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ABSTRACT

Shotgun proteomic experiments provide qualitative and quantitative analytical information from biological samples ranging in complexity from simple bacterial isolates to higher eukaryotes such as plants and humans and even to communities of microbial organisms. Improvements to instrument performance, sample preparation, and informatic tools are increasing the scope and volume of data that can be analyzed by mass spectrometry (MS). To accommodate for these advances, it is becoming increasingly essential to choose and/or create tools that can not only scale well but also those that make more informed decisions using additional features within the data. Incorporating novel and existing tools into a scalable, modular workflow not only provides more accurate, contextualized perspectives of processed data, but it also generates detailed, standardized outputs that can be used for future studies dedicated to mining general analytical or biological trends.
The distinct computational resources previously available required multiple data transfers between users, adaptation of analysis scripts to accommodate different operating systems, numerous transformations of the data into various input and output file formats, and non-linear documentation of analyses performed on the data. Therefore, we developed cyber-infrastructure that would allow a user to seamlessly run multiple analyses, store the results, and share processed data with other users. The work represented in this dissertation demonstrates successful implementation of an enhanced bioinformatics workflow designed to analyze raw data directly generated from MS instruments and to create fully-annotated reports of qualitative and quantitative protein information for large-scale proteomics experiments.
While it is important for informatic tools to be able to handle large datasets, it is becoming increasingly crucial for tools to also handle the biological complexity associated with more intricate experimental designs. The overwhelming volume and complexity of these experiments requires that the new and existing tools are not only optimized for speed and interpretation, but they also necessitate seamless communication with each other in an integrated workflow. By constructing a workflow that allows high-throughput processing of massive datasets, data collected within the past decade can be standardized and updated with the most recent analyses. Once these analyses are complete, meta-analyses can identify global analytical and biological trends.
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CHAPTER 1
Developing and Integrating Informatics Tools into a Modular Workflow Enhances the Quality and Confidence of Protein Identifications and Quantifications within Large-Scale Shotgun Proteomics Experiments
1.1 The current role of proteomics in the era of systems biology 

1.1.1 Systems Biology

1.1.2 Mass Spectrometry and Shotgun Proteomics

1.1.3 Protein Identification

1.1.4 Protein Quantification

Initially inspired by more traditional biochemical techniques, common analytical methods for comparing protein abundances involve collecting data on a known entity and systematically comparing its information to that generated by an unknown entity. The absolute quantification of each protein identified in a proteomics run can be calculated by normalizing its abundance to the measurement of a spiked internal standard, that is, a protein with known sequence and quantity added to a protein mixture. To calculate the most accurate comparisons, the selection of standard peptides should reflect the abundances as close to the sample peptides as possible (a 1:1 ratio). In the past several years, researchers have developed a number of high-throughput techniques to generate a standard peptide for every sample peptide, including methods that allow for multiplexing up to six or eight samples in a single run. Large scale chemical labeling techniques, such as AQUA, TMT, iTRAQ, and iCAT, use stable isotope amino acids or add small isobaric tags to peptides so that the overall physiochemical responses of the labeled peptides mimic those of the sample peptides. In such methods, the only detectable difference between a standard peptide and a sample peptide’s elution profile, electrophoretic properties, and mass is a distinguishable increase in mass in the heavy isotope’s MS2 spectra. The two main disadvantages to these approaches are the unknown percentages of incomplete heavy amino acid replacements and the limited number of samples that can be compared in a single mass spectrometric run. An alternative group of isotopic labeling methods, metabolic labeling, requires the organisms to be grown in media with only heavy isotopes (such  5N, 18O, and 13C) as well as grown in separate cultures of normal minimal media. While this rocess circumvents most of the shortcomings associated with chemical labeling methods, it is limited to use on organisms that can be cultured (i.e., bacteria and archea). Common to all of the labeling methods is the addition of biologically cumbersome methods and expensive synthesis and/or incorporation of isotopically-labeled amino acids. Also ubiquitous to each of the labeling methods is an underlying dependency on one or more metrics of protein abundance.

Metrics of protein abundance are inherent characteristics associated with fragment scans or spectra measurements, including but not limited to tandem spectral counts, spectral intensities, peak area, and peak width. Spectral intensities- intuitive but hard to calculate because the fragmentation scan may not pick the spectra at the height of the peak, especially if the peak is very wide and spans several consecutive scans. It therefore might be logical to determine peaks by their width, but it’s difficult sometimes to determine where one peak ends and another begins, particularly if there are co-eluting peptides or high signal-to-noise ratios. Peak widths would most likely also need to be normalized against peak height, because a peak that has low intensity but is very close to the noise-threshold may have the same area as that of a peak that is very intense but only is captured for a scan or two. Peak areas, then, are a popular combination of peak intensity and peak width, but their measurements suffer a common problem: peak identification and disambiguation. Another possible shortcoming to looking at peak shape is the effect of ion suppression. If an isotopic packet comes from a peptide that happens to ionize very well and co-elutes with precursor ions that do not ionize as well, the physiochemical properties of the dominant packet can mask or suppress the features of the secondary packets. Spectral count, the number of times a peptide is seen in a MS/MS scan, is less sensitive to these issues and has been one of the more commonly used metrics of protein abundance, primarily for its simple calculation and what it represents. 

One or more of these metrics can be used with or without the labeling methods. However, if label-free methods are chosen, it is important to choose effective means of normalizing the measurements. Normalization is the process of standardizing measurements so that a comparison of measurements maintains biological and statistical integrity. Most important to the normalization process is having an idea of what to expect, i.e. the general type of distribution that the numbers follow. 

1.1.5 Integrating “Omics” Data

1.2 Points of Engagement between Informatic and Analytical Processes
1.2.1 Spectral Features
1.2.2 Spectrum to Peptide Matching

1.2.3 Peptide to Protein Mapping

1.2.4 Differential Protein Expression

1.2.5 Functional Analysis

CHAPTER 2
No Single Tool or Workflow Incorporates All of the Features Desired for Comprehensive Analysis of Large-Scale Shotgun Proteomics Experiments

2.1 Evaluation of Existing Proteomic Informatic Tools
2.1.1 Database Searching Algorithms
Most current tools in use today can trace their ancestries to software written 10-15 years ago, but they have adopted new computational strategies, analytical philosophies, and interpretational considerations. Before using a new software package, it is important to have not only a fundamental understanding of the new features it affords, but also an appreciation of the differences with respect to its precursor. The following discussion briefly highlights similarities and differences between 2 workflows currently employed by our lab: SEQUEST (v 0.27) and DTASelect (v1.9) compared to Myrimatch (v2.1) and IDPicker (v3.463).

SEQUEST is one of the most popular choices for database searching algorithms, not only because it was one of the first tools to match raw spectra to peptide sequences, but also because it has inspired a number of adaptations and optimizations. The original SEQUEST algorithm was written by Jimmy Eng, Ashley McCormack, and John Yates in 1994. It is comprised of 4 major steps: data reduction, search method, scoring method, and cross-correlation analysis.

The data reduction step involves retaining only the 200 most abundant ions in each scan (ranked by intensity) and renormalizing their intensities to 100. All peaks within +/-1 Da window are equalized to the intensity of the higher value, and peaks that fall within 10 Da of the precursor ion are removed.

The search method involves scanning each protein sequence in the given fasta file and finding all combinations of consecutive amino acids that fall within the observed mass range of the precursor. Then, the program predicts the mass-to-charge ratio values of b and y series ions for the candidate list of peptides. Any chemical modifications to amino acids that were specified in the search parameters are “static,” that is, they are assumed to affect every occurrence in the sequence. These mass shifts are taken into consideration for the b and y ion calculations.

The scoring method first involves renormalizing each spectrum’s observed peaks into 3 intensity classes based on how well they match the predicted b and y ions: “Class A”: observed peaks matching b and y ions; “Class B”: observed peaks matching +/- 1 Da of b and y ions; “Class C”: observed peaks that match to a neutral ion loss of water and ammonia and a ions. The number of class A and B ions are summed and additional weight is given for consecutive fragment ions and immonium ions. This preliminary score (Sp) provides a quick preview of peptide-spectrum match scores, but has biases towards longer peptides.

The cross-correlation analysis compares the top 500 candidate amino acid sequences with a reconstructed (theoretical) spectrum based on the m/z ratios of predicted b and y ion series and relative intensities are assigned one of three intensity values using the classes described above. (Class A ions are predicted to be twice as intense as Class B ions, and Class B ions are predicted to be 2.5 times as intense as Class C ions.) The correlation score (Cn, more commonly called xcorr) is an average distance of differences between the observed and reconstructed spectra. To accommodate for the increased number of ions expected to be produced by sequences with higher charge states (and therefore more opportunities for deviations from theoretical spectra), there are different standard thresholds for what is considered a “good” score based on the sequence’s charge state. Typically, we accept xcorr values > 1.8 for +1 sequences, > 2.5 for +2 sequences, and >3.5 for +3 sequences. An additional score, the deltCN, is the difference between the 2 highest xcorr values within a spectrum, and gives an indication of how well SEQUEST could distinguish the top peptide-spectrum match compared to the second-best peptide-spectrum match.

The output from SEQUEST, sqt files, records all of the top 500 candidate sequences, their xcorrs, and the deltCN for each spectrum. Typical SEQUEST v0.27 searches take 3-4 hours for microbial isolates, 7-10 hours for complex eukaryotes like plants, and 2 weeks-3 months for metaproteome databases even on large clusters.

While SEQUEST is an effective tool for automated identification and scoring of peptide-spectrum matches (PSMs), a complementary program is required to filter the results so that only “quality” PSMs are retained and mapped into the context of protein identifications. DTASelect, written by David Tabb, Jimmy Eng, and John Yates in 2002, performs this function for SEQUEST outputs. DTASelect has 3 primary components: summarization, evaluation, and reporting.

The summarization step first extracts the xcorr, deltCN, Sp rank, sequence, precursor m/z, protein name, intensity, and percentage of matched fragment ions for each PSM and sorts them by locus. If a peptide belongs to more than one protein, the PSM information is reported for each shared protein. This information is stored as a DTASelect.txt file so that it doesn’t need to be re-extracted each time a new filter is applied.

The evaluation step applies the PSM-level and protein-level filtering criteria. The PSM-level filtering criteria keep PSMs that are above the charge-specific thresholds (as described above). The protein-level criteria only retains proteins that have a sufficient number of different peptides (“-p 2” for 2-peptide/protein minimum or “-p 1” for 1-peptide/protein minimum). After filtering, the program stacks protein identifications that have the exact same sequence coverage for a group of peptides.

The reporting step formats the filtered DTASelect file into an HTML file and allows for more interactive exploration. Typically we do not use the more advanced features of this part of the program except the plain text and html files.

After DTASelect, there are a number of additional manipulations that must be performed before a dataset is publication-ready. Some of these processes include ppm filtering, enforcement of protein evidence from a minimum of 2 peptides (at least 1 of which must be unique to the database), FDR calculations, and removal of redundant PSMs for more accurate spectral counts.

Over the years, SEQUEST and DTASelect have inspired many suites of novel algorithms and software packages. New software is being constantly developed to keep pace with the evolving metrics of instrument capabilities, including improvements in their precision, accuracy, and throughput. One such set of tools, Myrimatch and IDPicker, facilitates rapid protein identification in a seamless workflow of database searching and filtering processes. Written 5 years ago by David Tabb, Christopher Fernando, and Matthew Chambers, Myrimatch is a database searching algorithm that primarily differs from SEQUEST’s analysis by including a probabilistic measurement for each peptide-spectrum match (PSM) and thus allowing a more dynamic scoring platform in which each PSM is considered independently and with respect to random chance. It is comprised of 3 major steps: data reduction, search method, and scoring method.

The data reduction step involves reading from mzML files (converted from RAW files) and retaining only the top X% of ions in each scan (ranked by intensity). This percentage can be defined by the user, but by default 98% of the TIC is kept. Additional peaks are removed that do not have the minimum number of peaks to fill each intensity class. Integral to Myrimatch’s functionality, the intensity classes are characterized by the number of peaks grouped into each class compared to the class below it. For example, under the default setting of three intensity classes, “Class A” peaks have half as many peaks as “Class B” peaks, which in turn has half as many peaks as “Class C” peaks. Under such circumstances, scans must have at least 7 peaks (1 A + 2 B + 4 C peaks) to be considered for sequence matching; otherwise, they are removed from the analysis.

The search method incorporates a novel fragmentation model for defining b and y ions. While the series of b and y ions follow conventional calculations for singly and doubly charged sequences, triply charged sequences employ a different method. For each amino acid in a predicted peptide, a three-tiered weighting system is used based on the residue’s basicity (its ability to hold an extra proton). More specifically, Arginine, Histidine, and Lysine are given a weight of 5, Glutamine and Asparagine are given a weight of 3, and other residues are given a weight of 1. Depending on where the fragmentation occurs, the side of the peptide that has the larger summed score is given 2 protons and the other side is given a single charge. If the “duplicate spectra” option is selected, Myrimatch will attempt to assign a sequence with a +2 and +3 charge if it cannot determine the charge state of the scan and both sequences will be reported in the output. This is a rare occurrence in high mass accuracy data, but for LTQ searches, the option is strongly recommended.

The scoring method first involves calculating whether a predicted m/z peak falls within the expected fragment tolerance and then it determines the intensity class of the matched peak. If there are multiple peaks that fall within the fragment tolerance, the closest peak is chosen. The distance from the expected m/z and the intensity class is incorporated into an initial mzFidelity score. Once all of the peaks are matched for a peptide, the number of missing peaks and the number of expected peaks for each intensity class are calculated for the PSM. These numbers are then used in a probability calculation to determine how likely this match could happen by chance. Because there are probabilities associated with each intensity class, Myrimatch uses a multivariate hypergeometric distribution in the calculation of this mvh score. Whereas SEQUEST reported the top 500 candidates for each scan, Myrimatch ranks and reports the top 5 peptide hits for each scan based on the mvh score. To accommodate users who are accustomed to SEQUEST’s scoring, Myrimatch can also report its version of the xcorr for each PSM.

Just as SEQUEST required DTASelect to refine its search results, Myrimatch’s complementary program is IDPicker. IDPicker, initially written in 2007, by Bing Zhang, Matthew Chambers, and David Tabb, is a GUI wrapper program that has undergone a number of changes since its first release. The latest (IDPicker v3.0) is a user-friendly program that essentially incorporates 3 modules:
FDR calculation (idpQonvert), protein assembly and filtering (IdpAssemble), and reporting (idpReportFDR).

The PSM-level FDR calculation first extracts peptide, sequence, scan, and scoring information from Myrimatch output files (in .pepXML format). By comparing how many forward and reverse hits are allowed at each ranked PSM in the scan, the FDR is calculated for each PSM. PSM-level filters remove any scans that match below the user-defined FDR level. Typically, 5% is the recommended maximum PSM-level FDR, although situations may warrant using 1% or 2% for additional confidence.

The protein assembly step involves first creating peptide groups and protein groups through a “minimal list” approach to parsimony. Peptide groups provide evidence for the exact same set of proteins and protein groups share the exact same set of observed peptides. User-defined PSM-level and protein-level filters are then applied. This includes minimum spectra per peptide, minimum spectra per match, maximum protein groups, maximum distinct peptides, minimum additional peptides, and minimum spectra per protein. In the context of IDPicker, a distinct peptide is a peptide that is not only unique to the database, but that also has a unique mass. In other words, charge states and modifications to unique sequences increase the number of distinct peptides. Additional peptides provide evidence for proteins that would not be identified if only distinct peptides were required. For most cases, a protein level between 5 and 10% is acceptable. For a more detailed discussion on recommended values for these filters, see the accompanying Basic Protocol.

The reporting step basically transforms the filtered information into user-friendly viewing panes for detailed exploration as well as facilitates exporting the information into Excel.

For studies that involve multiple replicates, it is recommended to run IDPicker on each run individually in order to properly calculate FDRs and then combine identified peptides and proteins into final lists. Assuming the recommended settings and filters are used for Myrimatch and IDPicker, results from these analyses are acceptable, but they may require additional pieces of information or further analysis to be considered “publication-ready.”

2.1.2 Protein Inference Approaches

2.1.3 Filtering Criteria and FDR Calculations
2.1.4 Discovery vs. Targeted Analyses

2.1.5 Protein Abundance Measurements

2.1.6 Differential Protein Expression Algorithms

2.1.7 Toolboxes and Software Packages

2.2 Challenges of Integrating and Developing Workflows for Analyzing Large Experimental Datasets

2.2.1 Standardization of Data Formats

2.2.2 Impediments to Integrating Systems Biology Data

chapter 3

Spectrum to Peptide Matching

3.1 Sample Preparation and Data Generation

3.1.1 Protein Extraction

3.1.2 Enzymatic Digestion

Digesting proteins into peptides is one of the key elements of shotgun proteomics, but for the approach to be the most effective, peptides should ideally have similar lengths, ionization properties, and MS-compatibility. Trypsin is the most common protease used for such digestions, primarily because it cuts at the carboxyl side of arginine and lysine residues and generates peptides approximately 10 amino acids long. These frequencies are general rules, but for membrane proteins trypsin may not be able to generate peptides between 5 and 50 amino acids long. Nevertheless, the ultimate goal in choosing the right protease is to generate peptides that provide the most sequence coverage for the most number of proteins.  More specifically, the only sequence coverage that will contribute to the protein’s identification will be those peptides that ionize well. This is another reason why trypsin, in addition to the frequency at which it cuts proteins; the basic residues paired with high charge states tend to be readily identifiable with collision-induced disassociation (CID or collision-activated disassociation, CAD). Despite the general preference for trypsin, many other proteases (Table 1) have been chosen for specific experimental designs. 

Ultimately, the selectivity, pH range, optimum temperature, denaturing conditions, and digestion time all play critical roles in the number and types of peptides generated from proteins.  

The implementation of POSI acknowledges that different proteins will generate more or less peptides than others, both because of the protein’s length and its digestibility under the protease conditions selected for the experiment, and that these discrepancies can influence the protein’s likelihood of detection by MS. For more details on how these considerations are reflected in POSI’s protein abundance normalizations, see the “Normalizing by Effective Protein Lengths” section below.

3.1.3 2D Fractionation

Although the goal of digesting proteins into peptides is to reduce the variability among the measurements, the next critical component of the shotgun proteomics experiments is to fractionate the sample to maximize the depth and breadth of peptides presented to the MS instrument. While there are many separation methods commonly used, our lab favors a two-dimensional chromatography approach over one- or three-dimensional separations. As part of the MudPIT (multidimensional protein identification technology) strategy, the orthogonal separation of reverse phase and strong cation exchange columns exploits two different physiochemical properties of the peptides under investigation: electronegativity and hydrophobicity
. The first stage of the chromatographic process involves 11 consecutive pulses of increasing ammonium acetate salt concentration (0-500 mM) to achieve charge-based separation. Each salt pulse is followed by a 2-hour reverse phase gradient elution that separates peptides by their hydrophobicity. The less hydrophobic peptides will elute off early because they require less of a “push” from the organic solvent. The more hydrophobic, sticky peptides require a higher concentration of organic solvent so they come off later. The effectiveness of these coupled separations can be measured by how well we can characterize and resolve the resulting elution peaks. In the extracted ion chromatogram, these peaks represent total ion currents (TIC; y-axis) collected across time (x-axis). Ideal chromatograms have discernible, highly resolved chromatographic peaks- not overlapping peaks that are either too close to each other to be resolved, nor more subtly, a collection of peaks that are sitting on top of each other due to co-elution.

3.1.4 Instrumentation and Data-Dependent Acquisition

While the 2-D separation techniques separates peptides based on charge and hydrophobicity, the success of the MudPIT strategy heavily relies on the merits of the accompanying MS instruments to provide sufficient sensitivity, resolution, high mass accuracy, and analytical dynamic range to adequately capture the range of peptides present in each fraction. Recently, sequencing speeds have dramatically improved such that more scans with high-resolution data can be collected. The new LTQ Velos not only has a greater speed of spectral acquisition, but it also achieves a greater analytical dynamic range and sensitivity than its predecessors. In other words, it can analyze data points from peptides that exist in the sample across a wide range of abundances, including those that may be low abundant and those that may not ionize very well (resulting in low signal-to-noise ratios). 

Even these new high-performance instruments cannot measure all peptides presented to the mass spectrometer. Data-dependent settings are needed to handle the hundreds of co-eluting peptides so that the MS can make “smarter,” more-informed decisions about which analytes should be targeted for MS-sequencing. For example, it would not be a good use of MS time to repeat analyses of the same molecules over and over again. Therefore, once a precursor ion is selected for sequencing, its m/z is put on a dynamic exclusion list. If an ion is on this list, it will not be selected for fragmentation. This enables the MS to measure ions across a wider abundance range rather than constantly resampling the most abundant ions. Typical settings require an ion to stay on this list for 1 minute before it is automatically taken off and allowed to be considered for selection. 

3.1.5 Fragmentation
Collision-induced disassociation (CID, or Collision-activated disassociation, CAD) is one of the more popular forms of fragmentation of molecular ions for MS/MS. Briefly, the precursor ions selected in the MS1 phase are accelerated by a high-energy voltage and collide with a large neutral molecule, such as helium gas. When the precursor ions hit these curtain gasses, the weakest bond in the peptide breaks, creating smaller, fragmented ions. These spectra created by peptide fragments are usually visualized by plotting each ion’s mass-to-charge ratio (m/z; x-axis) against the relative ion intensity (y-axis).  The mass difference between each peptide’s peak represents a single amino acid, so one could manually take the differences between all of the peaks in the MS/MS scan, compare the mass differences to the masses of amino acids, and stitch the peptide sequence back together. Some complications in this process may arise due to the presence of additional peaks that represent noise or chemical additions that are not from the peptide fragmentation. Several computational algorithms have been developed to avoid these distracting noise peaks and determine the best peptide-spectrum match (PSM). To aid in this process, most algorithms do not work from spectral information to infer peptide sequences, but actually work in the opposite order. That is, because peptides fragment in predictable ways, in silico fragmentation can generate the ion series that is expected to be found in the MS/MS spectra from each peptide sequence. To facilitate standardization of these predictions, a labeling scheme has been adopted to uniquely identify each ion. In CID, peptides generally fragment along the peptide bonds (as opposed to backbone bond cleavages) to generate b ions (containing the N-terminus of the peptide) and y ions (containing the C-terminus of the peptide). Figure 1 below illustrates the b and y ion series predicted from the peptide sequence and which peaks in the spectra correspond to the expected m/z values, thus contributing to the peptide’s identification.

POSI proposes that the intensities of the individual ions contributing to a peptide-spectrum match should be summed for each spectrum that identifies a peptide that maps back to a protein call, and that these summed matched ion intensities are better estimates of relative protein abundances than spectral counts (SpC).

3.2 Using Matched Ion Intensities Increases Accuracy and Robustness of Label-free Relative Protein Abundance Measurements

3.1.1 Peptide-Spectrum Match Scores

3.1.2 Biases of Spectral Counts

3.1.3 Advantages of Matched Ion Intensities

3.3 Augmenting and refining high-quality unassigned spectra

3.1.1 Quantifying and Qualifying Unassigned Spectra

3.1.2 Supplementing Database Searching Approaches

3.1.3 Peptide Sequence Tagging Approaches
3.1.4 AAProxiMIT

chapter 4

Peptide to Protein Mapping

4.1 Protein Inference Problem

4.1.1 Genome redundancy

The quality of a genome has a substantial impact on the ability to obtain accurate qualitative and quantitative measurements of proteins being expressed, any errors made during the sequencing and assembly of a genome will propagate to proteomic measurements. Software-based identification tools such as SEQUEST or MASCOT will attempt to match the experimental MS/MS spectra collected to the theoretical sequences generated by the database provided. As sequencing technology improves, most species will have multiple genome versions. Protein sequencing and characterization via mass spectrometry often employs a software-based identification tool such as SEQUEST to automatically match MS/MS spectra to the database provided. Therefore, assessment of genome The P. trichocarpa draft genome sequence version 1.1 contains 45,555, with 75% of the protein sequences beginning with a start codon. Further sequencing and assembly has provided another draft genome, version 2.0, which embodies 41,833 potential protein coding genes in which 94% of the protein sequences begin with a start codon. As a result of the revisions, most genetic models from version 1.1 carried over to version 2.0 unaltered. However, a substantial number of genet models have been added, omitted, or contain sequence changes. By mapping peptides obtained from proteomic data, genetic models that are draft specific can be identified. Proteomic measurements were performed on 16 Populus samples and searched against both genomic databases.

4.1.2 Parsimony and Occam’s razor

4.1.3 Protein False Discovery Rate

4.2 Data-independent Clustering

4.2.1 Identifying appropriate identity thresholds

4.2.2 Rescuing identifications

4.2.3 Spectral balancing

4.2.4 Preserving functional annotations

chapter 5

Protein Quantification

5.1 Label vs. label-free measures for relative abundance measurements

5.1.1 Evaluation of labeled measurements

5.1.2 Evaluation of label-free measurements

5.2 Protein Normalization Methods

5.2.1 Assessment of NSAF normalization

5.2.2 Assessment of POSI normalization

5.3 Protein Differential Expression Tests

5.3.1 Application of Chi-square tests

As of June 10, 2010, the goal of the project, “Differential Protein Expression in Poplar Trees under Tensional Stress” is to confidently determine differential protein expression in Poplar samples collected from tension and opposite wood.

In order to determine whether spectral counts suggest that a given protein is up- or down-regulated in tensional stress conditions, we first had to normalize the spectral counts to minimize instrumental bias.  We then split the samples into 12 pairs to compare the effects of stress in tension and opposite wood.  For each of the 12 pairs of samples, the t-test was used to statistically determine whether a protein’s abundance significantly changed.  Out of the 7,505 total proteins identified, 2,433 were determined to have a significantly different abundance in at least one of the 12 pairwise comparisons.

Normalization is a necessary process to make sure the spectral counts are operating on the same scale.  Depending on the conditions of the instrument or the type of sample being processed, the total number of spectral counts detected in a single run may vary.  As a simplistic example, a protein’s spectral count of 10 may indicate high abundance if the total spectral count for the run is 100, but that same spectral count may indicate low abundance if the total spectral count for the run is 1000.  We therefore aimed to make the total spectral counts the same for each technical replicate of a sample type.  

The simplest way to test the differences in tension and opposite wood is to do a pairwise comparison.  In order to keep the biological integrity of the samples, we kept the soluble and pellet samples as separate comparisons, we kept the two strains (PD and PTA) separate, and we kept the two tissues (xylem and phloem) separate.  As a result of these guidelines, we had 8 pairwise comparisons of interest. For additional considerations, we compared the tension wood to normal wood and we compared opposite wood to normal wood.  Since our main focus is on the PD strain and xylem tissue type, we only added the following four pairwise comparisons:

We used a t-test to assess the statistical significance between two samples’ spectral counts.  The t-test allows us to include replicates’ values and take individual variability into account instead of averaging their values together and losing information. Figure 1 shown below illustrates an example of a protein that would most likely be considered by the Chi-Square test but is not considered significant in the t-test.  If the replicates for PTA_Ten (75 and 107) were averaged and the PTA_Opp replicates (115 and 148) were averaged, the difference between the two averages would be very large (40 spectral counts).  The difference between the two replicates for each type of sample is also very large (about 30 spectral counts).  Since the t-test takes into account the variance between samples’ replicates, the p-value is large and this protein is not considered to significantly change abundances.

There are a total of 13 documents attached: one file for each of the 12 pairwise comparisons (listed below in Table 1) and one summary file (Summary_of_Pairs).

Each of the 12 pairwise comparison files contains a list of protein ids, the normalized spectral counts for each replicate, the p-value describing the significance of the difference between the two types of samples, descriptions of whether the proteins are up or down-regulated, and BLAST annotations.  The screenshot below in Figure 2 depicts the column titles and data for a representative protein.  Column A lists the protein ids. Columns B-E show the normalized spectral counts for each sample included in the comparison.  More specifically, Columns B and C are technical replicates for the PD_Ten_Xy_Cyto samples, and Columns D and E are technical replicates for the PD_Opp_Xy_Cyto samples.  Because the p-value (Column F) only indicates whether the two sample types are significantly different from each other (p < 0.05 is considered significant), Columns G and H explicitly describe whether the protein is up- or down-regulated in each type of sample.  TenDir indicates the regulation direction of the representative tension samples (PD_Ten_Xy_Cyto), and OppDir indicates the regulation direction of the opposite samples (PD_Opp_Xy_Cyto).  If the protein’s p-value was greater than 0.05, the differences were not considered to be significant and the regulation direction was not investigated.  Since the proteins that have the greatest magnitude of change may be of greatest interest, Column I calculates the differences in the averages of the spectral counts between the two samples; in other words, the technical replicates’ spectral counts were averaged, and then the difference was calculated between those averages.  A BLAST description for the protein was appended in Column J for quick annotation.

The summary file (Summary_of_Pairs.xlsx) contains a list of all 7,505 proteins and their p-values from each of the 12 pairwise comparison files.  As illustrated in Figure 3a, the significant p-values (p < 0.05) are highlighted in yellow so the reader can quickly spot whether a protein is found to significantly change in abundance in one or more comparisons.  A legend is included (see Figure 3b) to remind the reader which samples are being compared.  The pair names in the column titles are the same as those used in the pairwise comparison files above, so the reader can refer back to the individual pairwise comparison file for more information.

5.3.2 Development of Poisson bootstrapping method

Graphs for validating spectral counts as measurements of protein abundance and the ROC curves were generated using the statistical package R. The graphs describing the reproducibility of the datasets were generated in Excel. PERL scripts were used to aggregate all of the MS runs from their individual run files. 

Should the data be normalized between samples or within samples? For example, if you have two biological samples A and B, each with two replicates R1 and R2, there are a total of four values: AR1, AR2, BR1, and BR2. To normalize within samples, one would combine AR1 with AR2 and separately combine BR1 with BR2. To normalize between samples, there are two possible routes: 1) AR1 with BR1 or 2) AR1 with BR2. 
Step 1: Divide each protein’s raw SpC by the total SpC for that run. Step 2: Divide the normalized SpC by the sum of the protein’s normalized SpC and multiply it by the sum of the protein’s raw SpC. Validation of normalization by totals: The sum of each protein’s normalized SpC’s should equal the sum of the protein’s raw SpC.

Step 1: Find the average spectral count of each run. Step 2: Find the average spectral count of the entire data set. Step 3: Multiply each run’s spectral count by an adjustment factor (the run’s spectral count divided by the average spectral count for the entire data set). Validation of normalization by means: The average of each run’s normalized SpC’s should be equal to all of the other runs’ averages.

For each condition,

Choose a random sample from both replicates

Generate 1000 bootstrapped-values using λ = the value of the random sample

Choose a random pair of bootstrapped values

Calculate the ratio of the two values

Calculate the p-value 

Before developing an improved method for determining differential expression in spectral counts, we wanted to get a sense of the overall behavior and characteristics of raw spectral count (SpC) measurements. Looking at non-normalized spectral counts allowed us to inspect the distribution of unaltered measurements without any presuppositions about how the data should look. To ensure that our sampling space was large and reproducible enough to make unbiased observations, 10 samples of R. palustris were prepared with identical protocols and measured using an LTQ. A total of 3,114 proteins were identified in these 10 runs. Our first, most general inquiry sought to ascertain basic descriptive statistics about the entire dataset’s proteins and spectral counts. Each run identified 2,005-2,329 proteins, and each run assigned 47,985-64,623 SpC. 44% of the proteins were identified in all 10 runs compared to the 12% of proteins that were unique to a single run, highlighting the high-degree of reproducibility between these technical replicates. The box and whisker plots in Figure 1 illustrate that the 1500 proteins found in all 10 runs have a similar SpC distribution as the entire dataset, so those highly reproducible proteins can be used to represent the dataset for later analyses. Additional validation of the reproducibility of the dataset was measured by calculating the standard deviations and variances for each protein’s spectral counts across the 10 runs compared to that protein’s overall mean spectral count. Their standard deviations fell into quartiles of D (25%) and E (75%) with a mean F and median F. 

From these basic measurements of means, standard deviations, and variances, we were able to start exploring the overall distribution of spectral counts. Figure 2 graphs the relationship between the means and variances for each of the 3,114 proteins. The strikingly linear relationship between the means and variances (R2 = 0.89) with a slope close to 1 (1.09) suggests that for the majority of the proteins in this study, the mean spectral count equals the variance. In other words, the more abundant proteins (those with larger spectral counts) have a larger standard deviation than the less abundant proteins (proteins with smaller spectral counts). While this observation seems intuitive, it has very significant implications in supporting the data’s Poisson-like distribution. Poisson distributions are characterized by a single variable: the mean (lambda), which is equal to the variance and therefore the only degree of freedom. Normal distributions, on the other hand, are characterized by 2 variables: the mean and standard deviation. If the data had followed a normal distribution, the standard deviation (and therefore the variance) would have been approximately constant for all proteins, regardless of their means. Figure 2’s demonstration of the mean dictating the variance suggests raw spectral count data follows a Poisson-like distribution. 

While the linear correlation between mean and variance was very strong for the raw spectral counts, it was not known whether the data behaved the same way after normalization. The same dataset of 10 runs was submitted to NSAF, an in-house normalization, and additional modifications, including log and square-root transformations, to see whether the correlation between average and standard deviations improved (i.e, whether the data became more Poisson-like after normalizations were applied). As displayed in Figure 3, there is a linear correlation (R2 = 0.9435) between the averages and standard deviations for NSAF values, but the in-house normalization method produces a stronger correlation coefficient (R2 = 0.9508) between spectral counts’ averages and variances. There is also a strong linear correlation (R2 = 0.9473) between the average and the relative standard deviation of normalized spectral counts. The correlation coefficient for the square-root transformation (R2 = 0.9244) is less than that of the logarithmic transformation (R2 = 0.9435). In total, all of these strong linear correlations between the average and standard deviations of spectral counts suggest the data follows a Poisson distribution. However, the additional transformations and normalizations do not greatly improve the raw correlation between means and variances (R2 = 0.95) and therefore they do not greatly impact the fit of a Poisson-like distribution.

In fact, goodness of fit tests showed the majority of the proteins in the dataset were consistently a Poisson-like distribution when the datasets were raw and normalized by means. Since comparisons of multiple datasets increases the sparseness of the data (by generating more data points produced by proteins found in only one or a few experimental runs), additional goodness of fit tests were performed to determine if the number of runs in which a protein was identified affects whether that protein follows a Poisson-like distribution. As Table 1 displays, although the percentage of proteins that followed a Poisson-like distribution didn’t vary much according to the number of replicates identifying a protein, the highest number of proteins following a Poisson distribution were those found in all 10 runs. Of the 1368 proteins found in all 10 runs, 85% of these proteins passed a Poisson goodness-of-fit test (p < 0.05). Similar results were found for normalizing the proteins by the means (Supp Info). These proteins found in all 10 runs are most likely our more confident identifications; therefore, their goodness-of-fit tests further enhance our assertion of the Poisson distribution.

To demonstrate whether ratios of spectral counts can approximate known relative protein abundances, a dataset was analyzed from a standard mixture of metabolically-labeled proteins in which R. pal was grown in normal (14N) minimal media and heavy (15N) minimal media and then mixed in ratios of 1:1, 1:5, 1:10, 5:1, and 10:1. The graphs in Figure 4 demonstrate that ratios of 14N:15N spectral counts can approximate differences in known relative protein abundances whether those differences span an order of magnitude (1:10 or 10:1) or whether the differences are negligible (1:1). Some of the proteins were found in only one of the conditions, so their ratios could not be calculated and therefore are displayed separately. The histograms of 3,115 proteins distribute around the expected 14N:15N spectral count ratios, indicated by the thick red lines.

To benchmark the performance of other existing significance analysis tests, we compared QSpec and BetaBinomial tests on our R. pal standard mixture datasets in addition to the PBS method. In Figure 5A, ROC curves of the false positive rate (FPR) against the true positive rate (TPR) provide a visual representation of the tradeoffs between significance and power for each algorithm. Area-under-the-curve (AUC) calculations confirm that the PBS method outperforms the other methods on the R.pal labeled standard mixture datasets. However, the power of the algorithms at 95% significance was a more practical measure of assessing the algorithm’s performance at a typical p-value cutoff (p < 0.05). Figure 5A illustrates that the power of our PBS method (63%) far surpasses that of QSpec (>1%) and BetaBinomial (33%) at 95% significance. In fact, even with exceedingly stringent cutoff criteria (p < 0.001), PBS can discriminate numerous differences in protein expression where the other methods cannot detect any changes in abundance at all.

Of the 1647 proteins compared, 845 were considered differentially expressed by at least one method at p < 0.05. PBS identified 670 (80%) of these proteins, and 104 proteins were found to be identified by PBS only. To determine how our method was improving over the other methods, we sought to classify the types of abundances being compared. Each protein abundance was categorized as “high” (SpC > 50), “medium” (5 < SpC < 50), “low” (2 < SpC < 5), or “zero” (0 SpC) so the comparison of a protein in condition A and condition B would be considered a “high-high” abundance comparison or “high-low” or “medium-low” or “medium-zero”, etc… For each of these classifications, PBS identified 78-97% of all significant proteins except for “low-zero” proteins, which are the least confident identifications. In comparison, QSpec identified at least 92% of the “high-high,” “high-medium,” “medium-medium,” and “medium-low” proteins but missed a majority of the “medium-zero” and “low-zero” proteins. BetaBinomial, on the other hand, identified 93% of the “low-zero” proteins and 29-69% of the other proteins. While QSpec emphasized significance in high abundant-proteins and BB emphasized significance in low-abundance proteins, PBS identified the largest overlap and unique set of proteins across the entire dynamic range. Therefore, the significance analysis achieved by PBS excels in correctness, lack of bias, and comprehensiveness compared to other existing approaches.

An additional feature of the PBS method is that we are able to calculate confidence intervals for the ratios between the two measurements. As a complementary figure to Figure 1 (Validation of SpC), we generated the 95% confidence interval for each protein in the standard mixture dataset. We expected to see the confidence intervals of bootstrapped ratios coincide with the pre-determined 1:1, 5:1, and 10:1 ratios. As evidenced in Figure 5, the proteins compared in the 1:1 dataset are in fact centered on 1. Furthermore, the proteins in the 5:1 dataset and 10:1 dataset have fairly tight distributions around 5 and 10, respectively, without elongating the range of bootstrapped values and therefore changing the kurtosis of expected data point distributions (see Supplemental Figure 1 for more detail). 

5.3.3 Exploitation of ANOVA
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