed 120-minute LC-MS/MS analysis of a HEK293 cell lysate acquired using a 

conventional dynamic exclusion strategy. Our software processes the spectra in the order they 

were originally acquired. For every MS2 spectra, our machine learning-guided exclusion 

algorithm makes decisions whether to analyze or exclude the acquired spectrum. Therefore, for 

every simulated MS experiment, we calculate the number of MS2 spectra included for analysis 

in the simulation as well as the number of confidently identified proteins using these MS2 

spectra. These results are compared against a simulated data acquisition in which no MS2 spectra 

are excluded from analysis. Algorithm performances are assessed using the fraction of resources 

used for protein identification and the protein identification fold change, the number of proteins 

identified using fewer resources compared to using all available spectra for protein identification. 

The algorithm’s performance is therefore benchmarked against that of a conventional dynamic 

exclusion strategy.  
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Figure 7. On-the-fly Predicted Peptide Retention Time Correction During Simulated Real-

time Dynamic Exclusion 

Predicted peptide retention time was corrected using experimental data from a 120-minute LC-

MS/MS experiment. Retention time prediction error is shown for each peptide-spectrum matches 

at its experimental time in the top panel. Peptides falling within 1.5 minutes of predicted 

retention time are shown in green. Using the retention time prediction errors, a time offset was 

calculated at each time point, using a weighted mean of at most the 100 most recent retention 

A 

C 
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time prediction errors shown in blue in the middle panel. This value is added to the predicted 

peptide retention time at each time point and shown in the bottom panel.  
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This experimental simulation was repeated using a variety of algorithm settings, 

including mass exclusion time window ranging from 0.5, 0.75, 1.5, and 2.0 minutes, a ppm mass 

tolerance of 3, 5, and 10 ppm, and a protein identification probability threshold of 0.1, 0.3, 0.5, 

0.7, and 0.9. Our logistic regression classifier was benchmarked against a heuristic exclusion 

approach for assessing protein identification based on identifying t PSMs with a XCorr threshold 

x, where t and x were set to 2, 3 and 4 and 2.5, 3, and 3.5, respectively (see methods). The 

heuristic simulations were performed with the same ppm mass tolerance and mass exclusion time 

window described above. 

Each machine learning guided exclusion and each heuristic guided exclusion simulation is 

matched by a set of ten simulations with the same number of MS2 spectra that were excluded at 

random. Figure 8 shows results from the simulations of the 120-minute LC-MS/MS experiment 

with the above algorithms. Algorithm performances for all experimental strategies are assessed 

using the fraction of MS2 spectra used (i.e. not excluded) for protein identification and the fold-

change of the number of proteins identified using only non-excluded resources over the total 

number of protein identified at a 1% FDR using ProteinProphet27 using all available spectra. Our 

machine learning guided exclusion algorithm resulted in the identification of 60.5 to 97.4% of 

the originally identified proteins with all MS2 spectra, while using between 33.8 to 83.8 % of the 

available MS resources (Figure 8). The machine learning-guided exclusion simulation with the 

highest protein identification fold-change identified 2.6% fewer proteins, while using 16.2% 

fewer MS2 spectra. 

In an actual MS experiment, these saved resources would be available to acquire MS2 

spectra corresponding to lower abundance proteins. When compared to randomly excluding the 

same number of spectra, our algorithm consistently identifies more proteins (Figure 8).   
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Figure 8. Fraction of MS2 Spectra Used and Protein Identification Sensitivity in Real-time 

Dynamic Exclusion for Different Exclusion Strategies  

Fraction of MS2 spectra used and protein identification fold-change for the Machine Learning-

guided (blue), heuristic-guided (orange) and random (green) exclusion algorithms. The average 

protein identification sensitivity for randomly excluded simulations are shown with their 

minimum and maximum range represented by the error bars. 
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Our machine learning exclusion strategy can save far greater MS resources at the cost of 

identifying fewer proteins in some cases, when compared to the heuristic exclusion strategy. 

Nevertheless, the heuristic approach is the one that identified the most proteins. 

Next, we assess the correctness of the machine learning algorithm’s peptide exclusion. To 

assess the accuracy of our algorithm’s peptide exclusion, we determine the number of correct 

and incorrect peptide exclusions. A correct exclusion is defined as an MS2 spectrum that is  

excluded because its corresponding peptide has indeed been added to the exclusion list. An 

incorrect exclusion on the other hand corresponds to an MS2 spectrum for which the 

corresponding peptide was not in the exclusion list, but its precursor ion mass was within the 

ppm mass tolerance of another excluded peptide and they shared similar retention time 

predictions. During the simulated MS experiment, for every MS2 spectra excluded from 

analysis, we search if its corresponding peptide sequence is on the software’s exclusion list. It is 

deemed a correct exclusion if its peptide sequence is found. Figure 9 depicts the number of 

correct and incorrect exclusions of spectra. Figure 9 shows that for our simulated experiments, a 

smaller ppm mass tolerance results in a similar number of correctly excluded spectra with 

significantly fewer incorrectly excluded spectra than a large ppm mass tolerance. For example, 

the experiment with the greatest proportion of correct exclusions (3-ppm experiment correctly 

excluded 9824 spectra and incorrectly excluded 4192 spectra) correctly excluded a greater 

number of spectra with half as many incorrect exclusions when compared to the experiment with 

the smallest proportion of correct exclusions (10-ppm experiment correctly excluded 9039 

spectra and incorrectly excluded 8337 spectra). This result is expected since increasing the ppm 

mass tolerance for the masses on the exclusion list allows the exclusion from fragmentation of 

more ions with a similar mass to those on the exclusion list. Figure 9 also illustrates that larger  
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Figure 9. Peptide Dynamic Exclusion Quality Assessment 

Number of incorrectly excluded MS2 spectra and correctly excluded MS2 spectra with our 

machine learning-guided exclusion executed under different algorithms parameters (ppm mass 

tolerance, mass exclusion time window size, and probability threshold). Differing ppm mass 
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tolerances are labeled in the top panel and differing mass exclusion time window sizes are 

labeled in the bottom panel. 
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mass exclusion time windows result in a greater number of overall spectra excluded. Mass 

exclusion time window size does not appear to have a strong influence on the number of 

incorrect versus correct exclusions made by our algorithm. This is a little bit more surprising 

since, increasing the mass exclusion time window size of the masses in the exclusion list 

increases the duration around a peptide’s predicted retention time for which a peptide will be 

excluded, resulting in more spectra being excluded overall. When comparing the greatest number 

of overall spectra excluded for each mass exclusion time window, the largest mass exclusion 

time window of 2 minutes (excluding 17947 total spectra) excluded over twice as many spectra 

as the smallest mass exclusion time window of 0.5 minutes (excluding 8060 total spectra).  

4.4 Runtime Analysis 

For our algorithm to be utilized to its full potential during an MS experiment, it must be 

able to assess protein identification confidence and update the instrument’s exclusion list within 

a reasonable timespan, i.e. at least as fast as MS2 spectra are acquired. For every simulated MS 

experiment, our software tracks the computational time for the algorithm to assess protein 

identification confidence and construct an exclusion list as well as tracks the total number of 

peptides excluded from analysis. Figure 10 shows our algorithm running time for simulations 

under the different mass tolerance and mass exclusion time window parameters listed above. As 

expected, simulations with more lenient parameters result in a larger number of peptides added 

to the exclusion list, thereby increasing the time required for our simulation. Depending on the 

number of peptides added to the exclusion list, our algorithm takes between 1,867 to 6,134 

seconds of total computational time to assess protein identification confidence, decide whether 

an MS2 spectrum should be excluded or processed, and update the dynamic exclusion list. While  
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Figure 10. Algorithmic Running Time for Machine Learning Guided Exclusion 

The software package running time as a function of the total number of peptides added to the 

exclusion list during a simulated experiment is assessed for multiple simulated experiments using 

varying algorithms parameters (ppm mass tolerance, mass exclusion time window size, and 

probability threshold).  
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the compiled running time does not include the time necessary for on-the-fly database search of 

MS2 spectra nor the latency involved with communicating an updated exclusion list to the mass  

spectrometer, all of the simulations are well below the 7,200 second duration of the analyzed MS 

dataset.  

To verify that our algorithm does not derive a vast majority of its saved resources from a 

handful of highly abundant proteins and does not bias its exclusion towards these proteins, our 

software tracks the number of MS2 spectra excluded from analysis per confident protein 

identification. We therefore investigated the abundance of the proteins from which MS2 spectra 

are excluded with our algorithm. If most of the excluded spectra originated from a very small 

number of highly abundant proteins, this would indicate a similar effect could be achieved 

merely by arbitrarily excluding a handful of highly abundant proteins. Figure 11 shows the 

number of MS2 spectra that are excluded from analysis from each protein in a given experiment, 

with proteins sorted in increasing abundance, based on spectral counts. While these results are 

shown for a single experiment this trend is reproduced between simulated experiments with 

machine learning guided exclusion under different parameters (data not shown). This illustrates 

that our exclusion strategy does not derive a vast majority of its saved resources from a handful 

of highly abundant proteins but appears to exclude peptides from a wide array of proteins 

detected in the experiment. 

4.5 Simulated Limited Data Dependent Acquisition  

To assess our machine learning algorithm’s potential in identifying a greater number of 

proteins than traditional data acquisition strategies currently being used, we built a framework 

that allows to estimate potential gains from MS2 spectra exclusion in in silico MS simulations. In 

our 120-minute LC-MS/MS experiment, the mass spectrometer acquisition was using a Top 12   
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Figure 11. Frequency of Saved Resources from Identified Proteins from Simulated Real-time 

Dynamic Exclusion 

The number of MS2 spectra excluded per proteins using the machine learning guided dynamic 

exclusion algorithm on the 120-minute LC-MS/MS dataset. Peptides from proteins achieving a 

protein identification confidence above 90% were excluded for 1.5 minutes around its peak 

retention time. MS2 spectra with a precursor mass within 3 ppm of a mass on the exclusion list 

were excluded. Identified proteins on the x-axis are sorted in order of lowest to highest 

abundance based on their spectral counts in the original experiment. There were 2551 proteins 

identified in total at a 1% FDR. 
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DDA approach. This means that (at maximum) 12 MS2 spectra were previously acquired for a 

MS1 spectrum. Further improvements in protein identification sensitivity can therefore be 

estimated artificially simulating that a limited Top N-X DDA approach was used to acquire MS 

data, therefore allowing the machine learning algorithm to explore the remaining X MS2 spectra 

if some of the top N-X are excluded.  

Figure 12 and 13 represents results using the same experiment with a Top 6 and a Top 5 

DDA respectively. These values were chosen since 6 represents half of the original Top 12 DDA 

approach and 5 was chosen, as it is an acquisition strategy often used in the scientific literature.71 

In the limited Top 6 DDA simulation, the machine learning-guided exclusion algorithm 

identified between 66.7 to 101.1% of the total number of proteins identified in the original 

experiment using only the top 6 most abundant MS2 spectra all of this using between 40.5 to 

89.8% of the available MS resources (Figure 12). When compared to randomly excluding the 

same number of spectra, the machine learning algorithm consistently identified more proteins. 

The machine learning-guided exclusion identifies a similar number of proteins compared to the 

heuristic approach, while also capable of saving more MS resources in some cases. Although the 

number of additional proteins identified using our machine learning approach is minor, the saved 

MS resources could allow for future increases in the number of proteins identified. 

For the limited Top 5 DDA simulation, the machine learning guided exclusion algorithm 

identified between 69.2 to 102.3% of the number proteins identified using only the top 5 most 

abundant MS2 spectra (Figure 13). Our algorithm achieves this performance while using 

between 44.6 to 92.2% of the available MS2 spectra. Our algorithm’s performance in the Top 5 

DDA simulations remains comparable to the performance in the Top 6 DDA simulations. The 

Top 5 DDA simulation identifies slightly more proteins in the best cases. However, nine of these   
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Figure 12. Fraction of MS2 Spectra Used and Protein Identification Fold-change Simulating 

Limited Top 6 DDA Real-time Dynamic Exclusion for Different Exclusion Strategies 

Fraction of MS2 spectra used and protein identification fold-change for the Machine Learning-

guided (blue), heuristic-guided (orange) and random (green) exclusion algorithms. The average 

protein identification sensitivity for randomly excluded simulations are shown with their 

minimum and maximum range represented by the error bars. 
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Figure 13. Fraction of MS2 Spectra Used and Protein Identification Fold-change Simulating 

Limited Top 5 DDA Real-time Dynamic Exclusion for Different Exclusion Strategies 

Fraction of MS2 spectra used and protein identification fold-change for the Machine Learning-

guided (blue), heuristic-guided (orange) and random (green) exclusion algorithms. The average 

protein identification sensitivity for randomly excluded simulations are shown with their 

minimum and maximum range represented by the error bars. 
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cases overlap with simulations using the same number of MS resources by randomly excluding 

spectra. These occurred for the simulations which used a ppm mass tolerance of 10ppm, 

probability threshold of 0.1, 0.3, and 0.5, with mass exclusion time window of 0.75, 1.5, and 2.0 

minutes. These experiments use a large ppm mass tolerance and a low probability threshold 

which would increase the likelihood a spectrum is excluded by chance and not due to its 

presence on the exclusion list. As well, since there are fewer MS2 spectra acquired between each 

MS1 spectrum, there is a higher chance of a spectrum excluded at random will result in acquiring 

an additional MS2 spectrum which will contribute to a confident protein identification.  

 With this limited acquisition simulation approach, our algorithm can guide MS data 

acquisition to exclude an MS2 spectrum from analysis, and instead acquiring an MS2 spectrum 

not acquired by the baseline comparison. In the best case, these excluded MS2 spectra are from 

proteins already identified with high confidence and the newly acquired MS2 spectrum can 

contribute to the identification of uncharacterized proteins. When comparing the artificially 

limited Top 6 and Top 5 DDA to utilizing all Top 12 DDA MS2 spectra, we illustrate our 

algorithm’s ability to repurpose its MS resources to identify a greater proportion of proteins 

(Figure 14). When comparing our algorithm on a simulated Top 6 to Top 12 DDA, the Top 6 

experiments typically use a greater fraction of MS2 spectra relative to the maximum number of 

MS2 spectra available.  

Our algorithm and in silico simulated data acquisition demonstrates the promise of 

utilizing a machine learning algorithm to guide MS data acquisition. By analyzing MS data 

features as they are acquired and utilizing these features to assess protein identification 

confidence in real-time, one can prevent the redundant analysis of peptides from proteins 

identified with high confidence. The MS2 spectra saved by this approach will free up resources 
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for the mass spectrometer to acquire data from peptides of proteins of lower abundance, thus 

increasing the chance of identifying them.  
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Figure 14. Fraction of MS2 Spectra Used and Protein Identification Fold-change for Real-

time Dynamic Exclusion for Differing Top N DDA Simulations 

A subset of the MS2 spectra from the original MS experiment were used for protein 

identification. The maximum number of MS2 spectra available between each MS1 spectra was 

artificially limited to 5 and 6 MS2 spectra for datapoints in blue and orange respectively. 

Datapoints in grey have the maximum number of MS2 spectra available between each MS1 

spectra. 
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5. Discussion 

I was able to design a machine learning algorithm capable of guiding MS data acquisition 

with the goal of identifying a similar number of proteins using fewer MS resources than 

conventional MS approaches. This is achieved by analyzing MS data as they are acquired by the 

instrument and using these data to assess protein identification confidence on-the-fly. Since the 

analysis of peptides from proteins identified with high confidence will not further contribute to a 

protein identification, we prevent further analysis of these peptides by adding their masses to a 

dynamic exclusion list. Peptide masses excluded in this manner will not be analyzed for a period 

of time around its predicted retention time. In this way, we prioritize the analysis of peptides 

from proteins that have not yet been confidently identified.  

Although our algorithm succeeds in decreasing the amount of resources utilized during an 

MS experiment (e.g. using 83.3% of the original MS2 spectra, yielding a protein identification 

sensitivity of 97.4%), its ability to utilize these saved resources in an actual experiment remains 

to be determined. Several factors must be considered to ensure its optimal usage in a laboratory 

setting. These include 1) runtime parameters for our algorithm, 2) appropriate datasets for 

classifier training, 3) generalizability of our simulated MS experiments, 4) technical barriers to 

the deployment of this technology, and 5) algorithmic design improvements.  

5.1 Runtime Parameters and Settings 

 The performance of our algorithm is dependent on a number of parameters that will affect 

the behaviour of our machine learning-guided MS data acquisition. These parameters include 

ppm mass tolerance, mass exclusion time window, probability threshold, and the number of 

miscleavages used for the construction of the exclusion database. Understanding the behaviour 
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the machine learning algorithm will take under a given set of parameters will determine its 

overall performance on guiding MS data acquisition. 

5.1.1 Ppm Mass Tolerance 

 Firstly, the ppm mass tolerance plays a role in the decision to exclude a mass from 

analysis during an MS experiment. If a given mass m is within the ppm mass tolerance of another 

peptide’s mass on the dynamic exclusion list, m will be excluded from analysis. Increasing the 

ppm mass tolerance is useful to account for variations in mass due to isotopic variation and 

instrument measurement errors. However, increasing the ppm mass tolerance too much will 

result in the unintentional exclusion of a peptide with a similar mass to one found on the 

exclusion list. On the other hand, a ppm mass tolerance that is too small may result in a fewer 

number of overall excluded peptides. This behaviour is illustrated in Figure 9 of the results 

section, as we increase the ppm mass tolerance, a greater number of overall peptides are 

excluded, however a greater proportion of these exclusions are due to the incorrect exclusions of 

a distinct peptide than one found on the exclusion list. 

5.1.2 Mass Exclusion Time Window 

 Secondly, a mass on the dynamic exclusion list will be excluded for a period of time 

around the predicted retention time of its corresponding peptide. We refer to this period of time 

as the mass exclusion time window. Restricting this time window to a smaller time frame will 

reduce the chance the algorithm excludes from the MS analysis a distinct and novel peptide with 

a similar mass to that of the one on the exclusion list. Making the time window too large will 

result in a larger fraction of these exclusions. A time window that is too small however will 

result in a smaller fraction of these exclusions at the cost of fewer overall exclusions. This 

increases the odds of the redundant analyses of a peptide on the exclusion list. This behaviour is 
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illustrated in Figure 9 of the results section, as we increase the mass exclusion time window, a 

greater number of overall peptides are excluded from analysis.  

5.1.3 Protein Identification Confidence Probability Threshold 

Next, the algorithm uses a probability threshold for the classification of a protein as being 

confidently identified or not confidently identified. Our logistic regression classifier assesses the 

probability that a protein is confidently identified based on its MS data features acquired so far. 

Proteins with an identification probability above this threshold are deemed confident protein 

identifications. A probability threshold above 0.9 yielded a better algorithmic performance in 

that a good proportion of MS resources could be saved without sacrificing a large number of 

protein identifications. A stringent probability threshold is beneficial to decrease the likelihood 

that our classifier deems a protein to be confidently identified that is, in fact, not considered not 

confidently identified. Such proteins would be excluded from analysis for the remainder of the 

duration of the experiment and result in an unsuccessful identification. Although a lower 

probability threshold results in a greater number of MS resources being freed up for future 

analyses, this comes at the cost of having a greater number of unsuccessful protein 

identifications that would otherwise have been identified. Simulated experiments with a lower 

probability threshold in general yield a smaller fraction of MS2 spectra used with a smaller 

protein identification fold change than simulated experiments with a greater probability 

threshold. However, it is important to note that in these simulated experiments, the MS2 spectra 

excluded for analysis are not used to gather additional MS2 spectra that would otherwise be 

acquired in an actual MS experiment. In this way, it is difficult to estimate the true effect of the 

probability threshold without first applying this method online with a mass spectrometer. 
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5.1.4 Number of Miscleavages 

Finally, the number of miscleavages when considering the peptide exclusion database 

will influence the number of peptides excluded from analysis. When a protein is deemed 

confidently identified, the set of masses of the peptides associated with the protein are added to 

the dynamic exclusion list. These peptides are determined by the in silico digestion of a protein 

database described in methods section. The number of allowed miscleavages affects the 

composition of this exclusion database. For our simulated experiments, we used 1 miscleavages. 

Using 0 miscleavages yields a smaller set of peptides associated with a given protein 

while increasing this number will increase the number of peptides associated with a single 

protein. This will cause our algorithm not to exclude spectra from any peptides with 

miscleavages in the sample. Increasing this value will result in the number of excluded peptides 

overall to increase, as more peptides are added to the exclusion list. However, this will result in 

longer algorithmic running time due to a greater number of peptides added to the exclusion list 

per protein excluded from analysis and the increased time required to maintain and search this 

larger exclusion list.  

5.2 Training Set Choice for Classifier 

Utilizing an appropriate dataset for training our machine learning classifier is vital for the 

accurate classification of a protein as confidently identified or not. The training data must consist 

of positive examples of confidently identified proteins and negative examples of proteins which 

have not been identified with high confidence. Necessarily, these training examples must closely 

resemble positive and negative examples in the dataset to be analyzed to be useful. We trained 

our classifier using a HEK293 240-minute experiment with proteins identified with a 1% FDR 

with less than or equal to 30 spectral counts as the positive training examples and proteins 
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identified with greater than 2.4% FDR as the negative training examples. Proteins identified 

between 1 and 2.4% FDR were not included to make the negative dataset and positive dataset 

more distinct and not consider borderline protein identifications. However, in removing these 

borderline protein identifications, may cause our classifier to misclassify these borderline cases. 

If borderline cases are deemed confidently identified in real-time and are added to the exclusion 

list, peptides from those proteins are no longer analyzed. As a result, these proteins may never be 

confidently identified. Further iterations of this algorithm can address this issue by prioritizing 

MS analysis of peptides specific to these borderline protein identifications.  

The dataset used to train our logistic regression classifier for protein identification 

confidence can be modified to yield performance increases. It is hypothesized that the features 

necessary for a confident protein identification in the HEK 293 240-minute experiment are 

similar to those of the 120-minute experiment since these experiments come from the same cell 

line and analyzed on the same instrument. An alternative for this training dataset would be to 

include merged datasets of multiple HEK 293 120-minute experiments as these may more 

accurately represent positive and negative examples of the dataset to be tested. Training 

examples can be gathered and merged from online MS dataset repositories such as PRIDE72 to 

train our classifier to be more generalizable to other MS experiments on different cell types and 

experimental conditions. 

We also considered the need to re-train our classifier periodically throughout the 

experiment. The initial feature weights for assessing protein identification confidence may not 

properly identify proteins with high confidence if our training data was not be generalizable to 

current experiment. As a result, our classifier might be assessing protein identification 

confidence poorly. This can be resolved by specifying time points to retrain our logistic 
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regression model based on the data accumulated so far. The MS data up to that time point could 

be passed through the protein identification pipeline to generate a new positive and negative 

training dataset with similar criterion for the original training dataset. This new training dataset 

could be used to train a new logistic regression classifier for estimating protein identification 

confidence until the next timepoint. Since this step is computationally intensive, it should be 

implemented in parallel with respect to the machine learning-guided exclusion pipeline. 

5.3 Generalizability of Simulated Results 

Our algorithm’s performance and the ability of our algorithm to identify additional 

proteins is estimated using a previously acquired MS experiment simulated in silico. The saved 

resources from our machine learning-guided exclusion can only demonstrate the potential for 

these resources to be re-utilized in an MS experiment to identify additional proteins. The extent 

to which our algorithm improves on the protein identification sensitivity in an MS experiment 

was assessed by artificially limiting the number of MS2 spectra between each MS1 spectra 

available for protein identification. This allows more MS resources to become available when 

preventing the analysis of redundant peptides. However, the additionally available spectra from 

the simulated dataset are quickly depleted and our simulation runs out of potential MS2 spectra 

resources to analyze when other spectra are excluded. The overall increase in protein 

identification is hence restricted and it becomes challenging to accurately estimate an increase in 

protein identification rate by a simulated MS experiment.  

In short, to further assess the potential for our algorithm in identifying more proteins, we 

would require assessing its performance using a mass spectrometer to guide data acquisition in 

real-time. 
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5.4 Technical Barriers 

Of the next steps for the further development of the method presented in this thesis is to 

apply this algorithm with a mass spectrometer to guide its data acquisition in real time. To 

realize this, one must implement on-the-fly protein sequence database search capabilities, 

acquire the proper API to communicate with the mass spectrometer, and consider run-time 

limitations of the pipeline. 

For the algorithm to guide MS data acquisition on-the-fly, MS data must be analyzed as 

they are acquired in order for our algorithm to use the resulting data features. Currently, our data 

originates from a previously complete MS experiment and the protein sequence database search 

is performed offline, prior to the simulation of the MS experiment. When implemented in the 

context of a live MS experiment, mass spectra must be continuously collected from the mass 

spectrometer, converted to a usable file format, searched against a peptide database, and the 

necessary data features for our algorithm to assess protein identification confidence must be 

extracted. This can be achieved using a real-time database search platform such as Orbiter.45 

For our algorithm to properly guide MS data acquisition, it must communicate to the 

mass spectrometer and update its dynamic exclusion list to prevent the analysis of these peptides. 

Both the acquisition of MS data for protein identification and the communication of a dynamic 

exclusion list is made possible by the API to communicate with the instrument. Some vendors, 

such as ThermoFisher, can allow their instruments to be controlled in this way. These APIs are 

vendor and instrument specific. For our software to be compatible with the mass spectrometer’s 

API, specific programming languages must be considered. For example, the ThermoFisher 

instrument API for the Q-Exactive mass spectrometer is limited to the C# programming 

language. As well, any 3rd party software used for database search and statistical assessment 
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must be able to analyze data as it is acquired. For example, a version of the Comet64 database 

search tool is capable of single spectrum searching against a protein database. In this way, any 

MS resources our algorithm saves can be used in real-time to acquire mass spectra from proteins 

of lower abundance and potentially improve protein identification sensitivity. 

Currently, our software package takes around 2-6000 seconds of total computational time 

depending on its hyperparameters. This computational time includes the time it takes for 

assessing protein identification confidence and maintaining a dynamic exclusion list. This 

however, does not include the time it will take for acquiring mass spectra from the mass 

spectrometer, performing a database search of these mass spectra, the communication of an 

updated dynamic exclusion list, nor any network latency from communication between the 

software and mass spectrometer. All these factors must be taken into account to more accurately 

estimate the necessary computational time and address any technical limitations of our approach.  

For our algorithm to perform at its full potential, it must perform all analysis before the 

next set of mass spectra are acquired. For example, with a Q-Exactive mass spectrometer, MS1 

spectra can be acquired every second, during which 10 to 20 MS2 spectra can be generated. The 

software package therefore needs to make decisions in a similar timespan. If these cannot be 

achieved within the available time, compromises will have to be made in order for the software 

to run in real-time. For example, occasionally skipping the analysis of a set of spectra to give the 

program time to complete the analysis of the previous data.  

A significant fraction of the computational time for the program is used to check if a 

peptide is on the program’s exclusion list. The greatest algorithmic running time improvements 

can be achieved by improving the exclusion list’s data structure efficiency, implementing 

parallelization or multi-threading of the code. Runtime particularly suffers when a very large 
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number of peptides are added to the exclusion list. A query peptide mass must be searched 

against the exclusion list to determine if the mass should be excluded from MS2 spectra 

acquisition. Our implementation utilizes a modified binary search algorithm to query if a mass is 

on the exclusion list. The runtime can be improved by breaking up the large exclusion list into 

many smaller exclusion lists binned based on their mass and querying multiple MS2 spectra at 

one time. 

Another running time consideration to take into account is the speed of proteomics 

database search algorithms used for on-the-fly processing of MS data. Our plans moving forward 

with the algorithm development is to use the Orbiter real-time search platform45 to search mass 

spectra as they are acquired by the mass spectrometer. In this thesis, our database search results 

were run prior to simulated MS data acquisition so the run-time requirements for these database 

searches to be performed on-the-fly have not been assessed. While we believe this tool will be 

able to perform reasonably well when applied in real time, we have considered the use of 

alternative database search algorithms capable of quick database searches. For example, 

MSFragger73 achieves this by using fragment ion indexing to allow speedy database search and 

peptide confidence scoring. Although MSFragger performs well in terms of speed, one limitation 

of the tool is the memory storage necessary for the pre-processing and indexing of the protein 

database. This results in large database index files that would need to be stored on the 

appropriate computer receiving MS files in real-time.  

5.5 Algorithmic Improvements 

 Further development on certain aspects of our algorithm may yield improved algorithmic 

performances. This can be achieved by addressing the issue of peptides that have been 
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incorrectly excluded from analysis, the accuracy of our peptide retention time predictions, and 

further improvements regarding our protein identification confidence assessment. 

 Our algorithm analyzes MS data as they are acquired and uses these data to assess if a 

protein is confidently identified. Peptides from proteins identified with high confidence are 

added to the dynamic exclusion list to prevent the analysis of these peptides. However, our 

algorithm can incorrectly exclude a peptide from analysis when assessing if the mass 

spectrometer should analyze or exclude a given m/z value. A peptide can be incorrectly excluded 

if there exists a distinct peptide with a similar mass and retention time that has been added to the 

dynamic exclusion list. As discussed in the results section, the peptide retention time prediction 

performed by RTCalc66 and other retention time prediction tools struggle to accurately estimate 

peptide retention times due to differences in relative protein abundance, chromatographic 

separation, and MS instrument variation. Retention time prediction tools are typically capable of 

predicting the order in which peptides elute off the liquid chromatography column, however 

most tools struggle to accurately predict the exact time at which a peptide will indeed enter the 

mass spectrometer. It is for this reason we decided to adaptively calculate the retention time of a 

peptide with our retention time prediction correction algorithm. Referenced in Figure 6, after 

retention time correction, performance improved from 0.57% to 48.2% of peptides within 2 

minutes of their predicted retention time, however a large portion of incorrectly predicted peptide 

retention time remains. The use of other retention time prediction tools can be used in place of 

RTCalc, for example SSRCalc.74,75 

 RTCalc uses artificial neural networks to estimate a peptide’s retention time based on its 

amino acid sequence. The parameters of the activation functions used by the tool were provided 

with the software. The accuracy of our peptide retention time estimation may be achieved by 
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retraining the neural network with data from MS experiments similar to the biological sample to 

be analyzed with our pipeline with similar length of MS experiment and chromatographic 

separation. If the training dataset used for RTCalc is more specific to the dataset tested, better 

accuracy of peptide RT prediction could potentially be achieved. However, this may not be 

practical for MS experiments with a limited set of samples available.  

Improvements in how our algorithm decides which peptides to include and exclude from 

analysis by the mass spectrometer can also be implemented by a soft-thresholding approach for 

exclusion of a peptide around its predicted retention time. Currently, the algorithm excludes a 

mass from MS2 spectrum acquisition if it is on the dynamic exclusion list and within a certain 

time range of its predicted retention time. Instead of using a strict cut-off time window around its 

retention time, the algorithm could instead exclude a peptide more frequently the closer it is to its 

retention time. 

The performance of our algorithm could also be improved by considering supplemental 

features for assessing protein identification confidence. Some features available from the Comet 

database search tool not used by our classifier include Delta CN,19 Delta CN*,59 and E-value.64 

Delta CN describes the difference between the first and second candidates of a theoretical 

peptide spectrum to an observed spectrum, while Delta CN* describes the difference between the 

first and fifth candidates. The E-value is the expectation value of the confidence score based on 

the score distribution of all confidence scores. The addition of some of these features and their 

cross-features to the classifier may yield a better performance. While adding extra features 

increases the chance of overfitting to the training dataset, the number of features remain small, 

and therefore, this risk remains minimal  
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 Additionally, performance improvement may be implemented with a different 

classification technique. Currently, we use a logistic regression classifier for estimating protein 

identification confidence. We chose a logistic regression classifier over other classification 

techniques in machine learning because its computation is fast, can be adjusted with a probability 

threshold, and is easy to interpret. However, there could be other classification techniques that 

may yield better performances. One such algorithm is the support vector machine. This 

algorithm fits a decision boundary between its positive and negative training sets, maximizing 

the difference between the decision boundary and each set. This algorithm would result in a 

classification of a protein as confidently identified or not as opposed to a probabilistic model we 

have from the logistic regression classifier. With the logistic regression classifier, we can fine-

tune the probability threshold based to control how stringent we want the classifier to perform. 

The support vector machine algorithm could be advantageous as it would remove the 

requirement for a user-defined probability threshold. 

5.6 Future Directions 

 Our goal for this project was to develop an algorithm capable of identifying a similar 

number of proteins using fewer MS resources compared to conventional MS data acquisition 

strategies. While the confident identification of proteins in a given sample is important for 

understanding its role in a biological context, the quantification of proteins in different cellular 

conditions can yield further insight.  

 In MS-based proteomics, the mass spectrometer can estimate the relative abundance of 

proteins in a sample based on the acquired mass spectra. This can be achieved based on the 

number of MS2 spectra acquired for a peptides corresponding to a given protein, called spectral 

counting, or by inferring its quantification based on the change in intensity of the m/z as it varies 
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over time in the acquired MS1 spectra for peptides corresponding to a given protein, called 

extracted ion chromatography.76 The spectral counting method relies on the assumption that 

peptides from more abundant proteins will be analysed more often than less abundant proteins. 

However, since our algorithm guides MS data acquisition and excludes the analysis of MS2 

spectra from confidently identified proteins, this is inconsistent to the spectral count assumption 

and thus spectral counting cannot be used as a proxy for relative protein quantification. However, 

Extracted Ion Chromatography, can still be used since it relies on MS1 spectra. The 

quantification is calculated based on the area under the curve of the intensity of a given peptide’s 

chromatogram. Peptides of higher abundance will have a greater area under the curve under its 

chromatogram across its retention times. Nevertheless, the variance of the intensity 

measurements for the different peptides forming a protein can vary significantly. It is therefore 

often necessary to quantify multiple peptides of a protein to obtain an accurate quantification 

value for it. Once again, proteins that are more abundant typically meet this requirement for 

accurate quantification. However, this is often not the case for proteins of lower abundance, 

which have much less peptides identified in a typical MS experiment. Our approach could 

therefore be used to prevent the acquisition of data from peptides of proteins that are deemed 

confidently quantified to allow the mass spectrometer to allow the acquisition of data from 

peptides of less abundant proteins and favour, in turn, their quantification.  

In addition to the algorithmic improvements previously discussed, our machine learning 

guided dynamic exclusion can be utilized with a specific research goal in mind. Our algorithm 

currently saves MS resources by dynamically excluding peptides from proteins identified with 

high confidence. Future iterations of this method may include the reverse of a dynamic exclusion 

list, instead utilizing a peptide inclusion list indicating peptides from a set of peptides of interest. 
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By excluding from analysis peptides from proteins identified with high confidence, the saved MS 

resources can be repurposed to analyze peptides from such an inclusion list. In this way, our 

algorithm can guide MS data acquisition towards a specific set of peptides of interest. These 

peptides of interest may include peptides that are unique to certain protein sequences, pathways 

or species. Indeed, many peptides analyzed via MS are peptides that belong to more than one 

protein. For example, in a mouse lung-tissue, these shared peptides can comprise up to 50% of 

the peptides in a protein database.77 This is due to a high number of homologous proteins and 

protein isoforms.38 As a result, these peptides are less informative for protein identification than 

peptides that are unique to exactly one protein, pathway, or species. The identification of these 

uniquely identifying peptides has the potential to increase the number of unambiguous proteins 

or pathways identified in an MS experiment. The identification of these protein or pathway 

identifying peptides could increase the confidence that a given molecular pathway is active in a 

given MS experiment. Finally, in metaproteomics MS experiments are performed on samples 

containing a number of distinct microbial species. It is difficult to confidently identify a specific 

species if no unique peptides of that species are detected. The identification of peptides specific 

to a given species could therefore improve the bacterial species coverage of metaproteomics 

experiments and provide a better understanding of their composition.   
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