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Abstract
Reproducibility is a “Proteomic Dream” yet to be fully realized. A typical data analysis workflow utilizing extracted ion chromatograms (XICs) often treats the information path from identification to quantification a one-way street. Here we propose an XIC-centric approach where the data flow is bidirectional: identifications are used to derive XICs whose information is in turn applied to validate the identifications. In the present study, we employed liquid chromatography-mass spectrometry data from glycoprotein and human hair samples to illustrate the XIC-centric concept. At the core of this approach was XIC-based monoisotope repicking. Taking advantage of the intensity information for all detected isotopes across the whole range of an XIC peak significantly improved accuracy and uncovered misidentifications originating from monoisotope assignment mistakes. It could also rescue non-top ranked glycopeptide hits. Identification of glycopeptides is particularly susceptible to precursor mass errors for their low-abundances, large masses, and glycans differing by 1 or 2 Da easily confused as isotopes. In addition, the XIC-centric strategy significantly reduced the problem of one XIC peak associating with multiple unique identifications, a source of quantitative irreproducibility. Taken together, the proposed approach can lead to improved identification and quantification accuracy and ultimately enhanced reproducibility in proteomic data analyses.
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Introduction
Quantitative proteomics concerns discovering significant protein abundance changes at the proteome scale and plays an increasingly important role not only in basic research but also in biomarker discovery for personalized diagnosis and treatment of diseases.1 In these studies, reproducibility is critical in achieving successful outcomes. Modern high-performance liquid chromatography (LC) and high-resolution tandem mass spectrometry (MS/MS) are relatively mature technologies and a driving force for progress in the field. Data-dependent acquisition (DDA) is often the method of choice for both identification and quantification, but data-independent acquisition (DIA) has been gaining popularity with the advent of fast scanning mass spectrometers.2 Quantification with DDA is usually based on precursor intensity information in MS1 scans while for DIA it depends on the abundance of fragment ions in MS/MS scans.
In a typical DDA data analysis workflow for LC-MS/MS-based quantitative experiments that employ either label-free or isotopic-labeling methods, monoisotopic m/z values for precursor ions are first picked, and MS/MS spectra are matched to peptides through sequence database searching or spectral library searching (i.e., the identification step). Information from each identification (e.g., mass, charge, and retention time [RT]) is then utilized to extract an ion chromatogram (XIC) from MS survey scans (i.e., the XIC step). Peak area (area under the curve) or simply the apex intensity of the XIC is commonly used to represent the abundance of the identified peptide ion. Downstream analysis could include RT alignment, intensity normalization, protein abundance determination, and various statistical methods to find proteins that have significant changes in expression levels.3
A potential drawback in this seemingly straightforward workflow is that data flow between the identification step and the XIC step is usually one-way, meaning that traits (m/z, RT) of an identification are employed to obtain an XIC, but information in the XIC traces (e.g., isotopic pattern) is not exploited to confirm or invalidate the identification. This implicitly assumes that identifications are correct. However, the assumption is flawed. Besides false positives introduced by random factors during the identification process, errors in monoisotope picking can also lead to false results. In addition, isotope correction, an option in some search engines designed to remedy inaccurate monoisotope picking during database searches,4 can cause side effects in identifications. Furthermore, we frequently observe that hits for an identification are associated with distinct XIC peaks in a wide RT region, and that hits for multiple unique identifications can be assigned to a well-defined single XIC peak, which could be warning signs for false hits or abnormal chromatography. All these factors concern XIC analysis, suggesting XICs could hold the keys to solving many of the aforementioned issues. We suggest that these issues could be addressed by a new XIC-centric approach described in this paper.
Recent developments have focused on ultrafast database searching,4 rapid XIC extraction,5 accurate protein abundance ratio determination,3 and site-specific glycopeptide abundance distribution,6 to name a few. The connection between identification and XIC seems a weak link because XICs are often deemed purely post-identification products that represent the abundances of identifications. There have been some attempts to strengthen the link. For example, in the label-free MS1 filtering module of Skyline,7 a dot product between an identification’s predicted isotope abundances and the observed isotopic profile derived from its corresponding XIC is used to gauge the quality of the XIC as a quantification metric. In IonQuant,3 a divergence measure between theoretical and observed isotopic patterns is part of a composite score to find missing XICs for match-between-runs. MaxQuant8 also applies graph theory to correlate detected isotope cluster with predicted abundances based on an averagine model to improve XIC extraction. The emphases are on the quantitative aspect of XICs, and the question answered is whether an XIC is a good quantity measurement for a given identification. Efforts to answer the question whether the correctness of a given identification is supported by the XIC associated with it have been lacking.
Besides a quantitative role of an XIC being a metric for the abundance of an identification, we think XICs should also play a qualitative role in proteomics. In this study we propose an XIC-centric approach in which the rich information about isotopic peaks in an XIC is taken advantage of to validate one of the most important attributes of an identification, its monoisotopic m/z. Instead of a one-way data flow between the identification step and the XIC step, the information flow should be bidirectional between identification and XIC: an identification is used to derive an XIC for quantification (quantitative role), and the XIC is in turn utilized to validate the identification (qualitative role). The qualitative role is realized through repicking the monoisotope of the precursor ion for an MS/MS spectrum assigned to an identification.
Currently monoisotope picking is commonly accomplished based on the observed isotopic pattern for a precursor in an MS1 survey scan preceding an MS/MS event. Depending on where the MS/MS event occurs, the process could be error-prone if it happens at the beginning or ending phase of the precursor’s elution profile (i.e., its XIC peak) or when the abundance is low with interference by nearby noise peaks. The isotopic pattern could be irregular (missing isotope peaks or isotope abundances deviating significantly from expected), resulting in picking the wrong monoisotope for a precursor ion. Since the monoisotopic m/z is arguably the most important initial metric for determining an identification, picking the correct monoisotope is of utmost importance. On the other hand, XIC-based monoisotope repicking greatly increases the chance of finding the true monoisotopic m/z since an XIC peak contains all the observable information about a precursor’s isotopic abundance distribution. By using the area of each isotope’s abundance trace within the XIC peak, equivalent to summing or averaging all the observed signals, random noise could be smoothed, and a higher quality isotopic pattern could be obtained.
Strategies proposed to improve monoisotope assignment fall into roughly two categories depending on the workflow component targeted: post-search or pre-search. In this study, we presented a strategy that focuses on the post-database search validation of identifications with XIC-based monoisotope repicking. On the other hand, pre-search strategies apply monoisotope correction procedures prior to database searches. One example is Monocle which has been reported to significantly increase PSMs with MS1 spectrum averaging and averagine-based isotope prediction.9 MaxQuant,8 a widely used proteomic data analysis tool, is another example which performs feature extraction and isotope clustering for precursor mass refinement before identification. A recent study evaluated the performance of several tools (including MaxQuant) in XIC extraction for a data set that was manually curated.10 The median performer had a success rate of less than 50 %, underscoring the challenges of “blind” (without employing identification information) feature detection to both accuracy and coverage.
The XIC-based repicking of monoisotopes is particularly beneficial for glycopeptide analysis. Glycopeptide ions are often of low abundance and have large masses, and error rates in monoisotope picking could potentially be higher. As many glycan candidates differ by 1 Da or 2 Da, incorrect monoisotopic m/z (deviating 1 Da or 2 Da from the true value) could lead to identifying a correct peptide sequence but a wrong glycan component. Using high-resolution LC-MS/MS data from digested glycoprotein and human hair samples, we will show that the XIC-centric approach identifies false-positive hits and improves quantification accuracy, as well as rescues glycopeptide identifications.
Materials and Methods
Sample processing and data generation
Materials used in this study included proteins extracted from human hair as well as glycoproteins obtained from commercial sources. Methods for sample preparation and LC-MS/MS have been described in detail elsewhere.6, 11, 12 Briefly, protein samples were denatured, reduced, and alkylated, followed by digestion with trypsin and/or other enzymes. High-resolution LC-MS/MS data for replicate injections of each digest were generated on an Orbitrap Fusion Lumos mass spectrometer (Thermo Fisher Scientific). A nano-flow LC gradient consisted of a linear increase of buffer B (a volume fraction of 0.1 % formic acid in acetonitrile) from 2 % to 32 % (volume fraction) in 200 min followed by a wash and equilibration phase of 40 min. The related protocols have been reviewed and approved by the National Institute of Standards and Technology Human Subjects Review Board.
Database search and glycan assignment
Database searches were carried out with MSFragger4 (v3.7; University of Michigan). Mass tolerances were 10 ppm and 20 ppm for precursors and fragments, respectively. Fixed modification was carbamidomethyl (cysteine), and variable modifications were oxidation (methionine) and Gln->pyro-Glu (glutamine at peptide N-terminal). The isotope_error option was set to 0/1/2. Human protein sequences were downloaded from UniProt (20375 entries; retrieved on January 4, 2022). Reversed sequences were added to the sequence database as decoys. Up to 3 missed cleavages were allowed. The maximum peptide length was set to 50. N-glycan mode was enabled when searching glycoprotein data files. Glycan assignments were made with PTM Shepherd. Peptide-spectrum matches (PSMs) were filtered at a 1 % false discovery rate (FDR).
XIC-centric analysis
For each identification, the following data processing steps were performed (see supplementary Figure S1 for a diagram of the workflow).
(1) Isotopic envelope prediction. The identification’s theoretical isotopic envelope was computed using the Yergey method.13 Heavy isotopes on the right tail were discarded if their abundances were below a predefined threshold (currently 3 % of the most abundant isotope).
(2) PSM grouping. PSMs for the identification were sorted by RT and then divided into groups. A delta RT was calculated for each pair of neighboring PSMs. PSMs that were close in RT (e.g., delta RT was less than 3 min; the choice of 3 min was based on LC gradient time and observed XIC peak width; a larger or smaller value could be more appropriate for other LC conditions) were placed in the same group, while those that were farther from each other (e.g., delta RT was equal or greater than 3 min) were put in different groups. Instead of extracting a single XIC that covered all PSMs, we extracted one for each PSM group. The purpose was to reduce the lengths (in terms of RT) of XIC traces and significantly lessen the amount of computation if there were PSMs in distant RT regions.
(3) XIC extraction. For a PSM group, an intensity trace was extracted for each predicted isotope plus 3 potential isotopes below the identification’s theoretical m/z in a RT region that covered all PSMs in the group and extended 3 min before and after. An XIC trace for a given m/z was produced as a list of intensity and RT pairs by summing the intensities of peaks within a predefined mass tolerance (e.g., 10 ppm in this study) for each MS1 scan within a supplied RT range. The XIC traces were added to produce a summed intensity trace that represented the overall abundance distribution of the identified molecule. The summed trace was used for XIC peak detection. Note that the purpose of using 3-min extensions in XIC extraction was to provide sufficient data for visualization as well as checking for potential peak detection issues.
(4) XIC peak detection. An XIC peak was defined as a shape, likely pointed and possibly Gaussian, with a starting point and an ending point on the summed trace and presumed to represent the elution profile of a precursor ion. A threshold approach was applied to detect peaks in the summed XIC trace. The threshold was set as 5 % (configurable) of the maximum intensity within an RT region spanning the range of the group of PSMs and extending a user-defined RT tolerance (e.g., 1 min) at both ends. A peak was considered detected if there were at least 5 (settable) consecutive intensity points (each corresponding to an MS1 event) above the threshold. The end of the peak was deemed reached when two consecutive points below the threshold were encountered. The threshold approach was relatively tolerant to moderate signal fluctuations (common for low-abundance signals or unexpected spray instability), compared to a local minima/maxima method. For short LC-MS runs of complex samples, coeluting analytes whose m/z difference is close to the isotopic distance may complicate XIC peak detection, and some measure of XIC shape similarity could be applied to improve accuracy.
(5) PSM and XIC peak association. If there was only one XIC peak detected for a group of PSMs, all PSMs in that group were assigned to it. If there were two or more XIC peaks (e.g., due to PSM misidentification, in-source fragmentation, isomers, or potential chromatographic issues), a PSM was assigned to associate with the XIC peak that was closest in RT.
(6) Observed isotopic pattern construction. For an XIC peak, the experimentally resolved isotopic pattern for the underlying precursor ion was constructed with the abundance of each isotope represented by the area under the curve of its intensity trace encompassed by the XIC peak.
(7) Monoisotope repicking. For each XIC peak, a shift-and-match method (see Results and Discussion for details) was employed to determine the monoisotope of the underlying precursor ion based on the similarity (i.e., Pearson correlation coefficient) between the observed isotopic pattern and the predicted isotopic envelope which was shifted up to -3 positions below and up to +3 positions above the theoretical monoisotope. The term repicking was adopted to differentiate it from the initial monoisotope picking process by search engine prior to database searching.
Results and Discussion
For this study, LC-MS/MS data from glycoprotein and human hair samples were used. Hair data were selected for two reasons. Peptide mixture that results from digesting the hair proteome consisting mainly of various keratins and keratin-associated proteins is of reasonable complexity comparable to that of samples regularly processed in a lab. In addition, genetically variant peptides (GVPs) in hair11 have the potential for identifying a human in forensic applications which require the highest confidence in GVP identifications. We also chose glycoprotein data because glycosylation is implicated in many disease mechanisms including cancer.14 Moreover, many N-glycans differ by 1 or 2 Da in mass and can be mistaken as isotopes of the same precursor ion, which makes glycan assignment especially vulnerable to monoisotope picking errors and adds another layer of complexity to the already challenging glycopeptide identification process. The XIC-centric approach seems well-positioned to tackle these difficult tasks. For clarity in illustration, a data file from the hair and glycoprotein data sets was randomly picked and referred to as the hair sample and glycoprotein sample, respectively. Though the present study was benchmarked on the hair and glycoprotein samples, varying degrees of monoisotopic m/z assignment errors were observed for a wide range of other datasets we processed, for both simple and complex samples as well as for regular proteomics and glycoproteomics.
1. The XIC-centric approach
Overview. A diagram depicting a simplified overview and comparison of a typical quantitative proteomics workflow and the XIC-centric approach is presented in Figure 1. In the typical workflow (red arrows), identifications are made from LC-MS/MS data. Monoisotopic m/z picking for each fragmented precursor ion is part of the identification process and often based on isotopes present in a survey MS1 scan preceding a fragment spectrum. XICs are then derived for these identifications, followed by downstream quantitative analysis. In the XIC-centric approach (green arrows), XICs are also used to validate identifications through accurate monoisotopic m/z repicking by comparing summed peak area-based isotopic patterns with their theoretical isotopic envelopes.
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Figure 1. Overview. In a typical quantitative proteomics workflow (red arrows), identifications are made from LC-MS/MS data, and XICs are then derived based on the identifications, followed by downstream quantitative analysis. In an XIC-centric approach (green arrows), XICs are also used to validate identifications through accurate monoisotopic m/z repicking by comparing summed peak area-based observed isotopic pattern with theoretical isotopic envelope, which ultimately improves both identification and quantification.

Difference from the typical workflow. In the typical workflow, the information flow between identification and XIC is one-way (i.e., from identification to XIC and not vice versa). This approach gives up the rich collective information that an XIC peak contains about isotopes for an identification, which can serve to corroborate or disprove the identification. In contrast, in the XIC-centric approach, XICs are no longer treated just a convenient post-identification metric for quantification but play an essential role also in validating identifications. This is achieved by utilizing the intensity information of each detected isotope for an identification across all MS1 scans within an XIC peak to obtain an accurate representation of the experimentally observed isotopic pattern. The resulting pattern is compared to the theoretical isotopic envelope of the identification to determine its monoisotopic m/z. The repicked monoisotope is then applied to either confirm or invalidate the identification, which could ultimately improve both identification and quantification.
Example of the XIC-centric approach. Figure 2 provides a concrete example illustrating the XIC-centric approach for validating an identification. In this example, a peptide was identified (highlighted entry; panel A). Its theoretical isotopic envelope was calculated (salmon; plotted as reference in panel B). Intensity for each of its predicted isotopes (blue; panel B) was extracted from MS1 scans. For simplicity, only the mass region of interest from a subset of MS1 scans sampled at the beginning, center, and tail of the associated XIC peak was shown. A ppm value indicated the mass difference between a detected isotope and the corresponding predicted one. XIC traces (colored solid lines; panel C), one for each isotope, were obtained, and peak boundaries were determined. The observed isotopic pattern (blue; panel D) was represented by the peak area of each isotope trace within the XIC peak and then compared to the identification’s theoretical isotopic envelope (salmon) to repick the experimentally measured monoisotopic m/z through a shift-and-match method (details provided later and in Figure 3).
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Figure 2. An example illustrating XIC-based repick of monoisotope for validating an identification. Given an identification (highlighted entry; A), the intensity of its isotopes was extracted from successive MS1 scans, six of which were shown (B). Ppm values indicate mass differences of observed isotopes and predicted peaks. XIC traces (one for each isotope) were obtained, and peak boundaries were determined (C). The observed isotopic pattern was represented by the peak area of each isotope trace within the XIC peak and then compared to the identification’s theoretical envelope to repick the experimentally observed monoisotopic m/z (D). In this case, the repicked monoisotope matched the identification’s mass, thereby enhancing confidence.

In this particular case, the repicked monoisotope matched the identification’s mass, greatly increasing our confidence in the correctness of the identification. If every identification follows this example, XIC-based monoisotope repicking is not necessary. Unfortunately, the portion of identifications whose mass doesn’t match the experimentally observed one is not trivial, as shown later. The reason is actually simple. As shown in panel B, detected isotopes could exhibit a pattern very different from expected (noise peaks, missing isotopes, irregular abundances) depending on where the measurement was taken relative to the XIC peak. This clearly demonstrates that monoisotope picking based on a single MS1 scan could be error-prone. On the contrary, the XIC-based method exploits all related MS1 scans for relevant isotope information, which can smooth out random noise and signal variation to provide a much higher probability of finding the true monoisotope for a precursor ion. Monoisotope repicking is at the core of the XIC-centric approach.
2. XIC-based monoisotope repicking
A shift-and-match method to repicking the monoisotopic m/z. Figure 3 explains the steps for monoisotope repicking. Given a (glyco)peptide identification for an MS/MS spectrum, we first compute its theoretical isotopic envelope (panel A) following the Yergey algorithm13. Instead of keeping the whole data profile, a simplified envelope is retained by trimming all heavy isotopes at the envelope’s right tail with a normalized abundance below 3 % of the most abundant isotope. An observed isotopic pattern is also derived based on the peak area of extracted XIC trace for each predicted isotope (down to 3 potential isotopes below the theoretical monoisotope; panel B) for the identification. A mirror plot of the observed and predicted isotopic profiles shows a moderate correlation (Pearson r0=0.794; panel C). The theoretical isotopic envelope is then shifted up to 3 positions below and up to 3 positions above the theoretical monoisotope (panels D to I). We considered shifting only up to 3 positions around the theoretical monoisotope because the initial monoisotope picking errors by search engine were mostly off by 1 isotope in the data we examined. Off by 2 was less frequent, and off by 3 was rare. Off by more than 3 was extremely unlikely.
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Figure 3. A shift and match approach to XIC-based repick of monoisotopic m/z. Given a (glyco)peptide identification for an MS/MS spectrum, we first compute its theoretical isotopic envelope (A; x-axis is the position or number of isotopes relative to the monoisotope, and y-axis, not shown, is the normalized abundance). Its observed isotopic pattern (B) is also derived based on the peak area of the intensity trace extracted for each predicted isotope (plus up to 3 potential isotopes below the theoretical monoisotope) in the (glyco)peptide’s XIC peak. A mirror plot (C) of the observed and predicted isotopic profiles shows a moderate correlation. The theoretical isotopic envelope is then shifted up to 3 positions below and up to 3 positions above the theoretical monoisotope (D to I). As illustrated, shifting 1 position below the theoretical monoisotope gives the highest correlation with the observed isotopic profile (F). The m/z, weighted by intensity within the XIC peak, of the observed isotope at the -1 position is repicked as the experimentally measured monoisotopic m/z. Since the mass of the (glyco)peptide is off 1 isotopic position from the repicked monoisotope, it is likely a false-positive identification.

A Pearson correlation coefficient is calculated between the observed and theoretical patterns at each shift. Isotopes without a positive abundance (observed or predicted) in the isotope range considered were included in the calculation with an intensity of zero. In this example, shifting 1 position below the theoretical monoisotope gives the highest correlation (r-1=0.998; panel F). The m/z, weighted by intensity in the corresponding XIC peak, of the observed isotope at the -1 position is repicked as the experimentally measured monoisotopic m/z. The essence is to find the maximum ri (i is the shift required to yield the maximum r and corresponds to an experimentally resolved monoisotope). In majority of cases we examined, i=0, which of course is not unexpected. In this shift-and-match method, an identification’s theoretical isotopic envelope serves as both the starting point and a template to map out the measured isotopic pattern for the underlying precursor ion in order to determine the true monoisotope. The method is partly borrowed from the hybrid search algorithm in which certain fragment ions are shifted to improve scoring for matching library spectra to a query spectrum.15
Correlation coefficient cutoff for confident repick. The correlation coefficient (r) reflects the degree of similarity that the observed and predicted isotopic profiles resemble each other. The higher the r (1.0 indicates a perfect match), the more confidence one has in the repicked monoisotopic m/z. To establish a threshold, we first computed r0 for each PSM and then separated the hits into two categories: hits whose theoretical m/z matched the repicked monoisotopic m/z and hits whose theoretical m/z didn’t. We then looked at the distribution of r0 for each category. We may consider the first category “targets” and the second category “decoys” in a way similar to the target-decoy concept in database searches.
For the glycoprotein sample (direct MSFragger search output without applying any filters), only <0.2 % (6 out of 3815 hits) of r0 values in the “decoy” category were greater than 0.95, while the portion in the “target” category with r0 >0.95 was 82 % (4837 out of 5907 hits). If we apply a 0.95 cutoff, we would then have a false positive rate (FPR) of <0.2 % and an estimated FDR of about 0.1 % (6 divided by 4837). Increasing the threshold to 0.99 would lead to an estimated FPR or FDR at 0 %, but the portion of “targets” remaining would drop precipitously to about 58 % (from 82 %). Therefore, it seemed a cutoff value of 0.95 substantially saved a large proportion (24 %) of “targets” with a small but acceptable compromise of an FDR increasing to 0.1 %. In addition, the FDR remained at about 0.1 % when requiring an MSFragger hyperscore4 of at least 10. Similar FDRs were also obtained for the hair sample, suggesting a threshold of 0.95 in correlation coefficient offered a level of high confidence in monoisotopes repicking and could be applicable to data derived from different sample types. All data analyses in the following sections were carried out on PSMs with an ri greater than 0.95.
It is worth mentioning that the use of a relatively conservative cutoff (i.e., 0.95) in this study was for illustrative purposes and to establish confidently the conclusions drawn. A less stringent threshold may be adopted. For example, at a threshold of 0.90, about 95 % of the “targets” for the hair sample would be kept, though at the expense of a slightly higher FDR that was estimated to be approximately 0.37 %. PSMs not passing a chosen cutoff are not necessarily wrong, and alternative confidence assessment methods such as entrapment database searches16 could be beneficial.
3. The need for XIC-based monoisotope repicking
Errors in initial monoisotope picking for database searches are not negligible. Monoisotopic m/z picking for the precursor ion of an MS/MS spectrum is a crucial step that cannot be overemphasized in database searches. It is commonly done using isotopic information present in a preceding MS1 scan for each MS/MS spectrum. While in many cases the task can be accomplished successfully, mistakes are not uncommon especially when noise is present, an isotope is missing, or isotopic signals are low and abundances deviate from expected (see Figure 2B for examples). Table 1 lists the statistics of mass differences (rounded to the nearest integer) between initially supplied and XIC-repicked monoisotopes for all hits. The vast majority (≈86 % for the hair sample and ≈90 % for the glycoprotein sample) of difference was zero (within 10 ppm), suggesting most of the time the search engine and XIC agreed with each other in choosing monoisotopes. But apparently the portion of disagreement was still relatively high (10 % or more), indicating potential errors due to mispicked monoisotopes in the database search results could be significantly higher than the estimated 1 % FDR.
Table 1. Distribution of mass differences, rounded to nearest integers, between initially supplied and XIC-repicked monoisotopes for all PSMs of the hair and glycoprotein samples
	Mass difference
	hair
	glycoprotein

	
	Count
	%
	Count
	%

	-2
	43
	0.15
	1
	0.03

	-1
	286
	0.98
	21
	0.68

	0
	25165
	86.43
	2778
	89.84

	1
	2276
	7.82
	207
	6.69

	2
	1078
	3.70
	65
	2.1

	>=3
	268
	0.92
	20
	0.65



For hits from the glycoprotein sample where they disagreed, ≈13 % of MS/MS spectra were acquired at the early phase of an XIC peak (before the peak start or inside the peak but within 10 % of peak width from the start) and ≈33 % at the late phase of an XIC peak (at the tail after the peak end or inside the peak but within 10 % of peak width from the peak end). For the hair sample, the proportions were ≈14 % and ≈44 %, respectively. It was somewhat surprising that approximately half of the disagreement happened within the main part of XIC peaks. Manual inspection confirmed earlier speculation that disagreement was caused by presence of noise, low abundance of signals, and missing isotopic peaks in the MS1 master scan. In addition, distribution analysis (see supplementary Figure S2 for frequency of disagreements with respect to position along the elution profile [panels A & B], MS1 intensity [panel C], and precursor mass [panel D]) showed a general trend that hits with mass picking errors were farther from the XIC apex, had lower precursor intensity (absolute or relative to XIC peak apex), had lower scores, and tended to have a larger mass. On the other hand, this also demonstrates that XIC-based repicking takes advantage of all the information about isotopes within the elution profile of a precursor and is tolerant of signal variations, leading to improved precursor mass determination.
Picking errors are mostly +1 or +2 13C isotopes. Among the ≈10 % to ≈14 % of MS/MS spectra that the search engine picked a different monoisotope, the majority of the delta masses was +1 and the rest was mostly +2, indicating the initial picking errors were mainly the +1 and +2 13C heavy isotopes. This was supported by histograms of the exact delta masses (intervals of 0.002 Da) which showed two dominant clusters around 1.006 and 2.008, accounting for 47 % and 27 % of the cases, respectively, for the hair sample (Figure 4A). Similarly, for the glycoprotein sample, the two dominant clusters centered at 1.002 and 2.004, representing 57 % and 20 % of the data points, respectively (Figure 4B). In relative terms, similar percentages of the delta masses fell within 5 ppm from 1.003 and 2.006 for both samples, confirming the errors reflected choosing a heavier 13C isotope. Other inaccuracies including picking an isotope below the monoisotope or +3 13C isotopes were infrequent. The observation that the initial precursor picking errors mostly reflect +1 or +2 13C isotopes is consistent with results obtained by using MSPepSearch, a spectral library search engine which employs the hybrid search algorithm to match query spectra to library spectra,15 for proteomic data from a variety of sources.
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Figure 4. Histograms (0.002 Da bins) of mass differences between initially supplied and XIC-repicked monoisotopes for PSMs of the hair sample (A) and the glycoprotein sample (B). Differences within 10 ppm were not included. Two dominant clusters reflecting differences of 1 and 2 13C isotopes are apparent for both samples.

Isotope correction partially corrects picking errors. Recognizing the possibility in picking wrong monoisotopes, search engines usually provide an isotope correction option.4 In this analysis, the default 0/1/2 option was used, which indicated that a picked monoisotope could be a +1 or +2 13C isotope. In other words, the search engine would consider not only peptides whose theoretical m/z matches the picked monoisotope but also peptides whose mass matches the potential -1 or -2 13C isotope. Isotope correction is introduced with the hope that it could correct at least some of the monoisotope picking errors. However, it could also potentially introduce new errors. For example, for MS/MS spectra whose precursor masses are correctly picked, some of them could match to peptides whose masses are about 1 or 2 Da lower than the precursor masses because either the correct peptide sequences are not in the protein sequence database or these random wrong hits happen to have a higher score.
Table 2 lists differences (rounded to the nearest integer) between XIC-repicked monoisotope and an identification’s theoretical mass for all hits. One obvious difference, compared to table 1, is that the agreement between hits and XIC-repickings was considerably improved (from ≈86 % to ≈95 % for the hair sample and from ≈90 % to ≈93 % for the glycoprotein sample), indicating that the isotope correction option was able to correct the initial precursor mass picking errors to certain degree. But the proportion (≈5 % to ≈7 %) of disagreement denoting likely false positives remained far greater than the estimated 1 % FDR.
Table 2. Distribution of mass differences, rounded to nearest integers, between XIC-repicked monoisotope and an identification’s theoretical mass for all PSMs of the hair and glycoprotein samples
	Mass
difference
	Hair
	glycoprotein

	
	Count
	%
	Count
	%

	-2
	144
	0.50
	33
	1.07

	-1
	286
	0.98
	53
	1.71

	0
	27565
	94.67
	2870
	92.82

	1
	928
	3.19
	129
	4.17

	2
	193
	0.66
	7
	0.23



Identification errors for the hair sample are mainly related to deamidation. About 5 % mass errors remained after isotope correction for the hair sample, possibly reflecting misidentifications. Most of the errors were around +1 Da (table 2), suggesting these identifications were about 1 Da less than XIC-repicked monoisotopes. More specifically, histograms of the exact mass deviations (in 0.002 Da bins) exhibited a dominant cluster (covering ≈45 % of all cases) with a center around 0.98 (Figure 5A), implying the actual precursor ions were likely deamidated species and the identifications were the native (non-deamidated) version. In relative terms, a similar percentage of these mass deviations was within 5 ppm from 0.984, and associated identifications all contained at least one asparagine (N) or glutamine (Q), confirming the deamidation hypothesis.
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Figure 5. Histograms (0.002 Da bins) of mass differences between XIC-repicked monoisotopes and identifications’ theoretical masses for PSMs of the hair sample (A), the hair sample when deamidation was added as a variable modification in database searches (B), and the glycoprotein sample (C). Differences within 10 ppm were not included. For the hair sample, a dominant cluster of mass differences reflecting deamidation is apparent (A), which was diminished when considering deamidation in database searches (B). But a new dominant cluster exhibiting artifactual deamidation is now visible. For the glycoprotein sample, three clusters indicating glycan misassignments are present.

In fact, identifying the native version of deamidated peptides is an intended purpose of isotope correction in MSFragger3. Indeed, most of the 0.98 cluster disappeared if deamidation (+0.984 Da) was specified as a variable modification in database searches, decreasing from accounting for ≈45 % of all cases to ≈13 % (Figure 5B). The ≈13 % remaining deamidation-like delta masses could be due to corresponding precursors being non-deamidated (reflecting random errors introduced by the isotope correction option) or non-identifiable (correct sequences not in database). Unexpectedly, a new dominant cluster centered around -0.988 appeared (accounting for 44 % of all cases), revealing significant risk of deamidation artifacts with the inclusion of deamidation in database searches.
Identification errors for the glycoprotein sample are mostly glycan misassignments. Every person is different, as the old saying goes. It turns out each sample is also unique. For the hair sample (Figure 5A), mass differences between hits and XIC-repicks indicated deamidation and other identification errors. An almost completely different picture was obtained for the glycoprotein sample (Figure 5C). Instead of appearing to mainly relate to evidence of deamidation or other random errors, the distribution of identifications’ mass deviations from XIC-repicks displays three distinct clusters concentrated around 1.02, -1.018, and -2.016, explaining ≈47 %, ≈20 %, and ≈13 % of all cases, respectively. Given the distinguishing nature of the hair and glycoprotein samples, our first suspicion was that the three delta masses could signify glycan assignment issues.
Indeed, according to our observation, a lot of glycan misidentifications involved confounding F2 (Fuc[2]) and S (NeuAc), whose masses happen to differ by 1.0204 Da (S mistaken as F2) or -1.0204 Da (F2 substituted by S), as well as the mix-up of FS2 (Fuc[1]NeuAc[2]) and G2H2 (HexNAc[2]Hex[2]) differing by -2.0157 Da. Apparently, the three delta mass clusters could be explained by glycan misassignment. Because of the closeness of these 1 Da and 2 Da to 13C isotopes, errors in picking a heavy isotope as the monoisotope are often translated to glycopeptide identifications being assigned a wrong glycan. In this context, accurate monoisotope determination is of particular importance, given that glycopeptides are also usually of low abundance and have large masses. XIC-based repicking could either increase the confidence of glycopeptide identifications, when there is agreement, or identify potential false positives, when there is disagreement. In fact, it could rescue glycopeptide identification as well (see later).
XIC-based monoisotope repicking exhibits improved performance in comparison with Monocle. In this study, our XIC-based method specifically targeted post-search validation. Meanwhile, enhancing monoisotope assignments prior to database searches remains an area of active research. A more recent example is Monocle.9 Computationally, Monocle uses an approximate averagine model to predict theoretical isotopic envelopes [instead of being calculated from identified (glyco)peptides] and MS1 spectrum averaging to construct observed isotopic distributions (instead of using XIC peak areas of isotopes). It is difficult to foresee the influence of these differences on the performance in assigning accurate precursor masses, and a comparison will shed some light on their relative merits. For this purpose, we downloaded the most recent version (Win UI v0.4.37 released on 2/11/2024) of Monocle from GitHub. The raw data file for the glycoprotein sample was processed, using Monocle’s default parameters, to produce a csv output. Precursor monoisotopic m/z values for MS/MS spectra corresponding to PSMs (i.e., MSFragger identifications) were extracted from the csv file and compared to those determined by the XIC-based method. Agreement was defined as mass differences less than 10 ppm.
As shown in supplementary Table S1, the agreement between the two methods was only 79.59 % (2461 out of 3092 spectra). Given that the error rate for XIC-repicking was estimated to be about 0.1 %, it was unlikely the discrepancy was mainly due to mistakes committed by our method. To test this hypothesis, we first narrowed the comparison to spectra whose monoisotopic m/z values initially supplied to MSFragger were the same (within 10 ppm) as XIC-repicks, for which we had higher confidence. The agreement between Monocle and the XIC method was barely changed (at 80.71 %). Next, we only looked at those spectra where XIC-repicks, initial supplies, and MSFragger identifications all agreed upon, for which we had the highest confidence, and the proportion of overlap with Monocle remained stubbornly unchanged at 80.45 %. Finally, we manually inspected the raw data for two dozen randomly selected cases where there was disagreement and confirmed the accuracy of XIC-based monoisotope assignments. Caution should be exercised in interpreting this comparison due to the probable dependence on specific data used for testing and the unavoidable dependence on parameters. That said, the results highlight the advantage of XIC-centric analysis which utilizes all observable isotopic information for a precursor ion. On the other hand, averaging a fixed number of flanking MS1 scans in Monocle possibly covers only a subset of relevant scans and/or introduces interference from including irrelevant scans.
4. Benefits of XIC-based monoisotope repicking
Increases confidence of likely true positives. One way that the XIC-based repicking can help is that it adds additional confidence for likely true-positive identifications, those whose theoretical m/z agrees with the repicked one (Figure 2 shows an example). A specific utilization of correlation coefficients r0 and ri is to include them in a discriminant function used to separate true from false identifications such as the Percolator.17 Another approach would be to include them in a scoring routine to calculate a composite score that reflects the overall fit between a hit and a spectrum. Metrics similar to r0, measuring the similarity between theoretical isotopic envelope and observed isotopic pattern, have been employed as an indicator of the quality of an XIC peak as a quantitative measure for an identification in an attempt to improve the precision of protein quantification.3, 7 It is conceivable that inclusion of r0 as a quality measure for an identification in validation analysis will lead to additional enhancement in the outcome.
Discovers potential false positives. Another benefit of XIC-based repicking is that it could help identify potential false positives. Any identification whose theoretical m/z doesn’t match the repicked one is unlikely a true positive and likely a false hit. Mass errors could originate from initial monoisotope picking inaccuracies, side effects of isotope correction, and random factors during database searching. As an example (Figure 6), a peptide identification (highlighted entry; panel A) was made for an MS/MS spectrum taken at the early rising phase (starred white line; panel B) of an XIC peak. The identification appeared to be a false positive as its theoretical m/z was about 0.66 Th. (≈2 Da) larger than the monoisotope repicked based on the XIC peak (panel C). There was a shift of 2 isotopes for the theoretical isotopic envelope (salmon) from the actual isotopic pattern (blue) established for the precursor ion from experimentally observed isotope intensity traces within the XIC peak. Apparently, identifications with a mass different from experimentally measured are presumably incorrect. Discarding these potential false positives will shrink the identification list a bit, but it gives us more confidence in the results.
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Figure 6. Example of finding potential false positive with XIC-based monoisotope repicking. A peptide identification (highlighted entry; A) was made for an MS/MS spectrum taken at the early rising phase (starred white line; B) of an XIC peak, but appeared to be a false positive as its theoretical isotopic envelope (salmon; C) shifted 2 isotopes from the actual isotopic pattern (blue; C) established for the precursor ion from the XIC peak.

Rescues non-top hits. In fact, removing hits having the wrong mass will not necessarily lead to a significant reduction in identifications. One solution is to supply the repicked precursor masses for the spectra associated with the removed hits and redo the database search for these spectra. When a hit list is available, a simpler rescue method is to find a lower-ranked hit that matches the repicked mass, provided that the lower-ranked hit meets the same standards of post-database search validation procedures (e.g., meet the FDR score cutoff). The process can be divided into three steps. (1) Locate MS/MS scans where the top hit’s mass doesn’t match the XIC-repicked one. (2) For each scan, go down the hit list and look for one that matches the repicked mass. If there are glycopeptide hits, first expand the hit list by including all alternative glycans that differ from the originally assigned glycan by up to a user defined mass units (e.g., up to +/- 3 13C isotopes) before find a lower-ranked hit with the correct mass. (3) Subject the selected non-top hit to the same criteria applied to top hits (e.g., having a score above a threshold). If a machine-learning-based classifier (e.g., Percolator) is employed, it will likely need retraining to allow fair target and decoy hit competition for the affected spectra.
A rescue example for glycopeptide identifications is presented in Figure 7. In this example, the top hit was a peptide with the glycan G4H5F3 (highlighted entry; panel A; see inset for sugar abbreviations) for an MS/MS scan acquired around the center of an XIC peak (starred white line; panel B). The hit was incorrect with a mass about 0.33 Th. (≈1 Da) above the XIC-repicked monoisotope, evidenced by a mismatch between predicted and measured isotopic envelopes (panel C). An alternative hit, the same peptide sequence with a different glycan assignment of G4H5FS (2nd entry; panel A) appears correct with an almost perfect overlap of theoretical and observed isotopic patterns (panel D), which was further supported by an RT consistent with glycopeptide identifications of the same peptide sequence and glycans containing a single S (panel E). Glycopeptides with the same amino acid sequence but different glycans were generally eluted in a narrow RT band (with a typical median absolute deviation less than 0.35 min) except that, when sialic acids (S) were present, each S led to an additive increase of 6 to 8 min or even more in RT. It was also confirmed by the presence of S-containing oxonium ions in the MS/MS spectrum (panel F).
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Figure 7. Rescue non-top glycopeptide hit. In this example, the top hit was a peptide with the glycan G4H5F3 (highlighted entry; A) for an MS/MS scan (starred white line; B). The hit was incorrect, evidenced by a mismatch between predicted and measured isotopic envelopes (C). An alternative assignment of G4H5FS (2nd entry; A) appeared correct with the right mass (D), supported by RT (E) and the presence of S-containing oxonium ions in the MS/MS spectrum (F).

For the glycoprotein sample, there were 165 MS/MS spectra where the top glycopeptide hit didn’t match the XIC-repicked monoisotope but a non-top glycopeptide hit did, of which 144 of the non-top hits (i.e., ≈87 %) were confirmed by RT and likely the correct identifications. This suggests that a significant number of glycopeptide identifications could be rescued by applying a mass and RT filter.
Improves quantification accuracy. When multiple instances (i.e., hits) for a peptide ion are identified across several distinct XIC peaks, either a sum of the XIC peak areas or the largest one could be used to represent the peptide ion’s abundance. But both methods would give a wrong answer in cases similar to the one illustrated in Figure 8. In this example, two distinct XIC peaks were present in the RT region where a peptide was identified multiple times (white lines; panel B). However, hits associated with the second XIC peak were likely false identifications as their theoretical mass was about 1 Da lower than the XIC-repicked monoisotope (panel C), confirmed by a shift of the theoretical isotopic envelope (salmon) by one isotope position to the right from the observed isotopic pattern. Hits associated with the first XIC peak were validated by the predicted and measured isotopic profiles matching each other (panel A). Picking the correct XIC peak to represent an identification’s abundance is vital in generating accurate and reproducible quantification results.
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Figure 8. Example “multiple XIC peaks for a single identification” issue solved by the XIC-centric approach for improved quantification. Multiple hits (white lines; B) for a peptide ion (SVALALSHL/2+) were identified across two distinct XIC peaks. Two of the hits (red brace) were associated with the larger second XIC peak by proximity, but it unlikely represented part of the abundance of the peptide ion whose theoretical mass (salmon; C) was about 0.5 Th. (≈1 Da) lower than the experimentally determined monoisotope (blue) for this XIC peak. The smaller first XIC peak seemed to be the correct one for the peptide ion, validated by the observed isotopic pattern (A). In this case, using the larger XIC peak or sum of the two XIC peaks would skew quantification.

Solves the problem of one XIC peak for multiple identifications. With modern chromatographic separation and high-resolution mass spectrometry, it is not unreasonable to assume that a distinct XIC peak is associated with a single molecular species. There is a possibility that a small number of XIC peaks could be shared by coeluting isobaric peptides, but any serious violation of the assumption would mean less than optimal XIC-based quantification results. Therefore, hits associated with each unique XIC peak are expected to be derived from the same (glyco)peptide, meaning if the hits belong to different identifications, only one identification could be correct. But it is frequently observed that MS/MS spectra sampled for an XIC peak are identified as dissimilar (glyco)peptides, which we call the one-to-many problem (one XIC peak associated with many unique identifications).
For the glycoprotein sample, 87.5 % of all distinct XIC peaks were associated with a single unique identification. About 12.5 % had the one-to-many problem: 10.8 % XIC peaks were assigned two identifications, 1.4 % assigned three, and 0.3 % assigned four or more, suggesting potential false-positive hits and subsequent quantification errors. Examination of these XIC peaks showed that most cases involved the assignment of multiple glycopeptides to a single XIC. For example, one XIC peak was assigned four glycopeptides, all of which had the same peptide sequence but different glycans (G4H5S2, G4H5F2S, G4H5F4, G6H6 + methionine oxidation) with masses 1 Da to 2 Da apart from each other. This example suggests that different isotopes for the same precursor ion could be identified (or confused) as different glycopeptides, and that applying XIC-repicked monoisotope as a mass filter could remove potential false positives. Indeed, if we discarded hits whose theoretical mass didn’t match the XIC-repicked monoisotope, the XIC peak in this example was now associated with only one single unique glycopeptide. In fact, for the glycoprotein sample, the mass filter increased the percentage of XIC peaks associating with a single identification to 97.85 % from 87.5 %. The remaining few one-to-many cases all pertained to isobaric peptides (same amino acid composition) or isobaric glycopeptides (same peptide sequence, but glycan difference being H replaced by F + methionine oxidation).
Remarkably, for the hair sample, the portion of distinct XICs that were assigned different identifications was less than 4 % (compared with 12.5 % for the glycoprotein sample), which was reduced to ≈1 % when requiring hits to match XIC-repicked precursor mass. To further eliminate the one-to-many problem, score, frequency, inspecting fragment spectra, or another method could be employed to retain the best identification for an XIC peak, which deserves additional investigation.
Ameliorates the problem of multiple XIC peaks for a single identification. When the same peptide ion is identified across several distinct XIC peaks, we have a many-to-one problem: many XIC peaks associate with one unique identification. Should the identification’s abundance be represented by a sum of the XIC peak areas or the largest one? The answer is not straightforward, as demonstrated by Figure 8 (see earlier) which could be considered an example of the many-to-one problem. Apparently, the many-to-one problem will complicate quantitative analyses and may affect the accuracy and reliability of quantification.
For the glycoprotein sample, ≈80.5 % of unique identifications were associated with a single XIC peak, but about 14 % were associated with two XIC peaks, and ≈5 % with three or more, suggesting quantification accuracy could be influenced for ≈20 % identifications by the many-to-one problem. A closer look suggested that these problem cases involved mostly regular peptides, unlike the one-to-many problem where identifications were mostly glycopeptides (see above). This distinction implies that the one-to-many issue was mainly caused by monoisotope mispicking while the many-to-one issue could be due to sticky peptides, which also explains applying the XIC-repicked monoisotope filter only had a mild effect (problem cases decreased to ≈16 % from ≈20 %; the same mild effect was also observed for the hair sample). The stickiness was evidenced by retention times for hits of a peptide spanning up to 70 min or even longer, thus the propensity to associate with multiple XIC peaks.
Besides the more mundane chromatographic issues, sources of a peptide being found in a wide RT range include false hits (Figure 8). In-source fragments are another possibility as they would appear to occur at random RTs unrelated to the XIC peak of their intact form. Overly abundant peptides could also leave an unusually long tail, contributing to the problem. Other causes of multiple XICs for a single identification, when the XIC peaks emerge near each other, may involve isomers such as different stable glycan connectivities of a glycopeptide with the same mass, different configurations of the same (glyco)peptides (well known for peptides with adjacent proline residues), or different diastereomers (caused by amino acid racemization). Decoding the source for each instance of the many-to-one problem could prove valuable for accurate and reproducible quantitative analyses. Some of the many-to-one and one-to-many issues may also be remedied by RT prediction in cases where the predicted distance between identifications is sufficiently large for confident separation.
Conclusion
In current data processing practices for quantitative proteomics, the information flow between an identification and its associated XIC is often “one-way”, effectively giving up the rich isotopic information an XIC possesses. Here we propose an XIC-centric approach in which the information flow is bidirectional: while an identification is used to derive an XIC, the collective isotopic information in the XIC is in turn applied to validate the identification. XIC-based repicking of experimentally resolved monoisotopes is at the core of this approach, which leads to increased confidence in likely true-positive identifications, discovery of false positives originating from search engine’s precursor picking errors, and rescue of non-top hits. We demonstrated that it particularly benefits the analysis of glycopeptides owing to their relatively low abundance and glycan diversity. Also worth noting is that adding the XIC-centric implementation to existing software tools which perform quantification with XICs is straightforward by following steps 1, 6, and 7 in the Materials and Methods section. Furthermore, XIC-repicked monoisotopes can substantiate DIA identifications if MS1 spectra are acquired. Overall, the XIC-centric approach should lead to an improved confidence for identification and quantification and is a step forward in achieving higher reproducibility in proteomic data analyses.

Disclaimer: Certain equipment, instruments, software, or materials are identified in this paper in order to specify the experimental procedure adequately.  Such identification is not intended to imply recommendation or endorsement of any product or service by NIST, nor is it intended to imply that the materials or equipment identified are necessarily the best available for the purpose.

Data availability: raw data files are available on MassIVE (MSV000093875)
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Supplementary Figure S1. XIC-centric analysis workflow
Supplementary Figure S2. Frequency distribution of disagreements in monoisotopes
Supplementary Table S1. Agreement in monoisotope assignment between Monocle and XIC-based method
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