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Alcoholic liver disease (ALD) continues to be one of the major public health problems in the 

United States and worldwide. Complicated by factors including gender, polymorphisms of 

alcohol-metabolizing enzymes, immunologic factors, exposures to other substances/drugs, 

hepatic viral infections, nutritional deficiencies, and obesity, ALD is a complex disease that 

requires a systematic approach to dissect the mechanisms associated with organ dysfunction. 

Mechanistic knowledge is necessary to shed light on routes that potentially may lead to effective 

treatments. Proteomics as a discovery tool that may reveal new targets and pathways that can 

potentially be exploited for developing new preventive strategies and treatments. The 

mitochondrion is the pivotal organelle linked to disease progression and to the development of 

ALD. Studies have shown links between mitochondrial dysfunction and ethanol-induced liver 

injury, but the underlying mechanisms at the molecular level still remain largely unknown.  

In the present study we evaluated the capability of two label-free mass-spectrometry-driven 

approaches (i) the intensity-based MS
E
 method, and (ii) a spectral counting-based method that 

uses data-dependent acquisition (DDA). Initially a single- and a three-protein model system were 

utilized to evaluate differences in the performance characteristics of the two methods. To 

examine the performance difference of the two methods for proteome characterization, we 

measured changes in protein levels as a consequence of chronic alcohol consumption in rat liver 



 

 

mitochondria. Our results revealed that the MS
E
 approach had better performance in terms of 

precision, and dynamic range and resulted in superior accuracy for fold change determinations. 

The MS
E
 approach proved to identify more mitochondrial proteins than the two DDA methods. 

However, the run-to-run reproducibility of the MS
E
 method was lower than was observed for the 

DDA methods. Despite poor linear correlation between approaches, the outcomes of the 

proteome characterizations were rather consistent as more than half of the significantly altered 

proteins detected by the MS
E
 method were also revealed by at least one of the DDA methods. 

Collectively, we concluded that both MS
E
 and DDA approaches provide satisfactory 

performance with the MS
E
 approach outperforming the DDA-based methods with respect to 

accuracy, linearity and dynamic range. 

 

Further, we integrated the label-free LC-MS
E
 quantification with bioinformatics and knowledge 

base to profile alteration of the mitochondrial proteome for unraveling the protective effect of 

MitoQ, a mitochondrial targeted ubiquinone, on ALD. With carefully maintained stability of the 

LC-MS system, robust proteome datasets with high technical precision were obtained. By taking 

advantage of the information-rich quantitative proteomic data, we quantitatively categorized the 

identified proteins and performed pathway analysis for each category independently. Metabolic 

pathways and associated proteins were highlighted with the guidance of the systems biology 

approach. In summary, our results indicated that the pathways enriched in response to MitoQ 

included acyl-CoA synthases and the carnitine shuttle, ketogenesis, the TCA cycle and oxidative 

phosphorylation. The MitoQ-responsive metabolic network suggested that MitoQ up-regulates 

fatty acid transportation to counteract accumulation of lipids in the fatty liver. 

 

For dissecting the mitochondrial proteome, we develop a “targeted” quantitative approach 

involving label-free mass spectrometry-based quantification, chemoselective labeling, avidin-

biotin based affinity enrichment at both protein and peptide level. The approach was applied to 

mitochondria exposed to 4-hydroxy-2-nonenal (HNE) for depicting a subset of the mitochondrial 

proteome susceptible to HNE insult. The utilization of the carbonyl-selective probe, ARP, 

facilitated labeling of HNE-adducted proteins and enabled avidin affinity enrichment with the 

biotin moiety. A list of potential protein targets with concentration-dependent response and 

known HNE modification sites was obtained when combining results from the protein- and 



 

 

peptide-level enrichment workflows. The core list of putative protein targets of HNE adduction 

may serve as lead for further validation studies towards unraveling the pathogenesis of ALD and 

emerging treatment modalities using Western blotting or targeted LC-MS methods.     
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Label-free Mass Spectrometry-driven Methods for Elucidating Adaptive Responses of the 

Hepatic Mitochondrial Proteome in an Alcoholic Fatty Liver Disease Model 

 

Chapter 1 

 

Introduction 

 

(part of the chapter was adapted from Vasil'ev, Y. V.; Tzeng, S. C.; Huang, L.; Maier, C. S., 

Protein modifications by electrophilic lipoxidation products: adduct formation, chemical 

strategies and tandem mass spectrometry for their detection and identification. Mass Spectrom 

Rev 2014, 33 (3), 157-82) 

 

Alcohol has been consumed by human beings since several thousand years ago. Drinking has 

become part of our life as alcohol is ubiquitous in all social occasions. However, the abuse of 

alcohol has led to negative impacts on individual health. Prolonged, excessive consumption of 

alcohol caused widespread metabolic perturbation throughout the human body and eventually 

will lead to alcoholic liver disease (ALD). The World Health Organization (WHO) reports that 

more than 2 million people are afflicted with some form of alcoholic liver disease [1]. Over 

12,000 Americans die from alcohol-related chronic liver disease and cirrhosis, making it the 

third leading cause of death for people between the ages of 25 and 59 in the United States (US) 

[2].  

 

Chronic alcohol consumption leads to an array of metabolic imbalances and liver injuries 

through oxidative stress, altered immunity, proteasome dysfunction, altered methionine 

metabolism, nutritional abnormalities and mitochondrial dysfunction [1]. The mitochondrion was 

considered as a specific target of alcohol-induced oxidative stress, because of its role in energy 

production resulting in generation of reactive oxygen species (ROS) in the cell. Alcohol-

dependent mitochondrial dysfunction has been linked to mitochondrial DNA (mtDNA) damage, 

protein adduction and impaired respiratory chain complexes activity. 

 

Early ALD patients experience fat accumulation in the liver, called steatosis. The progression 

from steatosis to steatohepatitis (SH, an inflamed state of hepatosteatosis) is thought to be pivotal 
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for advancing to irreversible liver damage including fibrosis, cirrhosis and liver cancer [3]. 

However, to this date there is no effective therapeutic strategy to treat steatosis, to reverse and/or 

to prevent steatosis from advancing to further stages of ALD. One of the reasons is that there are 

multiple factors contributing to the development of ALD, including  gender, polymorphisms of 

alcohol-metabolizing enzymes, immunologic factors, exposures to other substances/drugs, 

hepatic viral infections, nutritional deficiencies, obesity, etc [4]. Another reason may be the lack 

of a full understanding of the mechanistic changes at the molecular levels that underlay the 

pathophysiological changes associated with ALD.  

     

Metabolic fate of ethanol and consequences 

Once ingested, alcohol firstly passes from the stomach into the small intestine, is rapidly 

absorbed and passively diffuses into the bloodstream. The elimination of alcohol in the body is 

mainly (95%) by the liver with the reminder through excretion in breath, urine, sweat, feces, 

milk and saliva. Several different metabolic pathways are used by the body to facilitate the 

oxidation of alcohol to acetaldehyde to acetate, and eventually, to carbon dioxide and water. In 

the liver, alcohol/ethanol is oxidized mostly by alcohol dehydrogenase (ADH) to acetaldehyde 

followed by subsequent conversion to acetate by aldehyde dehydrogenase (ALDH) (Fig. 1.1). 

Acetaldehyde is a highly reactive aldehyde that may play a key role in alcohol-related liver 

injury. Other non-ADH enzymes in microsomes and peroxisomes can also oxidize ethanol to 

acetaldehyde. The microsomal ethanol oxidizing system (previously referred to as MEOS) is the 

cytochrome P450 2E1 (CYP2E1). The metabolism of ethanol via this enzyme not only results in 

generating toxic acetaldehyde but also in the formation of highly reactive oxygen species (ROS), 

including superoxide, hydroxyl radical, hydrogen peroxide and hydroxyethyl radical (HER) [5]. 

Another enzyme involved in the breakdown of ethanol is the catalase in peroxisomes. Catalase 

functions as a peroxidase to metabolize ethanol in the presence of hydrogen peroxide. But, this 

degradation pathway plays a minor role. 
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Figure 1.1. Oxidation of alcohol to acetaldehyde by alcohol dehydrogenase (ADH), 

cytochrome P450 (CYP2E1), and catalase. Adapted from Klaassen’s Casarett & Doull’s 

Toxicology: The Basic Science of Poisons (2007)  
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The accumulation of acetaldehyde and ROS can deplete the antioxidant system, cause oxidative 

stress and priming the liver for further damage. Furthermore, ROS can react with lipids resulting 

in the production of lipid-derived reactive aldehydes, especially malondialdehyde (MDA) and 4-

hydroxy-2-nonenal (HNE). Due to their chemical reactivities, acetaldehyde, MDA and HNE can 

interact with proteins, DNA and other biomolecules to form adducts. Adduction results in 

structural and functional alteration in protein and causes DNA point mutation and chromosomal 

aberrations. All of the events are believed to be closely associated with the development of 

alcohol-induced liver injury. 

  

The role of mitochondria in ALD 

Mitochondria, mainly known as the cell’s powerhouse, are not only responsible for providing 

energy (ATP) for the cell, but also have several crucial functions, namely, the control of cell 

death following activation of intracellular signaling cascades or death receptor-mediated 

pathways [6]. Numerous studies have shown that chronic alcohol consumption impairs the 

complexes of the electron transport chain (except complex II) resulting in decreased rate and 

efficiency of ATP synthesis. The inability of the mitochondrion to maintain sufficient levels of 

ATP might be at least in parts due to mtDNA damage causing inhibition of mitochondrial 

polypeptide synthesis [7] and ribosomal defects [8]. 

 

Further, these alterations in mitochondrial genome and proteome result in enhancement of 

ROS/RNS production. More and more evidence indicates a link between chronic alcoholic fatty 

liver disease and mitochondrial dysfunction. However, thorough characterization of the 

molecular mechanism of ALD and the role of mitochondrial oxidative stress still require further 

investigation. 

 

Antioxidants as treatment for ALD  

Ethanol-induced oxidative stress has been suggested to play a major role in the development of 

ALD [9]. On this basis, antioxidant therapy was proposed to improve outcomes in ALD [1]. In 

animal studies, S-adenosylmethionine (SAM) showed promising hepatoprotective effect as it 

minimized inflammation, preserved mitochondrial respiration and liver SAM level [10]. N-

acetylcysteine (NAC) alleviated the severity of alcohol-related steatohepatitis, lipotoxicity, pro-
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inflammatory and cytokine activation [11].   Despite positive results reported from multiple 

laboratories, the results of clinical trials evaluating antioxidants, including beta-carotene, vitamin 

A, vitamin C, and vitamin E or their combinations, have not been as successful as anticipated 

[12, 13].  

 

As described previously, mitochondrial dysfunction is closely involved in the progression of 

ALD. Targeting therapeutic antioxidants to mitochondria, the cellular center of metabolism and 

oxidant production, would be a reasonable approach. Compounds have been targeted to 

mitochondria by coupling to a triphenylphosphonium cation (TPP) moiety. TPP-conjugated 

compounds accumulate within mitochondria, a process driven by the membrane potential. A 

panel of compounds has been conjugated to TPP, including vitamin E [14], lipoic acid [15], 

plastoquinone [16] and quinone. One of the most studied antioxidant-TPP conjugates is MitoQ, 

an ubiquinone attached to TPP. MitoQ was designed by Michael P. Murphy and Robin A. J. 

Smith in the late 1990s (Fig. 1.2) [17]. MitoQ is adsorbed to the matrix surface of the inner 

membrane where it can be reduced to the antioxidant quinol form by complex II in the 

respiratory chain. Unlike ubiquinone, MitoQ cannot be oxidized by complex III, as a 

consequence, MitoQ accumulates in mitochondria in the reduced quinol form. When MitoQ is 

oxidized to the quinone form, it can be rapidly recycled back to its quinol form by complex II to 

restore its antioxidant efficacy [18].  
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Figure 1.2. MitoQ is a mitochondria-targeted antioxidant designed to accumulate within 

mitochondria in vivo to protect against oxidative damage. Adapted from http://www.mrc-

mbu.cam.ac.uk/.   

 

http://www.mrc-mbu.cam.ac.uk/
http://www.mrc-mbu.cam.ac.uk/


7 

 

 

 

MitoQ has been tested in a range of in vivo studies in rats and mice and, so far, in two phase II 

human trials [19, 20]. It has also been reported that MitoQ can be safely introduced to patients of 

Parkinson’s disease (PD) for up to a year and that these dosages are effective in lessening liver 

damage in Hepatitis C patients. Overall, these studies suggest that orally administered MitoQ and 

related mitochondria-targeted antioxidants may be applicable to a wide range of human 

pathologies that involve mitochondrial oxidative damage [21].    

              

Mass spectrometry (MS)-based quantitative proteomics 

Proteomics is the study of all proteins in a biological sample at a specific time or specific 

condition. Since the emergence of modern mass spectrometers and new ionization techniques, 

mass spectrometry has rewritten the way to study proteomes and opened new avenues towards 

the goals of quantitative systems biology [22, 23]. Mass spectrometry-based proteomics 

approaches are not only able to answer the question what proteins are present in a sample, but 

also successfully accomplishes the task of quantifying proteins [24-32]. To achieve the goal of 

protein quantification, proteins have to be separated and detected. Gel-based approaches, like 

2D-DIGE, separate proteins by gel electrophoresis then detecting and quantifying proteins by 

protein staining, pre-labeled fluorescent dyes or antibodies that recognize a specific targeting 

[33, 34]. For separation of proteins, gel-based approaches were by far the best with respect to 

resolution, but the process is laborious, required extensive experience, low throughput and may 

have issue with providing reproducible results [35]. Alternatively, mass spectrometry-based 

shotgun proteomic approaches have been proven to be robust, high throughput and consistent 

[36]. Several strategies can be applied to MS-based approaches for quantification of proteins, 

either labeling proteins with stable isotopes [metabolically, chemically or enzymatically] or 

without labeling (label-free) (Fig. 1.3)[36-41]. Isotopic labeling methods have been considered 

as being more accurate and consistent but are more expensive, need more experience, and 

usually provide less proteome coverage compared to the emerging label-free quantitative 

approaches [42-48].  
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Figure 1.3. Quantitative approaches based on isotopic labeling or label-free techniques 

commonly used in MS-based proteomics.  
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Label-free quantitative proteomics 

A new emerging strategy in MS-based proteomics is the label-free quantitative approach. As the 

name suggests, in a label-free study proteomic samples are analyzed individually without 

additional labeling procedure. Quantification is achieved by comparing results obtained from 

each MS run. The label-free approaches are cheaper, easy to operate and have the highest 

possible coverage in comparison to the labeling approaches [40, 44, 49-52]. The most commonly 

used label-free MS-based strategies report protein abundance estimates and are based on two 

distinctly different strategies: 1) counting the total number of spectra that were positively 

assigned to a given protein (Spectral Counting, SC); and 2) measure of MS signal intensity of 

peptide precursor ions. Spectral counting approaches are based on the observation that the 

number of assigned peptide spectra is correlated with the abundance of a given protein. 

Quantification based on spectral counting is straightforward since it only requires comparison of 

spectrum counts generated from the classic shotgun proteomics approaches that utilize data-

dependent data acquisition (DDA).  

 

SC has gained acceptance as a practical semi-quantitative measure for global quantification of 

proteins. However, several potential problems exist for the use of SC as an accurate quantitative 

measure. Firstly, SC approaches exhibit bias toward high abundant proteins which lead to 

masking of low abundant proteins as well as the saturation of SCs at high protein abundance 

levels. The two pitfalls have caused biases at both end of the abundance spectrum and 

undoubtedly compressed the dynamic range of the quantifiable proteins. Secondly, peptide 

sharing and low SC values also complicate the data analysis process, diminish the sensitivity and 

lead to high variability [53].    

 

The other label-free approach is based on peak intensities extracted from the survey scan (MS1) 

acquired either during DDA or data independent acquisition (DIA). For accurately measuring 

protein abundance by ion intensities, multiple sampling of the chromatographic peak is essential. 

In a typical shotgun proteomics experiment which utilizes DDA, more time is spent on the 

survey scans, at the expense of MS/MS scans, which usually results in a reduction of the total 

number of identified proteins [54, 55]. Owing to the need for a robust label-free quantification 

platform, a DIA label-free quantification approach, LC-MS
E
, was commercialized by Waters on 
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its qTOF instruments in 2006 (Fig. 1.4)[56-59]. As opposed to the DDA methods which are 

cycling through survey scans and a series of tandem MS scans, LC-MS
E
 acquisitions operate 

without applying an ion transmission window in the first mass analyzer and continuously collect 

data of alternative scans with low and high collision energy. This unique DIA approach vastly 

improves the duty cycles of the mass spectrometer and preserves the chromatographic peak 

profile. Furthermore, LC-MS
E
 simultaneously provides precursor (peptide) and product 

(fragment) ion data for every charge state across the entire chromatographic peak width. As a 

result, the LC-MS
E
 method shows increased reliability for determining protein abundance 

estimates as well as an extended dynamic range [60-62]. The LC-MS
E
 method is one of the 

label-free approaches employed in this dissertation.  

 

Figure 1.4. Protein quantification achieved by data-dependent acquisition (DDA) and LC-

MS
E
 (a data-independent acquisition technique commercialized by Waters Corp.). 

Modified from Waters.com 

 



11 

 

 

 

Mitochondrial proteomics in ALD 

ALD is a complex disease that requires a systematic approach to dissect the mechanisms 

associated with organ dysfunction. Mechanistic knowledge is necessary to shed light on routes 

that potentially may lead to effective treatments. Proteomics as a discovery tool may reveal new 

targets and pathways that can potentially be exploited for developing new preventive strategies 

and treatments. The mitochondrion is the pivotal organelle linked to disease progression and to 

the development of ALD. In 2004, Venkatraman and colleagues utilized 2D-PAGE and BN-

PAGE approaches for studying alteration in mitochondrial proteome in response to the ethanol-

induced hepatotoxicity [63]. They identified dozens of proteins that were not previously reported 

to be affected by chronic ethanol consumption. Combining discovery proteomics with 

nonparametric analysis, Fernando and co-workers identified D-dopachrome tautomerase as a 

possible marker for early steatohepatitis induced by ethanol. They also suggested using a 

regulation pattern of a panel of potential markers for the detection of steatosis and progression to 

steatohepatitis [3].  

 

To assess global protein damage by ethanol-induced oxidative stress, Galligan and colleagues 

utilized a 2D LC-MS/MS technique to identify novel in vivo protein modifications by LPO-

derived reactive aldehydes including 4-hydroxynonenal (4-HNE), 4-oxononenal (4-ONE), 

acrolein (ACR), and malondialdehyde (MDA). Further pathway analysis using bioinformatic 

tools revealed that fatty acid metabolism, drug metabolism, oxidative phosphorylation, and the 

TCA cycle were associated with the progression of ALD [64].   

 

These early proteomics studies indicated that ethanol exposure had a broader global impact on 

mitochondria than previously suggested and that a systematic analysis of the global molecular 

changes would be necessary to advance the mechanistic understanding of the biochemical 

processes associated with mitochondrial dysfunction that ultimately lead to ALD. Obtaining a 

global understanding of the molecular changes associated with ethanol exposure and disease 

progression seemed difficult to be achievable with traditional biochemical approaches.  
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Detection of protein modifications by LPO-derived aldehydes and chemical labeling 

approaches 

Due to the relative low abundance of oxidative stress-mediated protein modifications in 

biological systems, a multitude of strategies have been developed and applied that combine 

chemical derivatization with enrichment and separation methods. We and others have developed 

aldehyde/keto reactive derivatization techniques (Fig. 1.5) in combination with tandem mass 

spectrometry to decrease sample complexity prior to mass spectrometric analysis [65-68]. We 

pioneered the use of a hydroxyl amine-functionalized biotin tag, N’-aminooxymethyl 

carbonylhydrazino D-biotin (aldehyde reactive probe, ARP) for the site-specific analysis of 

protein modification by reactive oxylipids [69-71]. We also developed HICAT, a hydrazine 

functionalized isotope-coded biotin-based affinity tag [72]. More recently diverse differential 

quantification strategies for protein modification by electrophilic lipids based on stable-isotope 

labeling have become available [73-75]. 

 

Figure 1.5. Chemical probes for labeling protein carbonyls (e.g. HNE modified peptide) 
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Summary 

We rationalize that ALD is a highly complex disease and that a thorough knowledge of the 

pathological mechanisms is needed to develop effective therapeutic approaches. The advance of 

proteomics driven by modern mass spectrometry is a powerful tool well suited to support the 

discovery of mechanisms associated with disease progression and for evaluating new therapeutic 

strategies to prevent, treat or reverse ALD.  

 

In this dissertation, firstly, I evaluated different MS-based label-free quantitative approaches to 

compare accuracy, dynamic range and to conduct cross-method correlations.  The evaluated MS-

based label-free quantitative approaches were then applied to quantitatively study proteome 

changes in liver mitochondria under ethanol-induced oxidative stress.  These initial studies 

revealed differential regulation of protein constituents of the respiratory chain complexes. Next, I 

employed an ion-intensity based LC-MS
E
 approach to assess the metabolic impact of a potential 

therapeutic agent on the mitochondrial proteome in an ALD animal model. Integrated with 

functional pathway analysis, several fatty acid transport-related pathways were revealed that 

were related to the prevention of steatosis. In order to specifically explore the content of ethanol-

induced oxidative protein modification, a strategy combining protein- and peptide-level affinity 

capture with a label-free quantitative method was developed.  This strategy was applied to 

mitochondrial protein preparations for determining proteome alteration caused by 4-

hydroxynonenal. These studies also provided access to assess the chemical reactivity of the 

mitochondrial proteome toward adduction to HNE and revealed potential targets of oxidative 

stress with potential relevance to ALD.  



14 

 

 

 

References 

 

1. Barve, A., et al., Treatment of alcoholic liver disease. Ann Hepatol, 2008. 7(1): p. 5-15. 

2. Mokdad, A.H., et al., Actual causes of death in the United States, 2000. JAMA, 2004. 

291(10): p. 1238-45. 

3. Fernando, H., et al., Liver proteomics in progressive alcoholic steatosis. Toxicol Appl 

Pharmacol, 2013. 266(3): p. 470-80. 

4. Sherlock's diseases of the liver and biliary system, 12th ed, in Reference & Research 

Book News2011. 

5. Tuma, D.J. and C.A. Casey, Dangerous byproducts of alcohol breakdown--focus on 

adducts. Alcohol Res Health, 2003. 27(4): p. 285-90. 

6. Kroemer, G., L. Galluzzi, and C. Brenner, Mitochondrial membrane permeabilization in 

cell death. Physiol Rev, 2007. 87(1): p. 99-163. 

7. Cahill, A., et al., Chronic ethanol consumption causes alterations in the structural 

integrity of mitochondrial DNA in aged rats. Hepatology, 1999. 30(4): p. 881-8. 

8. Patel, V.B. and C.C. Cunningham, Altered hepatic mitochondrial ribosome structure 

following chronic ethanol consumption. Arch Biochem Biophys, 2002. 398(1): p. 41-50. 

9. Cederbaum, A.I., Y. Lu, and D. Wu, Role of oxidative stress in alcohol-induced liver 

injury. Arch Toxicol, 2009. 83(6): p. 519-48. 

10. Andringa, K.K., et al., Analysis of the liver mitochondrial proteome in response to 

ethanol and S-adenosylmethionine treatments: novel molecular targets of disease and 

hepatoprotection. Am J Physiol Gastrointest Liver Physiol, 2010. 298(5): p. G732-45. 

11. Setshedi, M., et al., Limited therapeutic effect of N-acetylcysteine on hepatic insulin 

resistance in an experimental model of alcohol-induced steatohepatitis. Alcohol Clin Exp 

Res, 2011. 35(12): p. 2139-51. 

12. Bjelakovic, G., et al., Antioxidant supplements for liver diseases. Cochrane Database Syst 

Rev, 2011(3): p. CD007749. 

13. Lirussi, F., et al., Antioxidant supplements for non-alcoholic fatty liver disease and/or 

steatohepatitis. Cochrane Database Syst Rev, 2007(1): p. CD004996. 

14. Smith, R.A., et al., Selective targeting of an antioxidant to mitochondria. Eur J Biochem, 

1999. 263(3): p. 709-16. 

15. Brown, S.E., et al., Targeting lipoic acid to mitochondria: synthesis and characterization 

of a triphenylphosphonium-conjugated alpha-lipoyl derivative. Free Radic Biol Med, 

2007. 42(12): p. 1766-80. 

16. Skulachev, V.P., et al., An attempt to prevent senescence: a mitochondrial approach. 

Biochim Biophys Acta, 2009. 1787(5): p. 437-61. 

17. Kelso, G.F., et al., Selective targeting of a redox-active ubiquinone to mitochondria 

within cells: antioxidant and antiapoptotic properties. J Biol Chem, 2001. 276(7): p. 

4588-96. 



15 

 

 

 

18. James, A.M., et al., Interaction of the mitochondria-targeted antioxidant MitoQ with 

phospholipid bilayers and ubiquinone oxidoreductases. J Biol Chem, 2007. 282(20): p. 

14708-18. 

19. Gane, E.J., et al., The mitochondria-targeted anti-oxidant mitoquinone decreases liver 

damage in a phase II study of hepatitis C patients. Liver Int, 2010. 30(7): p. 1019-26. 

20. Snow, B.J., et al., A double-blind, placebo-controlled study to assess the mitochondria-

targeted antioxidant MitoQ as a disease-modifying therapy in Parkinson's disease. Mov 

Disord, 2010. 25(11): p. 1670-4. 

21. Smith, R.A. and M.P. Murphy, Animal and human studies with the mitochondria-

targeted antioxidant MitoQ. Ann N Y Acad Sci, 2010. 1201: p. 96-103. 

22. Aebersold, R. and M. Mann, Mass spectrometry-based proteomics. Nature, 2003. 

422(6928): p. 198-207. 

23. Cravatt, B.F., G.M. Simon, and J.R. Yates, 3rd, The biological impact of mass-

spectrometry-based proteomics. Nature, 2007. 450(7172): p. 991-1000. 

24. Wang, W., et al., Quantification of proteins and metabolites by mass spectrometry 

without isotopic labeling or spiked standards. Analytical Chemistry, 2003. 75(18): p. 

4818-26. 

25. Vissers, J.P., J.I. Langridge, and J.M. Aerts, Analysis and quantification of diagnostic 

serum markers and protein signatures for Gaucher disease. Molecular & Cellular 

Proteomics, 2007. 6(5): p. 755-66. 

26. Lange, V., et al., Selected reaction monitoring for quantitative proteomics: a tutorial. 

Mol Syst Biol, 2008. 4: p. 222. 

27. Mackay, C.L., et al., Sensitive, specific, and quantitative FTICR mass spectrometry of 

combinatorial post-translational modifications in intact histone H4. Analytical 

Chemistry, 2008. 80(11): p. 4147-4153. 

28. Xu, D., et al., Novel MMP-9 substrates in cancer cells revealed by a label-free 

quantitative proteomics approach. Molecular & Cellular Proteomics, 2008. 7(11): p. 

2215-28. 

29. Beck, M., et al., The quantitative proteome of a human cell line. Mol Syst Biol, 2011. 7: 

p. 549. 

30. Chavez, J.D., et al., Quantitative Proteomic and Interaction Network Analysis of 

Cisplatin Resistance in HeLa Cells. PLoS One, 2011. 6(5): p. e19892. 

31. Chavez, J.D., N.L. Liu, and J.E. Bruce, Quantification of protein-protein interactions 

with chemical cross-linking and mass spectrometry. Journal of Proteome Research, 2011. 

10(4): p. 1528-37. 

32. Kota, U. and M.B. Goshe, Advances in qualitative and quantitative plant membrane 

proteomics. Phytochemistry, 2011. 

33. Charles, R., T. Jayawardhana, and P. Eaton, Gel-based methods in redox proteomics. 

Biochim Biophys Acta, 2014. 1840(2): p. 830-7. 



16 

 

 

 

34. Lokamani, I., et al., Gelsolin and ceruloplasmin as potential predictive biomarkers for 

cervical cancer by 2D-DIGE proteomics analysis. Pathol Oncol Res, 2014. 20(1): p. 119-

29. 

35. Baggerman, G., et al., Gel-based versus gel-free proteomics: a review. Comb Chem High 

Throughput Screen, 2005. 8(8): p. 669-77. 

36. Wasinger, V.C., M. Zeng, and Y. Yau, Current status and advances in quantitative 

proteomic mass spectrometry. Int J Proteomics, 2013. 2013: p. 180605. 

37. Wu, C.C. and M.J. MacCoss, Shotgun proteomics: tools for the analysis of complex 

biological systems. Curr Opin Mol Ther, 2002. 4(3): p. 242-50. 

38. Kline, K.G., G.L. Finney, and C.C. Wu, Quantitative strategies to fuel the merger of 

discovery and hypothesis-driven shotgun proteomics. Brief Funct Genomic Proteomic, 

2009. 8(2): p. 114-25. 

39. Bantscheff, M., et al., Quantitative mass spectrometry in proteomics: a critical review. 

Analytical and Bioanalytical Chemistry, 2007. 389(4): p. 1017-31. 

40. Neilson, K.A., et al., Less label, more free: approaches in label-free quantitative mass 

spectrometry. Proteomics, 2011. 11(4): p. 535-53. 

41. Bantscheff, M., et al., Quantitative mass spectrometry in proteomics: critical review 

update from 2007 to the present. Anal Bioanal Chem, 2012. 404(4): p. 939-65. 

42. Merl, J., et al., Direct comparison of MS-based label-free and SILAC quantitative 

proteome profiling strategies in primary retinal Muller cells. Proteomics, 2012. 12(12): 

p. 1902-11. 

43. Ryu, S., et al., Comparison of a label-free quantitative proteomic method based on 

peptide ion current area to the isotope coded affinity tag method. Cancer Inform, 2008. 6: 

p. 243-55. 

44. Patel, V.J., et al., A comparison of labeling and label-free mass spectrometry-based 

proteomics approaches. Journal of Proteome Research, 2009. 8(7): p. 3752-9. 

45. Arsova, B., H. Zauber, and W.X. Schulze, Precision, proteome coverage, and dynamic 

range of Arabidopsis proteome profiling using (15)N metabolic labeling and label-free 

approaches. Molecular & Cellular Proteomics, 2012. 11(9): p. 619-28. 

46. Wang, H., S. Alvarez, and L.M. Hicks, Comprehensive comparison of iTRAQ and label-

free LC-based quantitative proteomics approaches using two Chlamydomonas reinhardtii 

strains of interest for biofuels engineering. Journal of Proteome Research, 2012. 11(1): p. 

487-501. 

47. Li, Z., et al., Systematic comparison of label-free, metabolic labeling, and isobaric 

chemical labeling for quantitative proteomics on LTQ Orbitrap Velos. Journal of 

Proteome Research, 2012. 11(3): p. 1582-90. 

48. Collier, T.S., et al., Direct comparison of stable isotope labeling by amino acids in cell 

culture and spectral counting for quantitative proteomics. Analytical Chemistry, 2010. 

82(20): p. 8696-702. 



17 

 

 

 

49. Zhu, W., J.W. Smith, and C.M. Huang, Mass spectrometry-based label-free quantitative 

proteomics. J Biomed Biotechnol, 2010. 2010: p. 840518. 

50. Negishi, A., et al., Large-scale quantitative clinical proteomics by label-free liquid 

chromatography and mass spectrometry. Cancer Sci, 2009. 100(3): p. 514-9. 

51. Wang, M., et al., Label-free mass spectrometry-based protein quantification technologies 

in proteomic analysis. Brief Funct Genomic Proteomic, 2008. 7(5): p. 329-39. 

52. Levin, Y., et al., Label-free LC-MS/MS quantitative proteomics for large-scale biomarker 

discovery in complex samples. Journal of Separation Science, 2007. 30(14): p. 2198-203. 

53. Lundgren, D.H., et al., Role of spectral counting in quantitative proteomics. Expert Rev 

Proteomics, 2010. 7(1): p. 39-53. 

54. Matzke, M.M., et al., A comparative analysis of computational approaches to relative 

protein quantification using peptide peak intensities in label-free LC-MS proteomics 

experiments. Proteomics, 2013. 13(3-4): p. 493-503. 

55. Dicker, L., X. Lin, and A.R. Ivanov, Increased power for the analysis of label-free LC-

MS/MS proteomics data by combining spectral counts and peptide peak attributes. 

Molecular & Cellular Proteomics, 2010. 9(12): p. 2704-18. 

56. Silva, J.C., et al., Quantitative proteomic analysis by accurate mass retention time pairs. 

Anal Chem, 2005. 77(7): p. 2187-200. 

57. Plumb, R.S., et al., UPLC/MS(E); a new approach for generating molecular fragment 

information for biomarker structure elucidation. Rapid Commun Mass Spectrom, 2006. 

20(13): p. 1989-94. 

58. Silva, J.C., et al., Simultaneous qualitative and quantitative analysis of the Escherichia 

coli proteome: a sweet tale. Mol Cell Proteomics, 2006. 5(4): p. 589-607. 

59. Silva, J.C., et al., Absolute quantification of proteins by LCMSE: a virtue of parallel MS 

acquisition. Molecular & Cellular Proteomics, 2006. 5(1): p. 144-56. 

60. Geromanos, S.J., et al., The detection, correlation, and comparison of peptide precursor 

and product ions from data independent LC-MS with data dependant LC-MS/MS. 

Proteomics, 2009. 9(6): p. 1683-95. 

61. Li, G.Z., et al., Database searching and accounting of multiplexed precursor and product 

ion spectra from the data independent analysis of simple and complex peptide mixtures. 

Proteomics, 2009. 9(6): p. 1696-719. 

62. Geromanos, S.J., et al., Simulating and validating proteomics data and search results. 

Proteomics, 2011. 11(6): p. 1189-211. 

63. Venkatraman, A., et al., Modification of the mitochondrial proteome in response to the 

stress of ethanol-dependent hepatotoxicity. Journal of Biological Chemistry, 2004. 

279(21): p. 22092-101. 

64. Galligan, J.J., et al., Protein carbonylation in a murine model for early alcoholic liver 

disease. Chem Res Toxicol, 2012. 25(5): p. 1012-21. 

65. Mirzaei, H., et al., Identification of oxidized proteins in rat plasma using avidin 

chromatography and tandem mass spectrometry. Proteomics, 2008. 8(7): p. 1516-27. 



18 

 

 

 

66. Mirzaei, H. and F. Regnier, Enrichment of carbonylated peptides using Girard P reagent 

and strong cation exchange chromatography. Anal Chem, 2006. 78(3): p. 770-8. 

67. Ugur, Z., C.M. Coffey, and S. Gronert, Comparing the efficiencies of hydrazide labels in 

the study of protein carbonylation in human serum albumin. Anal Bioanal Chem, 2012. 

404(5): p. 1399-411. 

68. Roe, M.R., et al., Proteomic mapping of 4-hydroxynonenal protein modification sites by 

solid-phase hydrazide chemistry and mass spectrometry. Anal Chem, 2007. 79(10): p. 

3747-56. 

69. Wu, J., J.F. Stevens, and C.S. Maier, Mass spectrometry-based quantification of 

myocardial protein adducts with acrolein in an in vivo model of oxidative stress. Mol 

Nutr Food Res, 2011. 

70. Maier, C.S., et al., Protein adducts of aldehydic lipid peroxidation products identification 

and characterization of protein adducts using an aldehyde/keto-reactive probe in 

combination with mass spectrometry. Methods Enzymol, 2010. 473: p. 305-30. 

71. Chavez, J., et al., New role for an old probe: affinity labeling of oxylipid protein 

conjugates by N'-aminooxymethylcarbonylhydrazino d-biotin. Analytical Chemistry, 

2006. 78(19): p. 6847-54. 

72. Han, B., J.F. Stevens, and C.S. Maier, Design, synthesis, and application of a hydrazide-

functionalized isotope-coded affinity tag for the quantification of oxylipid-protein 

conjugates. Analytical Chemistry, 2007. 79(9): p. 3342-54. 

73. Rauniyar, N. and L. Prokai, Isotope-coded dimethyl tagging for differential quantification 

of posttranslational protein carbonylation by 4-hydroxy-2-nonenal, an end-product of 

lipid peroxidation. Journal of Mass Spectrometry, 2011. 46(10): p. 976-85. 

74. Madian, A.G., et al., Differential carbonylation of proteins as a function of in vivo 

oxidative stress. J Proteome Res, 2011. 10(9): p. 3959-72. 

75. Han, B., et al., A comparative 'bottom up' proteomics strategy for the site-specific 

identification and quantification of protein modifications by electrophilic lipids. Journal 

of Proteomics, 2012. 75(18): p. 5724-33. 

 

 



19 

 

 

 

Chapter 2 

 

General Methods 

 

Overview of mass spectrometry 

Mass spectrometry is a sensitive analytical technique for separating and identifying molecules 

based on their mass-to-charge ratio (m/z). Since the first mass spectrometer (then called parabola 

spectrograph) constructed by Sir J. J. Thomson of the Cavendish Laboratory of the University of 

Cambridge more than 100 years ago , mass spectrometry (MS) has become a mainstream 

analytical tool for scientific research [1]. A mass spectrometer uses electric and magnetic fields 

to sort ions in gas phase at high vacuum. Three common components can be found in all mass 

spectrometers: an ion source, a mass analyzer and an ion detector. In principle, analytes are 

converted into gas phase ions in the ion source, separated based on their m/z ratios in the mass 

analyzer and detected and recorded by an ion detector.  

 

Initially designed to determine elemental atomic weights and the isotopic abundance of small 

molecules, MS was first applied to study larger biomolecules such as proteins in 1981 using fast 

atom bombardment (FAB) ionization [1]. Later, the development of two “soft” ionization 

techniques, electrospray ionization (ESI) (Fig. 2.1) and matrix-assisted laser desorption 

ionization (MALDI) (Fig. 2.1), have further improved ionization efficiency and enable the study 

of protein structure and other biomolecules including DNA, RNA, and sugars [2]. During the 

past three decades, the advancement of ionization techniques and modern mass spectrometry 

have created and revolutionized the field of biomolecular mass spectrometry and utilizations of 

MS on a broad scope of novel applications in biology and other fields were widespread. 

Commonly used mass analyzers in biomolecular studies include quadrupole (Q), ion trap (IT), 

time-of-flight (TOF), ion cyclotron resonance (ICR) and, the more recently introduced, orbitrap 

(OT) Analyzers. Many commercialized modern mass spectrometers are hybrid instruments with 

two or more mass analyzers working in concert. A hybrid or tribrid [3] mass spectrometer is built 

with two or more mass analyzers, combining the strength from various types of analyzers.     
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Figure 2.1. Ionization sources for large biomolecules. (A) The electrospray ion source. (B) 

The MALDI source [1]. 
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MS-based proteomics  

Proteomics is a discipline devoted to the study of all proteins and their levels present in a 

biological sample (e.g., cells, tissue, and organism) at a specific time, location or at specific 

biological events. Assisted by front-end sample separation techniques, including gel 

electrophoresis or liquid chromatography (LC), mass spectrometry has become the major tool for 

studying proteomics owing to its capability of performing tandem mass spectrometry (MS/MS or 

MS
2
) which provides structural information of ions. In a MS/MS analysis, ions of interest are 

isolated from the first round of MS (MS1) and then fragmented by diverse methods of 

dissociation to form various types of fragmentations (Fig. 2.2). The fragments from MS1 are 

then detected in another round of MS to obtain further information about the ions. This technique 

is commonly utilized in “bottom-up proteomics” to sequence peptides, as the fragments can be 

searched against theoretical product ion spectra from a number of database search algorithms 

(MASCOT, Sequest, X!Tandem, etc.) to match predicted peptide sequences that are obtained 

from IPI, RefSeq and Swiss-Prot. These assigned peptides can then to be matched to proteins for 

identification. With proper sample preparation and separation prior to mass spectrometric 

analysis, tens of hundreds of proteins can now be identified in a single analysis by mass 

spectrometry-based bottom-up proteomics [4].  

 

 

Figure 2.2. The a, b, c, x, y, z ion nomenclature of peptide fragmentation [5].
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Instrumentation  

Two types of hybrid mass spectrometers were utilized for the research in this dissertation and are 

described below, including a quadrupole orthogonal time-of-flight mass spectrometer (Q-TOF) 

and a linear ion trap – Fourier transform ion cyclotron resonance mass spectrometer (LTQ-FT).  

 

Quadrupole orthogonal time-of-flight mass spectrometer 

The Waters Synapt G2 (Fig. 2.3) is a quadrupole time-of-flight hybrid mass spectrometer that is 

equipped with ion mobility (IM) capability and uses a novel data independent acquisition (DIA) 

method, known as MS
E
, for sampling and fragmentation methods. The traveling wave-based-ion 

mobility feature in the Synapt G2 instrument provides another dimension of separation of ions 

that might co-eluted and results in more peptide/protein identifications according to Waters Corp 

[6]. The MS
E
 cycles through alternating scans between low and high collision energy to acquire 

information from all ions present with low duty cycle. That results in thorough chromatographic 

peak profiling for accurate quantification as well as possibly more peptides/protein identification 

[7].      

 

 

Figure 2.3. Waters Synapt G2 Q-TOF. Image from Waters Corp. 

(http://www.waters.com/waters/) 
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Linear ion trap – Fourier transform ion cyclotron resonance mass spectrometer (LTQ-

FTICR)  

The Thermo LTQ-FT Ultra (Fig. 2.4) is a linear ion trap-Fourier transfer ion cyclotron resonance 

hybrid mass spectrometer that consists of a linear ion trap in the front of a ICR trapping cell 

surrounded by a superconducting 7T magnet. The trapping cell is capable of obtaining high mass 

accuracy (<1ppm) and high resolution up to 100,000 at m/z 400. The LTQ-FT also has electron 

capture dissociation (ECD) and infrared multiphoton dissociation (IRMPD) capabilities which 

provide alternative choices of dissociation methods to study structural and peptide-sequencing 

information as well as protein post-translational modifications (PTMs).      

 

 

Figure 4. Thermo LTQ-FT Ultra. Image from Thermo Fisher Scientific. 

(http://www.thermofisher.com/) 

 

Fragmentation techniques 

Collision-induced dissociation (CID), also referred as collisionally activated dissociation 

(CAD), is the most common used method to fragment molecular ions in MS/MS experiments. 

During CID, ions of interest are isolated and accelerated to collide with neutral molecules (e.g., 



24 

 

 

 

helium, nitrogen or argon). The fragments generated in the CID event are mostly b and y type 

ions (Fig. 2.2).    

Electron capture dissociation (ECD) is an alternative dissociation method that fragments 

peptide ions by transferring an electron to it. The cleavage selectively occurs on the backbone 

and results primarily in the formation of c and z type ions (Fig. 2.2). The ECD is particularly 

useful for identifying the chemical structure and site-specific information of the modification due 

to the preservation of site-specific information for PTMs. 

 

Label-free quantitative proteomics  

The goal of quantitative proteomics is to obtain quantitative information about all proteins in a 

sample. Label-free quantification is achieved by comparing the relative amount of proteins in 

two or more biological samples with no stable isotopic labeling involved. There are two distinct 

approaches based on precursor signal intensity or on spectral counting. High-resolution mass 

spectrometers are necessary for ion intensity-based quantification as the high-resolving power 

facilitates accurate extraction of ion current at the MS1 level. Alternatively, spectral counting 

quantifies protein amounts by using the frequency of peptide spectra that were acquired for a 

given protein. The two mass spectrometers employed in the research of the dissertation were 

both high-resolution instruments.  

 

Inherently, mass spectrometry is not quantitative owing to fluctuation in the ionization efficiency 

and detectability of the peptides in a biological sample. Maintaining consistency and precision 

throughout the entire analysis period are critical for valid and successful label-free quantification 

[8]. Steps such as sample preparation, LC injection, spray stability, and external and internal 

parameters of the mass spectrometer will all need to be optimized to achieve the most accurate 

outcome.  
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Sample preparation for LC-MS 

Proper sample preparation is critical to successful proteomics analyses. During the process of 

extracting proteins from an intact biological system into a mass spectrometer, a lot can happen 

and biases can be introduced. General aspects to consider for a proteomics analysis are sample 

characteristics (e.g., cell culture, tissue, available amount, pH and temperature stability, 

hydrophobicity, content of other biomolecules) and the biological question to be addressed (e.g., 

analysis of membrane and/or soluble protein, protein interactions, post-translationally modified 

proteins). Depending on those aspects, choices of buffers, reductants, detergents and inhibitors 

have to be carefully considered to maintain the solubility and integrity of the protein samples.  

 

Workflow for LC-MS analysis of mitochondrial proteins 

The general workflow adopted for the LC-MS/MS analyses used for enabling the research 

described in this dissertation, including ARP affinity enrichment, is shown in Figure 5. Briefly, 

isolated mitochondria were lyzed by sonication and solubilized by adding detergent to extract the 

proteins. The lyzed mitochondrial protein preparations were then treated with a reducing agent, 

tris(2-carboxyethyl)phosphine (TCEP), to reduce possible protein disulfide bonds. The free 

sulfhydryl groups of the cysteine residues were then protected by alkylation with 2-

chloroacetamide prior to tryptic digestion. However, the reduction and alkylation can be omitted 

depending on the purpose of the application. In bottom up approaches as used in this work, after 

lysis to extract the protein content, reduction and alkylation, samples were subjected to digestion 

by trypsin, the most commonly used endoprotease in proteomics applications. We utilized 

ProteaseMax (a protease enhancer) to facilitate extraction of membrane proteins in mitochondria 

and also to improve the efficiency of the digestion with significantly shortened incubation time. 

The ProteaseMax is a MS-compatible detergent that will degrade during a typical tryptic 

digestion experiment due to its heat and acid-sensitive chemical structure. The chemicals used in 

the sample preparation workflows are shown in Figure 2.6. To enrich specific target peptides (or 

proteins if performed prior to digestion), affinity enrichment was performed. We use ARP, an 

aldehyde/keto reactive probe, to enrich peptides modified by lipid derived reactive aldehydes 

(e.g., 4-hydroxynonenal) (Fig. 2.5). The digest or enriched peptides were separated by LC prior 

to MS/MS (or MS
E
) analysis. The acquired raw data were searched against databases using 

search algorithms including MASCOT and ProteinLynx Global Sever (Waters, MA) for protein 



26 

 

 

 

identification and quantification. Further network analysis, such as enriched pathways analysis, 

was conducted using bioinformatics resource including Perseus (for data matrix handling) [9], 

Gene ontology database (GO) [10], Uniport (for protein annotation), DAVID (version 6.7) [11], 

Kyoto Encyclopedia of Genes and Genomes (KEGG) [12] (for pathway enrichment analysis), 

STRING (for protein interaction analysis) [13] and PubMed searches.  

 

 

Figure 2.5. Workflow of the LC-MS/MS analysis including tryptic digestion and ARP 

enrichment.  

 

 

ARP labeling 
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Figure 2.6. Chemicals used during the sample preparation.
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Abstract 

 

Mass spectrometry-based proteomics has made major impact in all areas of life science for its 

capability of identifying and quantifying hundreds to thousands of proteins in a given biological 

system. Quantitative proteomics has progressed to a core technique of systems biology. Label-

free quantitative techniques have gained more and more attention due to their possible 

applicability to large-scale studies. In this study we investigated the performance differences in 

protein and proteome characterization of two label-free approaches (i) the intensity-based MS
E
 

method, that uses data independent acquisition (DIA) and (ii) a spectral counting-based method 

that uses data-dependent acquisition (DDA) s. Both approaches were first evaluated by using a 

single- and a three-protein model system. To determine the performance characteristics of the 

two label-free approaches in truly complex proteome samples we determined changes in protein 

levels as a consequence of chronic alcohol consumption in rat liver mitochondria. Thirty-three 

proteins showed changes in protein levels caused by chronic alcohol consumption. Our results 

showed that the MS
E
-based quantification technique was superior to the DDA-based 

quantification methods in terms of accuracy, precision and dynamic range for absolute protein 

quantification in the model systems, and consequently, superior accuracy in fold change 

determination. MS
E
 proved to identify more mitochondrial proteins than the two DDA methods. 

However, run-to-run reproducibility of MS
E
 was lower than the DDA methods as a significant 

portion of the proteins were not identified repeatedly. For revealing proteins with significant fold 

changes, correlations between approaches were less than ideal. Our study indicates the results 

across methods were encouragingly consistent, as more than half of the differentially expressed 

proteins detected by the MS
E
 method were also detected by at least one of the DDA methods. In 

summary, our results show that both MS
E
 and DDA techniques showed satisfactory performance 

for in the model systems. However, for the quantification of protein level changes in biological 

samples the MS
E
-based technique outperformed the DDA-based methods with respect to 

accuracy, linearity and dynamic range. - 
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Introduction 

The ultimate goal of quantitative proteomics is to determine what proteins, at what levels, are 

present in a biological sample at a specific time, location or specific condition. Since the 

emergence of modern mass spectrometers and new ionization techniques, mass spectrometry 

(MS) has rewritten the way of studying proteomes [1, 2]. MS-based proteomics approaches have 

been proven to be a robust, applicable to high-throughput needs and have become the primary 

method for the identification of proteins and, more recently, also for the quantification of 

proteins [3-11].  

 

Several MS-based strategies have been developed for quantification of proteins in biological 

systems: (1) based on isotope-dilution strategies in which proteins are labeled by the 

incorporation of stable isotopes (metabolically, chemically or enzymatically) to obtain relative 

and comparative protein changes in response to a stimulus or condition and (2) mass 

spectrometry-based methods that aim to directly quantify proteins without labeling (commonly 

referred as label-free techniques) [12-17]. Isotopic labeling methods are limited to a comparative 

experimental design that is dependent on the availability of expensive reagents and usually have 

less coverage depth compared to the emerging label-free quantitative approaches [18-24]. In 

label-free approaches, all samples are analyzed individually without additional labeling 

procedure and are therefore scale-able, enabling highly flexible experimental designs.  The label-

free approaches are cheaper, introduce no chemical artefacts and have the highest possible 

coverage in comparison to labeling techniques [15, 20, 25-28].  

 

The most commonly used label-free MS-based protein abundance estimates are based on two 

distinctly different strategies: 1) counting the total number of spectra that were positively 

assigned to a given protein (Spectral Counting, SC); 2) measure of MS signal intensity of peptide 

precursor ions. Spectral counting approaches are based on the observation that the number of 

assigned peptide spectra is correlated with the abundance of a given protein. Quantification 

based on spectral counting is straightforward since it only required comparison of spectrum 

counts generated from the classic shotgun proteomics approaches that utilized data-dependent 

data acquisition (DDA) [29]. SC has gained acceptance as a practical semi-quantitative measure 

for the global quantification of proteins. However, several potential problems have been 
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discussed for the use of SC as an quantitative measure. Firstly, SC approaches exhibit bias 

toward high abundant proteins which lead to masking of low abundant proteins as well as the 

saturation of SCs at high protein abundance levels. The two pitfalls have caused biases at both 

end of the abundance spectrum and undoubtedly compressed the dynamic range of quantifiable 

proteins. Secondly, peptide sharing and low SC values also complicate the data analysis process, 

diminish the sensitivity and lead to high variability [30].    

 

The other label-free approach is based on peak intensities of the survey scan (MS1) acquired 

either during DDA or data independent acquisition (DIA). For accurately measuring protein 

abundance by ion intensities, multiple sampling of the chromatographic peak is essential. In a 

typical shotgun proteomics experiment which utilizes DDA, more time is spent on the survey 

scans, at the expense of MS/MS scans, which often can results in a reduction of total number of 

identified proteins [31, 32]. Owing to the needs for robust label-free quantification measurement 

techniques , a DIA label-free quantification technique, LC-MS
E
, was commercialized by Waters 

on its qTOF instruments [33-36]. As opposed to DDA methods which are based on cycling 

through survey scans and series of tandem MS scans of selected precursor ions, LC-MS
E
 

operates without applying an ion transmission window in the first mass analyzer and 

continuously collects data of mass spectral scans alternating between low and high collision 

energy. This unique DIA technique vastly improves mass spectrometer duty cycle and preserves 

the chromatographic peak profile. Furthermore, LC-MS
E
 simultaneously provides precursor 

(peptide) and product (fragment) ion data for every charge state across the entire 

chromatographic peak width. As a result, LC-MS
E
 showed increasing reliability of abundance 

estimates as well as extended dynamic range [37-39]. 

Comparisons of SC methods to methods based on peptide ion intensity were reported previously 

[40]. In general, both methods are capable of distinguishing protein levels that differ by a factor 

of two. Spectral counting has been reported as being more sensitive for detecting changes of 

protein abundance (greater coverage), while ion intensity-based methods result in more accurate 

protein ratios [41]. Based on those observations, studies have shown that both label-free methods 

are complementary, thus the choice may be based on the need to address a specific research 

question [42]. To date, no comparative evaluation of spectral counting and LC-MS
E
 has been 

described demonstrating quantification capabilities and correlation of these two label-free 
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methods. Geromanos et al., (2009) and Blackburn et al., (2010) have compared qualitative 

aspects of the two methods and concluded that LC-MS
E
 produced comparable or improved result 

to that of DDA in terms of spectra qualities, coverage depth and replication rate [37, 43].  

 

In this study, we compared and evaluated the linear range, accuracy and reproducibility of the 

DIA-based LC-MS
E
 and DDA-based spectral counting methods by utilizing model systems 

consisting of single or multiple standard proteins. The same methods were then applied to 

hepatic mitochondrial protein extracts to determine changes in protein levels as a consequence of 

chronic alcohol consumption in. to detect. We utilized two high-resolution hybrid MS 

instruments, a quadruple time-of-flight (qTOF) and a linear ion trap-Fourier transform ion 

cyclotron resonance (LTQ-FT) which allowed us to compare quantitative dataset obtained by 

three methods:  LC-MS
E
 and DDA were performed on a qTOF-type platform (MS

E
 and 

DDA_G1) and, in addition, DDA was run on LTQ-FT (DDA_FT) instrument.  

 

Materials and methods 

 

Materials 

Sequencing-grade modified trypsin and ProteaseMAX surfactant (a trypsin enhancer) were 

purchased from Promega (Fitchburg, WI). Mass spectrometric grade acetonitrile and water were 

purchased from Honeywell (Morristown, NJ). Yeast enolase digest was purchased from Waters 

(Medford, MA). Bovine serum albumin (BSA) was purchased from BioRad (Hercules, CA). 

Chicken lysozyme digest was obtained from Michrom (Auburn CA).  

 

Sample preparation for evaluating the label-free methods  

BSA tryptic digest was prepared in our laboratory. Briefly, 2 mg of BSA was dissolved in 1 ml 

of 50 mM ammonium bicarbonate buffer (pH 8.0) with 0.015 % of ProteaseMax. Sequencing-

grade modified trypsin was added with 1:50 ratio and incubated in 37°C chamber for 3 hours. 

Digestion was stopped by adding formic acid to a final concentration of 0.1 %. Solutions with 

different concentration (1, 10, 100, 500, 1000 and 5000 fmol/μl) of BSA digest were prepared 

from the stock solution (30 pmol/μl).  
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For evaluating the performance characteristics of the three methods for determining protein 

ratios, 3-protein mixtures were prepared that  contained different amounts of bovine serum 

albumin, yeast enolase and chicken lysozyme covering a concentration range spanning 100 

fmol/μl to 2.5 pmol/μl),. The concentration of each protein in each mixture was designed and 

prepared so that the protein ratio (or fold change) between different mixtures would be 1, 5 or 

25.  

 

BSA digests and the digest of the 3-protein mixtures were added to both sodium phosphate 

buffer (50 mM, pH 7.4) and matrices of rat liver mitochondria protein digest (final 0.5 μg/μl). 

Injection volume was 1 μl and LC-MS analysis was performed in triplicate on all 3 label-free 

quantitative methods. 

 

Preparation of rat liver mitochondria protein extracts for mass spectrometry 

Rat liver mitochondria were provided by Dr. Darley-Usmar’s laboratory. For details related to 

diet and isolation of liver mitochondria please refer to Chacko et al. [44]. Briefly, adult male 

Sprague-Dawley rats were pair-fed isocaloric Lieber-Decarli liquid diets containing 0 % or 36 % 

ethanol by caloric content for 4 weeks after both groups were fed with control diets for 7 days. 

Liver tissues were harvested at the time of sacrifice. Mitochondria were prepared by differential 

centrifugation of liver homogenates using ice-cold mitochondria isolation medium containing 

0.25 M sucrose, 1 mM EDTA and 5 mM Tris-HCl (pH 7.5). Protease inhibitors were added to 

the isolation buffer to prevent protein degradation.   

 

For preparation of mitochondrial protein digests, 4 different mitochondrial samples from either 

control or ethanol-fed group were each combined into one tube. Samples were then washed twice 

with 50 mM sodium phosphate buffer (pH 7.4) and lysed in the same buffer with additional 0.02 

% of ProteaseMax added. Fifty µg of each sample was dissolved in 100 mM ammonium 

bicarbonate buffer (pH 8.0) with 0.05 % ProteaseMax. Lysed mitochondrial samples were 

reduced and alkylated followed by tryptic digestion with 1:50 ratio of trypsin at 37°C for 3 hours 

(following manufacture’s protocol). Digested solution was quenched by acidifying with 0.1% 

formic acid. Each sample was spiked with 100 fmol/ μl of yeast enolase digest as an internal 

standard. Data normalization was carried out against either internal standard or the total signal 
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(spectral count or intensity). One µg of sample was injected and three analytical replicates were 

run.  

 

LC-MS label-free quantification analysis  

For experiments performed on the qTOF (MS
E
 and DDA_G1), samples were analyzed on a 

Synapt G1 mass spectrometer (Waters, MA) equipped with NanoLockSpray ion source and 

coupled to a NanoAcquity UPLC (Waters, MA). Samples were trapped on a Waters Symmetry 

C18 trapping cartridge (0.3 x 10 mm) and washed for 3 min using 3% acetonitrile containing 

0.1% formic acid at a flow rate of 5 μl/min. After trapping, peptides were separated on a BEH 

C18 column (100 μm x 15cm) (Waters, MA) at a flow rate of 500 nl/min using a linear gradient 

from 2–40 % B over 120 min (solvent A: 0.1% formic acid in water; solvent B: acetonitrile 

containing 0.1 % formic acid). The mass spectrometer was operated in V-mode at a resolution of 

at least 9,000 full width at half height (FWHH). The electrospray ion source was operated in the 

positive ion mode with a spray voltage of 3 kV.  

 

For the DDA_G1 method, the data-dependent MS/MS mode was operated with a 1.0 s survey 

scan (350-1990 m/z) and 2.0 s MS/MS scans (100-2000 m/z) conducting collision-induced 

dissociation (CID) on the three most abundant ions in the MS survey scan, with previously 

selected m/z values being excluded for 60 s. The collision energy for MS/MS (25-65 eV) was 

dynamically selected based on the charge state of the ion selected by the quadrupole analyzer 

(q1). Mass spectra were calibrated using fragment ions of Glu1-fibrinopeptide B (MH
+
 

1570.6774 Da, monoisotopic mass). In addition, lock mass correction was used every 30 s for 

one scan using the doubly charged ion of Glu1-fibrinopepide B ([M + 2H]
2+

 785.8426 Th).  

 

For MS
E
 analyses, full scans (m/z 100-2000) were collected using MS

E
 mode of acquisition 

which acquires alternating 1.5 s scans of low and elevated collision energy to generate intact 

peptide ions and product ions, respectively. Data were collected at a constant collision energy 

setting of 4 V during low-energy MS mode scans, whereas an energy ramping step from 15 to 40 

V was used during the high-energy MS
E
 mode scans.  
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For the DDA_FT method, analyses were performed on a LTQ-FT Ultra mass spectrometer 

(ThermoFisher, MA) equipped with IonMax ion source and coupled to a NanoAcquity UPLC 

system (Waters, MA) using a C18 column (Agilent Zorbax 300SB-C18, 250 x 0.3 mm, 5 μm) at 

a flow rate of 4 μL/min with a binary solvent system consisting of solvent A, 0.1 % aqueous 

formic acid, and solvent B, acetonitrile containing 0.1 % formic acid. Two µl of sample was first 

trapped and desalted on a Michrom peptide CapTrap column with 3% solvent B at a flow rate of 

5 µl/min for 3 min. Trapped peptides were then eluted onto the analytical column using a linear 

gradient from 3 % B to 30 % B at a flow rate of 4μl/min over 35 minutes. The column was 

maintained at 37°C during the run. The mass spectrometer was operated in a data-dependent 

acquisition mode. A full FT-MS scan (m/z 350-2000 ) was alternated with CID MS/MS scans of 

the 5 most abundant doubly or triply charged precursor ions. As the survey scan was acquired in 

the ICR cell at 100,000 mass resolving power (m/z 400), the CID experiments were performed in 

the linear ion trap where precursor ions were isolated using a 2.0-Th isolation width and 

subjected to CID in parallel with the completion of the full FT-MS scan. CID was performed 

with helium gas at a normalized collision energy of 35% and an activation time of 30 ms. 

Automated gain control (AGC) was used to accumulate sufficient precursor ions (target value, 5 

x 10
4
/micro scan; maximum fill time 0.2 s). Dynamic exclusion was used with a repeat count of 

1 and exclusion duration of 60 s. Data acquisition was controlled by Xcalibur (version 2.0.5) 

software (ThermoFisher, MA).  

 

Data processing and protein identification 

DDA raw data files from qTOF were processed using ProteinLynx Global Server (PLGS) 

version 2.5 (Waters, MA), and subsequently, MASCOT (version 2.2.4, Matrix Sciences, London, 

UK) searches were launched by PLGS against Uniprot (http://www.uniprot.org/, 05/12/13) 

Rattus norvegicus database including common contaminants (28,476 sequences; 13,906,781 

residues) with the following parameters: the taxonomy was limited to Rattus norvegicus, the 

digestion enzyme was set to trypsin, and two missed cleavage sites were allowed. The precursor 

ion mass tolerance was set to 30 ppm, while fragment ion tolerance of 0.1 Da was used. Dynamic 

modifications included carbamidomethyl (+57.0513 Da) for Cys residues, deamidation for Asp 

and Gln (+ 0.9840 Da) and oxidation (+15.9994 Da) for Met. The False Discovery Rate (FDR) 

was based on the number of peptide matches in the forward versus randomized sequences. 

http://www.uniprot.org/
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MS
E
 raw data was processed and searched against the same database in the same manner as 

DDA_G1 data sets. In brief, PLGS was used to reconstruct MS/MS spectra by combining all 

masses with identical retention times. Raw data sets were processed including deisotoping and 

deconvolution, and peak lists were generated on the basis of assigning precursor ions and 

fragments with similar retention times. The quantitative values for protein abundance were based 

on average peak intensities of the 3 most intense peptide ions observed in low collision energy 

mode. Each processed MS
E
 data set was searched against the database with the same fixed and 

variable modifications as DDA_G1 data. Ion Accounting search parameters that were used to 

search the MS
E
 data included: precursor and product ion tolerance set to automatic setting, 

minimum number of peptide matches set to 1, minimum number of product ion matches per 

peptide set to 3, minimum number of product ion matches per protein set to 7, maximum number 

of missed tryptic cleavage sites set to 2.  

 

For DDA_FT data, Thermo RAW data files were processed with Proteome Discoverer version 

1.2 (ThermoFisher, MA) using default parameters. A Mascot search against the same Rattus 

norvegicus database for MS
E 

and DDA data was launched from Proteome Discoverer with the 

following parameters: the digestion enzyme was set to trypsin and two missed cleavage sites 

were allowed. The precursor ion mass tolerance was set to 5 ppm, while fragment ion tolerance 

of 0.8 Da was used. Dynamic modifications included carbamidomethyl (+57.0214 Da) for Cys, 

deamidation for Asp and Gln (+ 0.9840 Da), and oxidation (+15.9994 Da) for Met.   

 

Lists of identified proteins and corresponding quantitative values from MS
E
, DDA_G1 and 

DDA_FT data sets were compiled in Scaffold 4.0 (Proteome Software, OR). Peptide 

identifications were accepted if they could be established at greater than 90.0% probability by 

the Scaffold’s FDR algorithm. Protein identifications were accepted if they could be established 

at greater than 95.0% probability and contained at least 2 identified peptides. For statistics, 

proteins that were not repeatedly identified were removed from the data set. Protein annotation 

information was obtained from Gene Ontology database [45], Kyoto Encyclopedia of Genes and 

Genomes (KEGG) [46] and Uniprot (www.uniprot.org). 
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Result and Discussion 

 

Single protein quantification  

Firstly, we evaluated the performance of the three label-free approaches by conducting single 

protein quantification. BSA digests with varied concentrations (10 fmol to 5 pmol/µl) were 

prepared and quantified. Among the three methods, MS
E
 had the widest linear dynamic range, 

while the two DDA methods showed tendency toward saturation for higher concentrations (Fig. 

3.1A). To further evaluate the performance of the three acquisition methods in samples with high 

complexity, we added tryptic digest of the mitochondrial protein preparations as matrix to the 

BSA sample set. With sample complexity increased, both DDA methods acquired lower spectral 

counts for BSA across the concentrations tested, and as a result, lower response was observed. In 

contrast, results from MS
E
 indicated that the presence of matrix had little or no effect to the 

quantification of BSA (as shown in Fig. 3.1A). Note that a power regression was applied to fit 

the non-linear SC data obtained from DDA_G1 and DDA_FT (Fig. 3.1A). 
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Figure 3.1. Single protein quantification based on intensity (MS
E
) or spectral counts 

(DDA_G1 and DDA_FT).  

(A) Different amounts of BSA (10 to 5000 fmol) were measure by all the 3 methods with 

and without the presence of mitochondria protein digest (as matrix). Quantitative values 

(intensity or spectral counts) were plotted against BSA amounts to examine linearities. 

Among the 3 methods, MS
E 

had the best linearity, while 2 DDA methods showed tendency 

toward saturation in higher concentration. When spiked with matrix (mitochondria digest), 

both DDA methods had lower SCs, therefore lower response, but MS
E
 only showed little or 

no effect due to the adding of matrix. (B) When normalized with internal standard for 

acquiring absolute amount of BSA, the ion-intensity based MS
E
 showed high accuracy 

whereas the SC-based DDA methods showed underestimated values when using the same 

normalization approach.   
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To normalize, samples were spiked with 100 fmol/μl of yeast enolase digest as internal standard 

to achieve absolute quantification. After normalized against the internal standard, quantification 

curves obtained from the two DDA methods showed significantly improved linearity while MS
E
 

data still showed the best linearity among the three methods (Fig. 3.1B). All three methods 

quantified BSA with various extents of underestimated values. The MS
E
 method resulted in 

quantification data that had the best accuracy in terms of quantifying absolute amount of BSA 

(~84%), while the DDA_G1 and DDA_FT methods showed significant underestimation of BSA 

(~30% and ~60%, respectively, see Fig. 3.1B). The results indicated that the MS
E
 method 

provided the most accurate determination of quantification, had wider dynamic range and the 

performance characteristics showed little or no effect with sample complexity in comparison to 

the two DDA methods.  

The MS
E
 approach, the protein quantification is achieved by averaging intensities of the 3 most 

intense peptides or the “Hi3” approach. The original MS
E
 study indicated that the average 

intensity of the “Hi3” peptides were proportional to the protein concentration regardless of the 

size of the proteins and can be used as “universal response factor” [36]. Using a universal 

response factor for normalization has enabled the intensity-based MS
E
 method to achieve the 

most accurate quantification among the three methods. On the contrary, the same normalization 

applied to the two SC methods resulted in severe underestimation of the protein abundance. We 

concluded that absolute quantification would not be achievable in DDA-based SC methods 

applying the same type of normalization.   

In addition, the result revealed that the two DDA methods were capable of providing relative 

quantification with adequate reproducibility. However, the DDA-based SC methods were 

affected by the addition of matrix, and in most cases, were incapable of absolute quantification. 

In the SC quantification, the linear range of quantification was highly dependent on the depth of 

MS/MS sampling, or in other words, the scan speed of the instrument. When a protein with 

abundance so dominating that it exceeds the sampling depth of the mass spectrometer, the 

response will reach a plateau and reduce the linear range as we observed for the two DDA 

methods. Between the two DDA methods, the wider linear range of the DDA_FT method 

reflected the fact that the linear ion trap-based LTQ-FT has a faster scan rate, and, therefore, 

more MS/MS sampling depth as the qTOF. 
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Ratio determination using 3-protein mixtures 

To evaluate capabilities of fold change determination of the three label-free approaches, we 

prepared four mixtures containing three proteins with different lengths and with concentrations 

spanning from 100 to 2500 fmol/µl in the presence of matrix (i.e. tryptic digest of a 

mitochondrial protein preparation). The set of four 3-protein mixtures were analyzed by the three 

label-free methods using identical chromatographic conditions. The concentrations of the 

proteins in each mixture are compiled in Table S1. Protein fold-changes were calculated and 

compared with the expected fold-changes of 1, 5 and 25. The results showed that the three label-

free methods determined the expected ratio of 1 and 5 with similar accuracy. However, the MS
E
 

method determined the highest ratio of 25 with greater accuracy than the two DDA methods 

(Table 3.11). This was expected since the MS
E
 method appeared to have a wider linear range 

than the two DDA methods in the single protein quantification experiment (as described above). 

To verify the significance of measured fold-changes, t-tests were applied. All 5- and 25-fold 

changes were tested as statistically significant with p-values < 0.05 for all the three methods. At 

the same time, those fold-change that were equal to 1 (i.e. no change) all proved to be not 

significant (p-values > 0.15). The results of t-tests implied that all the three methods were 

capable of distinguishing substantial changes among mixtures. Although all the three methods 

showed equal performance in determining the ratios used in this study except for the highest 

ratio, investigation of lesser fold-changes should be conducted to examine the ability of the three 

methods of distinguishing subtle but critical regulations of protein abundances in response to 

perturbation in complex biological systems.  
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Table 3.1. Evaluation of capabilities of fold change determination by the three label-free 

methods.  

We quantified the content of BSA, yeast enolase (ENO) and chicken lysozyme (Lyso) in the 

3-protein mixtures. Fold changes of the 3 proteins were calculated by comparing protein 

content determined from the two mixtures. The fold changes obtained from each method 

were compared to theoretical ratios of 1, 5 and 25. A Student’s T-Test was applied on each 

measured values to test the significance. MS
E
 appeared to be able to accurately determine 

fold change from 1 up to 25 fold, though higher variations were observed in higher ratio 

determination. The result of T-test suggested that all the 3 methods were able to distinguish 

significant fold changes from samples that showed no changes of protein content. 

 

    MS
E
      DDA_G1     DDA_FT   

Ratio  

Expected 

ratio Measured ratio 

*T-

TEST 

p<0.05 

 

Measured ratio 

*T-

TEST 

p<0.05 

 

Measured 

ratio 

*T-

TEST 

p<0.05 

 

BSA 

              C/D 25 31.21 ± 4.55 Y 

 

6.87 ± 0.59 Y 

 

7.12 ± 0.49 Y 

C/B 5 4.66 ± 0.14 Y 

 

2.61 ± 0.13 Y 

 

3.16 ± 0.07 Y 

A/B 1 0.98 ± 0.04 N 

 

1.33 ± 0.41 N 

 

1.02 ± 0.10 N 

 

ENO 

              B/C 25 25.20 ± 2.36 Y 

 

3.90 ± 0.57 Y 

 

6.46 ± 1.98 Y 

B/A 5 5.24 ± 1.43 Y 

 

5.24 ± 0.55 Y 

 

5.24 ± 0.52 Y 

A/D 1 0.88 ± 0.21 N 

 

0.83 ± 0.15 N 

 

1.04 ± 0.02 N 

 

Lyso 

              D/B 25 29.78 ± 0.50 Y 

 

7.00 ± 
#N/A - 

 

10.39 ± 2.07 Y 

D/A 5 5.06 ± 0.90 Y 

 

4.84 ± 3.60 Y 

 

3.10 ± 0.59 Y 

A/C 1 1.03 ± 0.08 N   0.58 ± 0.31 N   1.23 ± 0.10 N 

 

*T-TEST: test significance of fold changes between 2 mixtures, Y=yes, N=no   

#
 N/A: only identified in 1 replicate for mixture B 
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Label-free quantification of rat liver mitochondria proteome:  proteome coverage, 

reproducibility and quantitative correlation between methods 

To validate the quantitative capability of the three methods in a real biological system, we then 

applied the three label-free methods to study the effect of chronic alcohol consumption on rat 

liver mitochondria. We used the outcomes of our quantitative mitochondrial profiling studies to 

conduct an in depth evaluation of the three label-free methods.    

Rat liver mitochondria were isolated, tryptic digested and analyzed by the three label-free 

methods. The ion chromatograms obtained by conducting MS
E
 and DDA_G1 acquisitions on the 

same LC-MS platform were almost identical. This observation implied that the DDA_G1 method 

used was able to resolve and profile peptides eluting in narrow chromatographic peaks with no 

under-sampling effect (Fig. AS1). Besides sampling speed, the number of identified peptides, 

proteins and statistical parameters were compared and summarized in Table S2. Among the three 

methods, the MS
E
 method yielded the highest number of peptides identifications (IDs) and 

number of spectra acquired, but had the lowest successful rate of assigning spectra to peptides 

over the acquired spectra (ID rate, 19.7%). The DDA_G1 method collected the lowest number of 

spectra but showed the highest ID rate (57.0%). The DDA_FT runs, that utilized a standard ESI 

source, were able to identify more proteins per analysis than the MS
E
 and DDA_G1 methods. 

This implied that the linear ion trap-based LTQ-FT despite being equipped with a standard ESI 

source had equal or better sampling depth than the nanoESI-equipped qTOF.  

 

As for the proteome coverage, a total of 174, 128 and 182 proteins were identified from the 

DDA_FT, DDA_G1 and MS
E
 analyses, respectively, with 95% confidence and minimum of 2 

peptides required. In total combining the IDs obtained from all three methods, 233 proteins were 

identified from control and ethanol-fed rat liver mitochondria samples. As shown in the Venn 

diagram (Fig. 3.3) about half of the identified proteins (111, 47.6%) were detected by all three 

methods.  
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Figure 3.3. Venn diagram of numbers of proteins identified by the MS
E
, DDA_G1 and 

DDA_FT methods. 

The Venn diagram showed that total 233 proteins were identified from the liver 

mitochondria samples by the 3 methods. About half (111) of proteins were detected by all 

the 3 methods. MS
E
 appeared to have a better edge for identifying proteins than the other 2 

DDA methods.  
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The LC-MS
E
 method was marketed as acquiring data “all the ions, all the time” at its launch. In 

our study, when combined, the MS
E
 method indeed obtained the highest number of spectra, 

assigned peptides and identified proteins. However, the average protein IDs per replicate (110) 

was significantly lower for MS
E
 acquisitions than the grand total of 182 when comparing the 

results from the two DDA methods (104.3 per run compare to a total 128 for DDA_G1 

acquisitions and 127.7 per run compare to total of 174 for DDA_FT runs). The apparent method 

dependency of the average number of proteins identified per run led us to inspect the 

reproducibility of the three methods. To determine injection-to-injection reproducibility of each 

method, three replicate analyses were carried out for each method and the results are depicted in 

Figure 3.2. While the MS
E
 method successfully identified more total proteins than the two DDA 

approaches, the MS
E
 method had the lowest replication rate with less than half of the total 182 

proteins were consistently detected in all replicates and about one-fourth only appeared once. 

The inconsistency in replication rate observed for MS
E
 acquisitions will lead to many missing 

values and hamper downstream data analysis efforts. Similarly, low replication rates of LC-MS
E
 

runs were also observed by Distler et al. To address this issue, they have developed ISOquant 

software that is able to match features among runs which will resulted in improved 

reproducibility of assigned proteins between multiple analyses [47]. 
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Figure 3.2. Replication of protein identifications obtained by all the 3 methods. 

Numbers of protein identified in replicated injections were shown. The MS
E
 showed the 

least reproducible result as only about half of the proteins were identified on all 3 

replicates. The DDA_G1 and DDA_FT both had higher numbers of proteins identified in 

all 3 replicates than the MS
E
.
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One critical aspect in quantitative proteomics is how to normalize data. As we have noted, using 

a spiked internal standard to achieve normalization did not fit with DDA-based SC methods. 

Here we normalized our data by using the signal (intensity or spectral count) of each protein as 

numerator over the sum of the signals (as denominator) acquired of a specific run. The 

normalized protein abundance was presented as the percentage of total protein content. By doing 

so, we obtained a cross-platform, normalized quantitative term for further comparison. In order 

to evaluate the correlation among the label-free methods, normalized protein abundance from the 

MS
E
 and the two DDA methods were plotted against each other. Scatter plots showed generally 

good correlation of measured protein abundance among the three methods, especially for the two 

DDA methods (Fig. AS2). 
 

 

The paired comparisons between the three methods showed that the two DDA methods vs. the 

MS
E
 method were apparently less concordant compared to the DDA_G1 method vs. the 

DDA_FT method. In order to discover the possible cause that may explain the differences 

between the methods evaluated, we examined the distribution of all identified proteins against 

protein abundance level and protein sizes. As mentioned in the introduction, SC-based methods 

were biased toward more abundant proteins. Thus, one would expect to see different 

distributions between the MS
E
 and the two DDA methods. As shown in the histogram (Fig. 

AS3), more than 90% of the proteins had abundance less than 2% and similar distributions were 

observed for all three methods. However, no significant bias in distribution was observed. We 

speculated that the normalization against the total signal helped to minimize any possible bias. 

 

In theory, the larger the protein length is the more peptides are available for detection by SC 

methods. To examine the effect of protein length on quantification, protein abundance quantified 

by all the three methods was plotted against protein length (Fig. 3.4A). In general, protein 

abundance estimates were similar among methods. However, some discrepancies were observed 

at both ends of the molecular mass spectrum (Fig. 3.4B). For smaller proteins (8-34 kDa), the 

MS
E
 method showed a higher average quantitative value than both DDA approaches, i.e. 30.9% 

and 48.7% higher values were observed for the MS
E
 method compared to the DDA_G1 and 

DDA_FT, respectively. Whereas, the DDA method determined higher protein abundance values 

for larger proteins (>60 kDa) compared to the  MS
E 

method, namely 21.4% and 44.4% lower 
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values were obtained for the DDA_G1 and DDA_FT methods, respectively). For proteins of 

medium size (35-60 kDa), the abundance values derived from the MS
E
 and both DDA methods 

were more equivalent (-1.6% and +3.1% difference for the DDA_G1 and DDA_FT methods, 

respectively) compared to the smaller and larger counterparts.    

 

Figure 3.4. The effect of protein sizes on measured protein abundance among different 

methods.  
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Figure 3.4. The effect of protein sizes on measured protein abundance among different 

methods. (Continued) 

(A) Relative abundance of protein identified by all 3 methods was plotted against protein 

size. The protein sizes are shown on x-axis and sorted by their molecular weight. (B) Ratios 

of measured protein abundance between MS
E
 and 2 DDA methods in different size groups 

are shown. The ratio of measured abundance was calculated as MS
E
 over either DDA_G1 

or DDA_FT. The bias due to protein size was revealed as MS
E
 measured higher abundance 

values than the 2 DDA methods for the smaller size proteins (8-34kDa). Conversely, in the 

larger size protein group (61-165kDa), lower abundance was determined by the MS
E
 

compare to the 2 DDA methods. The medium size (35-60kDa) protein group was measured 

with similar abundance by the 3 methods.  

 

This is the first time that such bias related to protein size between intensity-based and SC-based 

methods has been reported. To address this issue, adjustments to the raw SC, including PAI 

(Protein Abundance Index or derived emPAI), NSAF (Normalized Spectral Abundance Factor, 

SC normalized for protein length) and MS2 intensity, were explored. For evaluation purposes, 

adjustments were first applied to the 3-protein mixture in the hope of improving the accuracy of 

ratio determination for the two DDA methods. The same adjustments for SC were then applied to 

the biological samples in order to improve the correlation between methods. Overall, effects of 

adjustments on SC were prominent but yielded mixed results for both ratio determinations (Table 

AS3) and biological samples (Table AS4). Thus, no clear conclusion can be made regarding the 

best adjustment for SC value without further evaluations. Notably, the adjusted fold changes 

showed slightly improved correlations between intensity-based MS
E
 and the two SC-based DDA 

methods (Fig. AS6). To avoid confusion, the abundance and fold change values in the following 

discussion were all unadjusted values. 
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Evaluation of label-free methods for profiling mitochondrial proteomes and determining 

the effects of chronic ethanol consumption on the liver proteome composition. 

The aim of this study was to perform a critical evaluation of label-free methods for determining 

changes in protein abundances using as complex biological system, liver mitochondria from rats 

fed diets with and without ethanol. Comparison between ethanol and control group was made to 

assess the effect of ethanol on the mitochondrial proteome. Fold changes of protein abundance 

were calculated as ethanol group against control group followed by log conversion. Log 

converted fold changes from the MS
E
 method and the DDA methods were plotted against each 

other in scatter plots. In contrast to protein abundance comparison, the comparison of fold 

changes revealed less correlation between the methods (Fig. AS4).  

 

To find differentially expressed proteins between the two groups, a t-test was applied to each 

identified protein. A total of 22, 34 and 41 proteins appeared to be significantly different (p-

value < 0.05) based on DDA_FT, DDA and MS
E
 analysis, respectively.  

 

Despite the incoherence of the fold change determination among methods, 25 of the total 70 

proteins that showed p-value<0.05 were detected by two out of three methods evaluated. 

However, only one protein was identified by all three methods (Fig. AS5). A “volcano plot” was 

used to depict those proteins which have significant and statistically sound change of abundance 

(fold change >2 and p-value<0.05) (Fig. 3.5). Overall, of the total 233 identified proteins, 39 

fulfilled the following criteria (1) were found either in the control or ethanol group, or (2) had 

fold change larger than 2 and p-value smaller than 0.05, by at least one of the three label-free 

methods.  The 39 proteins that showed significant changes in response to ethanol are 

summarized in Table 3.2. Twelve proteins that were detected by the MS
E
 method with more than 

2-fold up-regulation or only detected in the ethanol-fed group, 7 of them were also confirmed by 

at least one of the DDA methods. Similarly, among the 11 proteins that were detected by the 

MS
E
 method with either more than 2-fold down-regulation or only detected in the control group, 

seven of them were confirmed by at least one of the DDA methods.  
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Figure  3.5. Volcano plot to reveal proteins with significant abundance changes in response 

to dietary ethanol. 

The volcano plot depicts proteins that showed significant altered responses to dietary 

ethanol as determined by the 3 methods.  Proteins that were down regulated are shown in 

the upper left region. Proteins that were found to be up-regulated are shown in the upper 

right region.
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Table 3.2. Proteins with significant fold changes in response to high-ethanol diet and that were determined by all the three 

methods. 

Protein abundance, fold changes (ethanol/control) and significance of t-test of the 39 significantly altered proteins were shown.  

Twelve proteins that were detected by the MS
E
 method with more than 2-fold up-regulation or only detected in the ethanol-fed 

group, 7 of them were also confirmed by at least one of the DDA methods. Similarly, among the 11 proteins that were detected 

by the MS
E
 method with either more than 2-fold down-regulation or only detected in the control group, seven of them were 

confirmed by at least one of the DDA methods. This suggests the results obtained from the 3 methods are consistent and can be 

complementary. 

 

 

 



53 

 

 

 

Table 3.2. Proteins with significant fold changes in response to high-ethanol diet and that were determined by all three 

methods. (Continued) 

 

 

Protein Name Uniprot ID
Control 

AVG %

Ethanol 

AVG %

LOG 2 

(fold 

change)

T-test   

p-value

Control 

AVG %

Ethanol 

AVG %

LOG 2 

(fold 

change)

T-test   

p-value

Control 

AVG %

Ethanol 

AVG %

LOG 2 

(fold 

change)

T-test   

p-value
Protein annotation

Prodh protein (Fragment) B4F7D0_RAT 0.00 0.00 N/A 1.000 0.08 0.34 2.12 0.063 0.00 0.33 EtOH only 0.022 Arginine and proline metabolism

Dynamin-like 120 kDa protein, mitochondrial D4A8U5_RAT 0.00 0.00 N/A 1.000 0.00 0.28 EtOH only 0.018 0.00 0.21 EtOH only 0.272 Apoptotic process

3-hydroxyisobutyrate dehydrogenase, mitochondrial 3HIDH_RAT 0.00 0.33 EtOH only 0.015 0.32 0.38 0.26 0.302 0.00 0.16 EtOH only 0.190 BCAA metabolism

RCG47744, isoform CRA_c D3ZRF5_RAT 0.00 0.08 EtOH only 0.423 0.08 0.38 2.25 0.046 0.00 0.34 EtOH only 0.014 Transport

ATP synthase subunit f, mitochondrial D3ZAF6_RAT 0.27 0.24 -0.12 0.003 0.20 0.24 0.29 0.723 0.00 0.14 EtOH only 0.423 ATP synthesis

Acyl-CoA dehydrogenase family member 11 ACD11_RAT 0.00 0.00 N/A 1.000 0.00 0.24 EtOH only 0.016 0.00 0.09 EtOH only 0.185 Fatty acid beta-oxidation

ATP-binding cassette sub-family B member 7, mitochondrial ABCB7_RAT 0.00 0.00 N/A 1.000 0.00 0.00 N/A 1.000 0.00 0.16 EtOH only 0.019 ABC transporters

Mitochondrial pyruvate carrier 1 MPC1_RAT 0.00 0.00 N/A 1.000 0.00 0.00 N/A 1.000 0.00 0.26 EtOH only 0.007 Mitochondrial pyruvate transport

Stomatin-like protein 2 STML2_RAT 0.00 0.33 EtOH only 0.014 0.28 0.31 0.15 0.677 0.08 0.39 2.36 0.034  Biogenesis and activity regulation 

Peroxisomal acyl-coenzyme A oxidase 3 ACOX3_RAT 0.09 0.45 2.35 0.042 0.12 0.21 0.84 0.587 0.05 0.20 1.98 0.039 Fatty acid metabolism

Voltage-dependent anion-selective channel protein 3 VDAC3_RAT 0.27 0.24 -0.12 0.003 0.52 0.52 0.00 0.994 0.19 0.56 1.55 0.187 Ion transport

Phosphate carrier protein, mitochondrial MPCP_RAT 0.67 0.94 0.49 0.066 0.79 0.82 0.05 0.685 0.38 0.85 1.15 0.000 Ion transport

Cytochrome P450 2E1 CP2E1_RAT 0.00 0.25 EtOH only 0.4226 0.00 0.21 EtOH only 0.4226 0.00 0.00 N/A 1.000 Alcohol, drug metabolism

NADH-cytochrome b5 reductase 3 NB5R3_RAT 0.18 0.49 1.46 0.073 0.32 0.69 1.11 0.042 0.26 0.44 0.76 0.012 Amino sugar and nucleotide sugar metabolism
NADH dehydrogenase [ubiquinone] 1 alpha subcomplex subunit 10, mitochondrial NDUAA_RAT 0.62 0.08 -2.93 0.024 0.40 0.20 -0.97 0.246 0.10 0.16 0.67 0.683 Complex I

3 beta-hydroxysteroid dehydrogenase type 5 3BHS5_RAT 0.22 0.86 1.96 0.032 0.36 0.55 0.62 0.083 0.56 0.86 0.64 0.025 Steroid hormone biosynthesis
Succinate dehydrogenase [ubiquinone] iron-sulfur subunit, mitochondrial DHSB_RAT 0.22 0.57 1.36 0.085 0.36 0.69 0.94 0.003 0.63 0.89 0.50 0.018 Complex II

Hydroxyacyl-coenzyme A dehydrogenase, mitochondrial HCDH_RAT 0.49 0.61 0.33 0.089 0.52 0.17 -1.59 0.045 0.72 0.67 -0.10 0.489 BCAA metabolism

Aldehyde dehydrogenase, mitochondrial ALDH2_RAT 1.47 1.26 -0.22 0.178 1.23 0.93 -0.41 0.037 1.37 0.99 -0.47 0.002 Alcohol, BCAA metabolism

Hydroxyacid oxidase 1 B0BNF9_RAT 0.76 0.37 -1.04 0.014 0.63 0.55 -0.21 0.500 0.44 0.32 -0.47 0.001 Glyoxylate and dicarboxylate metabolism

NADH-ubiquinone oxidoreductase 75 kDa subunit, mitochondrial NDUS1_RAT 0.98 0.45 -1.13 0.009 0.95 0.62 -0.63 0.023 0.49 0.33 -0.59 0.219 Complex I

Bile acid-CoA:amino acid N-acyltransferase BAAT_RAT 0.71 0.24 -1.55 0.050 0.87 0.68 -0.35 0.068 0.80 0.52 -0.63 0.001 Biosynthesis of unsaturated fatty acids

Cytochrome b-c1 complex subunit Rieske, mitochondrial UCRI_RAT 0.27 0.00 Control only 0.000 0.59 0.34 -0.78 0.032 0.53 0.28 -0.91 0.008 Complex III

RCG32945 (Protein Ndufb10) D4A0T0_RAT 0.49 0.24 -1.00 0.035 0.40 0.21 -0.94 0.226 0.07 0.04 -0.97 0.692 Complex I

Cytochrome b-c1 complex subunit 2, mitochondrial QCR2_RAT 0.80 0.69 -0.21 0.290 0.71 0.45 -0.67 0.031 1.24 0.63 -0.99 0.000 Complex III

NADH dehydrogenase (Ubiquinone) flavoprotein 1 Q5XIH3_RAT 0.44 0.08 -2.43 0.030 0.51 0.17 -1.60 0.115 0.36 0.11 -1.72 0.024 Complex I

Actin, cytoplasmic 1 ACTB_RAT 0.31 0.00 Control only 0.018 0.60 0.07 -3.06 0.007 0.08 0.02 -1.80 0.317 Tight junction

NADH dehydrogenase (Ubiquinone) 1 beta subcomplex, 11 (Predicted) D4A7L4_RAT 0.00 0.00 N/A 1.000 0.00 0.00 N/A 1.000 0.22 0.04 -2.28 0.040 Complex I

Peroxisomal bifunctional enzyme ECHP_RAT 0.31 0.24 -0.35 0.265 0.44 0.24 -0.89 0.234 0.34 0.07 -2.40 0.045 BCAA metabolism

NADH dehydrogenase [ubiquinone] flavoprotein 2, mitochondrial NDUV2_RAT 0.31 0.00 Control only 0.018 0.08 0.00 Control only 0.423 0.35 0.05 -2.66 0.318 Complex I

Cytochrome c oxidase subunit 5B, mitochondrial COX5B_RAT 0.49 0.24 -1.00 0.173 0.44 0.34 -0.35 0.151 0.98 0.00 Control only 0.026 Complex III

Mitochondrial amidoxime reducing component 2 MOSC2_RAT 0.27 0.00 Control only 0.000 0.44 0.38 -0.21 0.353 0.12 0.00 Control only 0.423 Oxidoreductase activity

Cytochrome P450 2C11 CP2CB_RAT 0.36 0.00 Control only 0.017 0.00 0.00 N/A 1.000 0.12 0.00 Control only 0.423 Drug metabolism

Hydroxyacid oxidase 2 HAOX2_RAT 0.00 0.00 N/A 1.000 0.44 0.27 -0.68 0.045 0.05 0.00 Control only 0.423 Glyoxylate and dicarboxylate metabolism

NADH dehydrogenase (Ubiquinone) 1 beta subcomplex, 7 (Predicted) D3ZLT1_RAT 0.00 0.00 N/A 1.000 0.24 0.00 Control only 0.000 0.09 0.00 Control only 0.423 Complex I

3-ketoacyl-CoA thiolase A, peroxisomal THIKA_RAT 0.00 0.00 N/A 1.000 0.28 0.00 Control only 0.019 0.00 0.00 N/A 1.000 BCAA metabolism

Bucs1 protein B5DFA3_RAT 0.27 0.24 -0.12 0.003 0.52 0.24 -1.13 0.189 0.00 0.00 N/A 1.000 Acyl-CoA synthetase family

Cytochrome c oxidase subunit 6B1 D3ZD09_RAT 0.31 0.29 -0.13 0.885 0.24 0.21 -0.21 0.005 0.00 0.00 N/A 1.000 Complex III

NADH dehydrogenase (Ubiquinone) Fe-S protein 7 Q5RJN0_RAT 0.27 0.00 Control only 0.000 0.28 0.07 -2.04 0.069 0.00 0.00 N/A 1.000 Complex I

DDA_G1 DDA_FT MSE
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Further functional annotations of the 39 differentially regulated proteins were obtained from GO, 

KEGG and Uniprot databases (Table 3.2). The results indicated that 13 proteins were involved in 

electron transport chain (ETC) and all of them (except for one protein from complex II) were 

down-regulated or only were detected in the control group by at least one method. Multiple 

previous studies have shown that ethanol detrimentally affects the mitochondrial function [48]. 

In the companion study, declined activities were observed for the ETC complexes I, III and IV 

[44]. Two proteins that are involved in alcohol metabolism showed disparate regulation between 

the control and alcohol-fed groups. Cytochrome P450 2E1 was found to be up-regulated in the 

ethanol-fed group, and Aldehyde dehydrogenase (mitochondrial) was found down-regulated. The 

disparate regulation of these two metabolically active enzymes is consistent with Western 

blotting study (data not shown) [44]. Taken together, our quantitative proteome profiling study 

using label-free methods resulted in the identification of proteins that showed Ethanol-responsive 

regulation.  The differential regulation of a subset of mitochondrial proteins was in accord with 

bioactivity studies reported previously. [49-52].  We have applied a label-free proteomics 

strategy also to investigate the modulation of ethanol-induced mitochondrial dysfunction by an 

antioxidant, MitoQ and the findings are described in Chapter 4.   

 

The goal of quantitative proteomics is to accurately measure perturbation-induced protein 

abundance changes in order to elucidate the molecular mechanism, signal pathway or discover 

drug targets or biomarkers. The label-free method has become the preferred method of choice for 

quantification of global protein expressions due to its simplicity, easy-to-implement nature and is 

theoretically limitless with respect to sample multiplicity. Depending on the goal of the study, 

the label-free approaches will provide a fast, easy and relatively accurate platform for studies in 

discovery phase. Although the MS
E
 approach showed better linear dynamic range, more accurate 

fold change determination in the model system used, and resulted in higher proteome coverage in 

the biological samples comparing to the two DDA-based SC methods that were evaluated in this 

study, there remains the concern about the reproducibility of the MS
E
-based method in complex 

sample as observed in this study, and also by others [47]. Although SC was often considered as 

empirical and semi-quantitative, our results showed its capability to detect relative protein level 

changes and the result was concordant with intensity-based quantitative approach (LC-MS
E
). 

Nonetheless, an additional assay to prove the same observation from the label-free approaches 
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(or confirmed by another label-free method, as we did in this study) will strengthen the reliability 

of the evidence and help to decide the direction of further investigation. 

 

Conclusion 

Here we investigated the quantitative performance of three label-free quantification approaches – 

intensity-based MS
E
 and two spectral counting-based DDA methods performed on two different 

LC-MS platforms. Our results showed that the MS
E
 method had the best accuracy and the widest 

linear range in the single protein quantification and for determining ratios of the 3-standard 

protein mixture. The application of the three label-free methods under comparison for extracting 

differential protein regulation in rat liver mitochondria as a consequence of ethanol consumption 

indicated a lower run-to-run reproducibility of the MS
E
 method, compared to the two DDA 

methods. We found that 39 proteins had statistically sound and significant changes (fold change 

>2 and p-value<0.05) and all differentially labeled proteins were determined by all three 

methods evaluated in this study. Our results also suggest that, despite the size bias that may have 

caused the less than ideally correlated results between the MS
E
 and the two DDA methods, the 

final “outliers” determined by all three methods were encouragingly consistent as more than half 

the differentially expressed proteins detected by the MS
E
 method were also detected by at least 

one of the DDA method. 

In conclusion, we attempted with this study to evaluate two label-free quantification methods for 

proteome profiling studies, namely the intensity-based (MS
E
) approach and the SC-based DDA 

method. Our results show that both MS
E
 and DDA techniques showed satisfactory performance 

for ‘simple’ multi-component protein systems. However, for the quantification of protein level 

changes in biological samples with high complexity the MS
E
-based technique outperformed the 

DDA-based methods with respect to dynamic range and quantitative precision.  



56 

 

 

 

References 

 

1. Aebersold, R. and M. Mann, Mass spectrometry-based proteomics. Nature, 2003. 

422(6928): p. 198-207. 

2. Cravatt, B.F., G.M. Simon, and J.R. Yates, 3rd, The biological impact of mass-

spectrometry-based proteomics. Nature, 2007. 450(7172): p. 991-1000. 

3. Wang, W., et al., Quantification of proteins and metabolites by mass spectrometry 

without isotopic labeling or spiked standards. Analytical Chemistry, 2003. 75(18): p. 

4818-26. 

4. Vissers, J.P., J.I. Langridge, and J.M. Aerts, Analysis and quantification of diagnostic 

serum markers and protein signatures for Gaucher disease. Molecular & Cellular 

Proteomics, 2007. 6(5): p. 755-66. 

5. Lange, V., et al., Selected reaction monitoring for quantitative proteomics: a tutorial. 

Mol Syst Biol, 2008. 4: p. 222. 

6. Mackay, C.L., et al., Sensitive, specific, and quantitative FTICR mass spectrometry of 

combinatorial post-translational modifications in intact histone H4. Analytical 

Chemistry, 2008. 80(11): p. 4147-4153. 

7. Xu, D., et al., Novel MMP-9 substrates in cancer cells revealed by a label-free 

quantitative proteomics approach. Molecular & Cellular Proteomics, 2008. 7(11): p. 

2215-28. 

8. Beck, M., et al., The quantitative proteome of a human cell line. Mol Syst Biol, 2011. 7: 

p. 549. 

9. Chavez, J.D., et al., Quantitative Proteomic and Interaction Network Analysis of 

Cisplatin Resistance in HeLa Cells. PLoS One, 2011. 6(5): p. e19892. 

10. Chavez, J.D., N.L. Liu, and J.E. Bruce, Quantification of protein-protein interactions 

with chemical cross-linking and mass spectrometry. Journal of Proteome Research, 2011. 

10(4): p. 1528-37. 

11. Kota, U. and M.B. Goshe, Advances in qualitative and quantitative plant membrane 

proteomics. Phytochemistry, 2011. 

12. Wu, C.C. and M.J. MacCoss, Shotgun proteomics: tools for the analysis of complex 

biological systems. Curr Opin Mol Ther, 2002. 4(3): p. 242-50. 

13. Kline, K.G., G.L. Finney, and C.C. Wu, Quantitative strategies to fuel the merger of 

discovery and hypothesis-driven shotgun proteomics. Brief Funct Genomic Proteomic, 

2009. 8(2): p. 114-25. 

14. Bantscheff, M., et al., Quantitative mass spectrometry in proteomics: a critical review. 

Analytical and Bioanalytical Chemistry, 2007. 389(4): p. 1017-31. 

15. Neilson, K.A., et al., Less label, more free: approaches in label-free quantitative mass 

spectrometry. Proteomics, 2011. 11(4): p. 535-53. 

16. Wasinger, V.C., M. Zeng, and Y. Yau, Current status and advances in quantitative 

proteomic mass spectrometry. Int J Proteomics, 2013. 2013: p. 180605. 

17. Bantscheff, M., et al., Quantitative mass spectrometry in proteomics: critical review 

update from 2007 to the present. Anal Bioanal Chem, 2012. 404(4): p. 939-65. 



57 

 

 

 

18. Merl, J., et al., Direct comparison of MS-based label-free and SILAC quantitative 

proteome profiling strategies in primary retinal Muller cells. Proteomics, 2012. 12(12): 

p. 1902-11. 

19. Ryu, S., et al., Comparison of a label-free quantitative proteomic method based on 

peptide ion current area to the isotope coded affinity tag method. Cancer Inform, 2008. 6: 

p. 243-55. 

20. Patel, V.J., et al., A comparison of labeling and label-free mass spectrometry-based 

proteomics approaches. Journal of Proteome Research, 2009. 8(7): p. 3752-9. 

21. Arsova, B., H. Zauber, and W.X. Schulze, Precision, proteome coverage, and dynamic 

range of Arabidopsis proteome profiling using (15)N metabolic labeling and label-free 

approaches. Molecular & Cellular Proteomics, 2012. 11(9): p. 619-28. 

22. Wang, H., S. Alvarez, and L.M. Hicks, Comprehensive comparison of iTRAQ and label-

free LC-based quantitative proteomics approaches using two Chlamydomonas reinhardtii 

strains of interest for biofuels engineering. Journal of Proteome Research, 2012. 11(1): p. 

487-501. 

23. Li, Z., et al., Systematic comparison of label-free, metabolic labeling, and isobaric 

chemical labeling for quantitative proteomics on LTQ Orbitrap Velos. Journal of 

Proteome Research, 2012. 11(3): p. 1582-90. 

24. Collier, T.S., et al., Direct comparison of stable isotope labeling by amino acids in cell 

culture and spectral counting for quantitative proteomics. Analytical Chemistry, 2010. 

82(20): p. 8696-702. 

25. Zhu, W., J.W. Smith, and C.M. Huang, Mass spectrometry-based label-free quantitative 

proteomics. J Biomed Biotechnol, 2010. 2010: p. 840518. 

26. Negishi, A., et al., Large-scale quantitative clinical proteomics by label-free liquid 

chromatography and mass spectrometry. Cancer Sci, 2009. 100(3): p. 514-9. 

27. Wang, M., et al., Label-free mass spectrometry-based protein quantification technologies 

in proteomic analysis. Brief Funct Genomic Proteomic, 2008. 7(5): p. 329-39. 

28. Levin, Y., et al., Label-free LC-MS/MS quantitative proteomics for large-scale biomarker 

discovery in complex samples. Journal of Separation Science, 2007. 30(14): p. 2198-203. 

29. Carvalho, P.C., et al., Identifying differences in protein expression levels by spectral 

counting and feature selection. Genet Mol Res, 2008. 7(2): p. 342-56. 

30. Lundgren, D.H., et al., Role of spectral counting in quantitative proteomics. Expert Rev 

Proteomics, 2010. 7(1): p. 39-53. 

31. Matzke, M.M., et al., A comparative analysis of computational approaches to relative 

protein quantification using peptide peak intensities in label-free LC-MS proteomics 

experiments. Proteomics, 2013. 13(3-4): p. 493-503. 

32. Dicker, L., X. Lin, and A.R. Ivanov, Increased power for the analysis of label-free LC-

MS/MS proteomics data by combining spectral counts and peptide peak attributes. 

Molecular & Cellular Proteomics, 2010. 9(12): p. 2704-18. 

33. Silva, J.C., et al., Quantitative proteomic analysis by accurate mass retention time pairs. 

Anal Chem, 2005. 77(7): p. 2187-200. 

34. Plumb, R.S., et al., UPLC/MS(E); a new approach for generating molecular fragment 

information for biomarker structure elucidation. Rapid Commun Mass Spectrom, 2006. 

20(13): p. 1989-94. 



58 

 

 

 

35. Silva, J.C., et al., Simultaneous qualitative and quantitative analysis of the Escherichia 

coli proteome: a sweet tale. Mol Cell Proteomics, 2006. 5(4): p. 589-607. 

36. Silva, J.C., et al., Absolute quantification of proteins by LCMSE: a virtue of parallel MS 

acquisition. Molecular & Cellular Proteomics, 2006. 5(1): p. 144-56. 

37. Geromanos, S.J., et al., The detection, correlation, and comparison of peptide precursor 

and product ions from data independent LC-MS with data dependant LC-MS/MS. 

Proteomics, 2009. 9(6): p. 1683-95. 

38. Li, G.Z., et al., Database searching and accounting of multiplexed precursor and product 

ion spectra from the data independent analysis of simple and complex peptide mixtures. 

Proteomics, 2009. 9(6): p. 1696-719. 

39. Geromanos, S.J., et al., Simulating and validating proteomics data and search results. 

Proteomics, 2011. 11(6): p. 1189-211. 

40. Milac, T.I., T.W. Randolph, and P. Wang, Analyzing LC-MS/MS data by spectral count 

and ion abundance: two case studies. Stat Interface, 2012. 5(1): p. 75-87. 

41. Old, W.M., et al., Comparison of label-free methods for quantifying human proteins by 

shotgun proteomics. Molecular & Cellular Proteomics, 2005. 4(10): p. 1487-502. 

42. Schulze, W.X. and B. Usadel, Quantitation in mass-spectrometry-based proteomics. 

Annu Rev Plant Biol, 2010. 61: p. 491-516. 

43. Blackburn, K., et al., Improving protein and proteome coverage through data-

independent multiplexed peptide fragmentation. Journal of Proteome Research, 2010. 

9(7): p. 3621-37. 

44. Chacko, B.K., et al., Mitochondria-targeted ubiquinone (MitoQ) decreases ethanol-

dependent micro and macro hepatosteatosis. Hepatology, 2011. 54(1): p. 153-63. 

45. Ashburner, M., et al., Gene ontology: tool for the unification of biology. The Gene 

Ontology Consortium. Nat Genet, 2000. 25(1): p. 25-9. 

46. Kanehisa, M. and S. Goto, KEGG: kyoto encyclopedia of genes and genomes. Nucleic 

Acids Res, 2000. 28(1): p. 27-30. 

47. Distler, U., et al., Drift time-specific collision energies enable deep-coverage data-

independent acquisition proteomics. Nat Methods, 2013. 

48. Hoek, J.B., A. Cahill, and J.G. Pastorino, Alcohol and mitochondria: a dysfunctional 

relationship. Gastroenterology, 2002. 122(7): p. 2049-63. 

49. Thayer, W.S. and E. Rubin, Effects of chronic ethanol consumption on the respiratory 

chain of rat liver submitochondrial particles. Adv Exp Med Biol, 1980. 132: p. 385-92. 

50. Cunningham, C.C., W.B. Coleman, and P.I. Spach, The effects of chronic ethanol 

consumption on hepatic mitochondrial energy metabolism. Alcohol Alcohol, 1990. 25(2-

3): p. 127-36. 

51. Coleman, W.B. and C.C. Cunningham, Effects of chronic ethanol consumption on the 

synthesis of polypeptides encoded by the hepatic mitochondrial genome. Biochim 

Biophys Acta, 1990. 1019(2): p. 142-50. 

52. Bansal, S., et al., Additive effects of mitochondrion-targeted cytochrome CYP2E1 and 

alcohol toxicity on cytochrome c oxidase function and stability of respirosome complexes. 

J Biol Chem, 2012. 287(19): p. 15284-97. 

 



59 

 

 

 

Chapter 4 

 

 

Label-free quantitative proteome profiling of liver mitochondria unravels metabolic impact 

of mitochondria-targeted ubiquinone (MitoQ) under conditions of chronic ethanol 

consumption 

 

 

 

Shin-Cheng Tzeng
1
, Balu Chacko

2
; Michelle Johnson

2
, Victor Darley-Usmar

2
 and  

Claudia S. Maier
1
 

 

1
Department of Chemistry, Oregon State University, Corvallis, OR; 

2
Department of 

Pathology, University of Alabama at Birmingham, Birmingham, AL 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

*Manuscript in preparation for submission to Molecular and Cellular Proteomics 



60 

 

 

 

Abstract  

 

Alcoholic liver disease (ALD) continues to be one of the major public health problems in the 

United States and worldwide. No effective treatment has become available to date. Studies have 

shown links between mitochondrial dysfunction and ethanol-induce liver injury, but the 

underlying mechanisms at the molecular level still need to be uncovered. In 2011, Chacko and 

colleagues suggested that the mitochondria-targeted ubiquinone, MitoQ, has potential as 

therapeutic agent for treating early alcoholic liver disease or steatosis. To unravel the protective 

effect of MitoQ on ALD, we integrated label-free quantitative analysis with bioinformatics 

resources to profile alteration of the mitochondrial proteome. Careful execution of sample 

preparation workflows and mass spectrometry-based label-free analyses resulted in a quantitative 

proteome datasets of high quality and with low technical variation. The utilization of systems 

biology tools combined with quantitative categorization strategy enabled full use of the 

informative proteomics data and provided guidance for dissecting the metabolic networks in 

mitochondria. Collectively, our results suggest that MitoQ up-regulates fatty acid transportation 

to counteract lipid accumulation in the fatty liver. Consistent with this finding downstream 

pathways, such as TCA cycle and oxidative phosphorylation, were also found to be up-regulated. 
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Introduction 

 

Chronic alcohol consumption leads to an array of metabolic imbalances and liver injuries 

through oxidative stress, altered immunity, proteasome dysfunction, altered methionine 

metabolism, nutritional abnormalities and mitochondrial dysfunction [1]. The mitochondrion is 

considered a target of alcohol-induced oxidative stress due to its role in energy production and 

involvement in the generation of reactive oxygen species (ROS). The alcohol-dependent 

mitochondrial dysfunction has been associated with mtDNA damage, protein adduction and 

impaired respiratory chain complexes activity. 

Early ALD patients experience fat accumulation in the liver, called steatosis. The progression 

from steatosis to steatohepatitis (SH, an inflamed state of hepatosteatosis) is thought to be the 

critical transition for advancing to irreversible liver damage including fibrosis, cirrhosis and liver 

cancer [2]. However, to this date there is no effective therapeutic strategy to treat steatosis, to 

reverse and/or to prevent steatosis from advancing to further stages of ALD.  

One of the reasons is that there are multiple factors contributing to the development of ALD, 

including  gender, polymorphisms of alcohol-metabolizing enzymes, immunologic factors, 

exposures to other substances/drugs, hepatic viral infections, nutritional deficiencies, obesity, 

etc. [3]. Another reason may be the lack of a full understanding of the mechanistic changes at the 

molecular levels that underlay the pathophysiological changes associated with ALD.  

Mitochondria, mainly known as the cell’s powerhouse, are not only responsible for providing 

energy (ATP) for the cell, but also have several crucial functions, namely, the control of cell 

death following activation of intracellular signaling cascades or death receptor-mediated 

pathways [4]. Numerous studies have shown that chronic alcohol consumption impairs the 

complexes of the electron transport chain (except complex II) resulting in decreased rate and 

efficiency of ATP synthesis [5-10]. The inability of the mitochondrion to maintain sufficient 

levels of ATP might be at least in parts due to mtDNA damage causing inhibition of 

mitochondrial polypeptide synthesis [11] and ribosomal defects [12]. 

 

Further, these alterations in mitochondrial genome and proteome result in enhancement of 

ROS/RNS production. More and more evidence indicates a link between chronic alcoholic fatty 

liver disease and mitochondrial dysfunction. However, systematic studies of the molecular 
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mechanisms associated with ALD and the role of mitochondrial oxidative stress still require 

further investigation. 

 

Ethanol-induced oxidative stress has been suggested to play a major role in the development of 

ALD [13]. On this basis, antioxidant therapy was proposed to improve outcomes in ALD [1]. In 

animal studies, S-adenosylmethionine (SAM) showed promising hepatoprotective effect as it 

minimized inflammation, preserved mitochondrial respiration and liver SAM level [14]. N-

acetylcysteine (NAC) alleviated the severity of alcohol-related steatohepatitis, lipotoxicity, pro-

inflammatory and cytokine activation [15].   Despite positive results reported from multiple 

laboratories, the results of clinical trials evaluating antioxidants, including beta-carotene, vitamin 

A, vitamin C, and vitamin E or their combinations, have not been as successful as anticipated 

[16, 17].  

 

As described previously, mitochondrial dysfunction is closely involved in the progression of 

ALD. Targeting therapeutic antioxidants to mitochondria, the cellular center of metabolism and 

oxidant production, would be a reasonable approach. Compounds have been targeted at 

mitochondria by coupling to a triphenylphosphonium cation (TPP) moiety. TPP-conjugated 

compounds accumulate within mitochondria, a process driven by the membrane potential. A 

panel of compounds has been conjugated to TPP, including vitamin E [18], lipoic acid [19], 

plastoquinone [20] and quinone. One of the most studied antioxidant-TPP conjugates is MitoQ, 

an ubiquinone attached to TPP. MitoQ was designed by Michael P. Murphy and Robin A. J. 

Smith in the late 1990s (Fig. 1.2) [21]. MitoQ is adsorbed to the matrix surface of the inner 

membrane where it can be reduced to the antioxidant quinol form by complex II in the 

respiratory chain. Unlike ubiquinone, MitoQ cannot be oxidized by complex III, as a 

consequence, MitoQ accumulates in mitochondria in the reduced quinol form. When MitoQ is 

oxidized to the quinone form, it can be rapidly recycled back to its quinol form by complex II to 

restore its antioxidant efficacy [22].  

 

MitoQ has been tested in a range of in vivo studies in rats and mice and, so far, in two phase II 

human trials [23, 24]. It has also been reported that MitoQ can be safely introduced to patients of 

Parkinson’s disease (PD) for up to a year [24] and that these dosages are effective in lessening 
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liver damage in Hepatitis C patients [23]. Overall, these studies suggest that orally administered 

MitoQ and related mitochondria-targeted antioxidants may be applicable to a wide range of 

human pathologies that involve mitochondrial oxidative damage [25]. 

ALD is a complex disease that requires a systematic and multifaceted approach to dissect the 

mechanisms associated with organ dysfunction. Mechanistic knowledge is necessary to shed 

light on routes that potentially may lead to effective treatments. Proteomics as a discovery tool to 

reveal new targets and pathways that can potentially be exploit for developing new preventive 

strategies and treatments. The mitochondrion is the pivotal organelle linked to disease 

progression and to the development of ALD. In 2004, Venkatraman and colleagues utilized 2D-

PAGE and BN-PAGE approaches for studying alteration in the mitochondrial proteome in 

response to the ethanol-induced hepatotoxicity [26]. They identified dozens of proteins that were 

not previously reported to be affected by chronic ethanol consumption. Combining discovery 

proteomics with nonparametric analysis, Fernando and co-workers identified D-dopachrome 

tautomerase as a possible marker for early steatohepatitis induced by ethanol. They also 

suggested using a regulation pattern of a panel of potential markers for the detection of steatosis 

and progression to steatohepatitis [2].  

 

These early proteomics studies indicated that ethanol exposure had a broader global impact on 

mitochondria than previously suggested and that a systematic analysis of the global molecular 

changes would be necessary to advance our understanding of the mechanistic processes 

associated that lead to ALD. Obtaining a global understanding of the molecular changes 

associated with ethanol exposure and disease progression seemed difficult to be achievable with 

traditional biochemical approaches.  

 

MitoQ has been suggested as a potential therapeutic agent for steatosis [27]. Here, we employed 

an ion-intensity based LC-MS
E
 approach to assess the impact of MitoQ on the mitochondrial 

proteome in an animal model of ALD. 
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Materials and Methods 

 

MitoQ treatment of rats consuming ethanol with pair-fed controls 

Rat liver mitochondria were provided by Dr. Darley-Usmar’s laboratory. For details on diet and 

isolation of liver mitochondria please refer to Chacko et al. [27]. Briefly, adult male Sprague-

Dawley rats were pair-fed isocaloric Lieber-Decarli liquid diets containing 0 % or 36 % ethanol 

by caloric content for 4 weeks after both groups were fed with control diets for 7 days. With two 

doses of MitoQ (5 and 25 mg/kg/day) and dietary ethanol, there were three independent variables 

in this 2 X 3 factorial design. Liver tissues were harvested at the time of sacrifice. Mitochondria 

were prepared by differential centrifugation of liver homogenates using ice-cold mitochondria 

isolation medium containing 0.25 M sucrose, 1 mM EDTA and 5 mM Tris-HCl (pH 7.5). 

Protease inhibitors were added to the isolation buffer to prevent protein degradation.   

For protein digestion, ca. 100 µg of purified mitochondria from each group (n=4) was 

resuspended with 50 mM sodium phosphate buffer (pH 7.4) with additional 0.17 % of 

ProteaseMax. Protein concentration was measured by Coomassie Plus (Bradford) Protein Assay 

(Thermo, MA) and adjusted so that each sample had the same protein concentration. Fifty µg of 

protein from each normalized sample was dissolved in 100 mM ammonium bicarbonate buffer 

(pH 8.0) with 0.05 % ProteaseMax followed by reduction and alkylation. Sample was then 

digested with 1:50 ratio of trypsin at 37°C for 3 hours. Digestion was stopped by acidifying with 

0.1% formic acid. One µg of sample was injected and 3 analytical replicates were performed.  

 

Label-free data-independent LC-MS
E
 quantification 

LC-MS
E
 quantification of proteins was performed on a qTOF mass spectrometer (Synapt G2) 

(Waters, MA) equipped with NanoLockSpray ion source coupled to a NanoAcquity UPLC 

(Waters, MA). Samples were trapped onto a Waters Symmetry C18 trapping cartridge (0.3 x 10 

mm) and washed for 3 min using 3% acetonitrile containing 0.1% formic acid at a flow rate of 5 

μl/min. After trapping, peptides were separated on a BEH C18 column (100 μm x 15cm) 

(Waters, MA) at a flow rate of 500 nl/min using a linear gradient from 2–40 % B over 120 min 

(solvent A: 0.1% formic acid in water; solvent B: acetonitrile containing 0.1 % formic acid). The 

mass spectrometer was operated in V-mode at a resolution power of at least 9000 full width at 
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half height (FWHH). The electrospray ion source was operated in the positive ion mode with a 

spray voltage of 3.2 kV. 

For data acquisition, full scans (m/z 100-2000) were collected using the MS
E
 mode of acquisition 

which acquires alternating 1.0 s scans of low and elevated collision energy to generate intact 

peptide ion and product ion. Data were collected at a constant collision energy setting of 6 V 

during low-energy MS mode scans, whereas an energy ramping step from 27 to 50 V was used 

during the high-energy MS
E
 mode scans. 

MS
E
 raw data files were processed using ProteinLynx Global Server (PLGS, version 2.5.2) to 

reconstruct MS/MS spectra by combining all masses with identical retention times. Data sets 

were processed including deisotoping and deconvolution, and peak lists were generated on the 

basis of assigning precursor ions and fragments with similar retention times. The quantification 

for protein were based on average peak intensities of the top 3 peptide ions observed in low 

collision energy mode.  

Subsequently, each processed MS
E
 data set was searched against Uniprot 

(http://www.uniprot.org/, 02/12/14) Rattus Norvegicus database including common contaminants 

and reverse sequence (28,476 sequences; 13,906,781 residues) in PLGS with the following 

parameters: the taxonomy was limited to Rattus norvegicus, the digestion enzyme was set to 

trypsin, and two missed cleavage sites were allowed. Precursor and product ion tolerance set to 

automatic setting, minimum number of peptide matches set to 1, minimum number of product 

ion matches per peptide set to 3, minimum number of product ion matches per protein set to 7. 

Dynamic modifications included carbamidomethyl (+57.0513 Da) for Cys residues, deamidation 

for Asp and Gln (+ 0.9840 Da) and oxidation (+15.9994 Da) for Met. The False Discovery Rate 

(FDR) was based on the number of peptide matches in the forward versus randomized 

sequences. 

Protein abundance was normalized against total intensity in each run (assuming total intensity 

will be equal across samples with equal injected amount) and presented as percentage of total 

abundance. 

 

Re-processing of LC-MS
E
 data using ISOquant 

A non-vendor developed software, ISOquant [28], was used for post-identification data 

reprocessing to achieve reproducible run-to-run protein identification.  

http://www.uniprot.org/
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Functional pathway analysis and bioinformatic resources 

Each of the proteins quantified in our dataset was assigned to a unique quantitative category 

based on the abundance change between the two groups that were compared. Five quantitative 

categories were defined and pathway analysis was performed for each category. DAVID 

Bioinformatics Resources (version 6.7) [31] was used to obtain Kyoto Encyclopedia of Genes 

and Genomes (KEGG) [30] pathways and corresponding p-values for significance. Followed by 

log transformation of the p-values and z-scores, significance levels of enriched pathways in each 

category were visualized in a heat map. Data matrix handling and heat map visualization were 

performed with Perseus software [29]. Protein annotation information were obtained from Kyoto 

Encyclopedia of Genes and Genomes (KEGG) [30], DAVID Bioinformatics Resources (version 

6.7) [31], Uniprot and Pubmed searches. 

 

 

Figure 4.1. Experimental design and workflow 
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Figure 4.1. Experimental design and workflow (Continued) 

To study the therapeutic effect of MitoQ on ALD in a rodent model of ALD, a 2 x 3 

factorial design with 3 independent variables (dietary alcohol, low and high dose MitoQ) 

was utilized. Liver mitochondria were isolated, lyzed and tryptic digested prior to LC-MS
E
 

label-free quantitative analysis. A total of 24 samples from 6 groups (1 control, 5 

experimental groups) were quantitatively analyzed by LC-MS
E
 in triplicate. The 

mitochondrial proteome profiling datasets were then complied using bioinformatics 

resources and knowledge bases to unravel enriched pathways and metabolic impact of 

dietary alcohol and MitoQ.  (C = control, ML =low dose control, MH = high dose control, 

CE = ethanol, MLE = ethanol + low dose MitoQ, MHE = ethanol + high dose MitoQ) 
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Result and discussion 

Alcoholic liver disease (ALD) is a serious public health issue. Therapeutic strategies are needed 

to stop progression of the early stages of the disease (hepatic steatosis, fatty liver) to the 

irreversible stages of ALD. Studies have shown that ethanol toxicity is associated with 

mitochondrial dysfunction. However, owing to the complexity of ALD, mechanistic changes at 

the molecular level that underlay the pathophysiological changes associated with ALD are still 

largely unclear. Here we employed a systematic approach integrating label-free LC-MS
E
 

quantification, bioinformatics and knowledge databases to study the effects of mitochondria-

targeted antioxidant, MitoQ, on liver mitochondria using an ALD animal model. 

Brief overview of the liver mitochondrial proteome 

To study the therapeutic effect of MitoQ on ALD, we used a 2 x 3 factorial design with 3 

independent variables (dietary alcohol, low and high dose MitoQ) in a rodent model of ALD. 

Liver mitochondria were isolated, lyzed and tryptic digested prior to LC-MS
E
 label-free 

quantitative analysis. A total of 24 samples from 6 groups (1 control, 5 experimental groups) 

were quantitatively analyzed by LC-MS
E
 in triplicate. A total of 317 proteins (referred as Mito24 

in this manuscript) were identified and quantified with 1% false discovery rate (FDR). Among 

them, 253 were mitochondria-bound according to Gene Ontology database (157) and knowledge 

base searches (96) (Fig. 4.2A). Assuming injection of equal protein amounts, protein abundance 

was normalized against total intensity in each sample and presented as percentage of total 

abundance. Carbamoyl phosphate synthase (Cps1) was the most abundant protein (~12%). Other 

abundant proteins were listed in Figure 4.2A. The 10 most abundant proteins contribute to ~33% 

abundance of the mitochondrial proteome, while 90% of the proteins have abundance lower than 

0.66%. The minimum detected abundance of protein was 0.012% (equal to ~0.3 pg or 10 amol 

for a 30 kDa protein).  

The fact that nearly 80% of identified proteins were of mitochondrial origin showed high purity 

of our mitochondria preparations. Proper sample preparation ensured reliable data and 

streamlined further interpretation. However, the one-sided distribution of protein abundance in 

our current dataset where a few abundant proteins make up a significant portion of the sample 

posed an analytical challenge and hampered the detection and identification of low abundant 

proteins [32].   
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Another obstacle related to proteomics or other OMICs study is the high proportion of missing 

values present in the dataset that hinders further statistical analysis. We and others have 

encountered high numbers of missing values owing to the somewhat low reproducibility of the 

LC-MS
E 

method utilized in this study. To address this issue, a non-vendor developed software, 

ISOquant, was introduced recently, which enables reprocessing of LC-MS
E
 data to achieve 

reproducible protein identification by cross-referencing quantitative features across all LC-MS
E
 

runs in a dataset [28]. 

We then examined the proteome coverage of our protein inventory by comparing it with 

knowledge bases (Fig. 4.2B). The most comprehensive mitochondrial proteome up to date is the 

“MitoCarta”, which is a compendium containing 1098 genes and their protein expression across 

14 tissues from mouse [33]. Comparing our Mito24 data set with the 699 proteins expressed in 

liver according to MitoCarta, 183 of 699 proteins (26%) were identified in the Mito24 (data not 

shown). For more relevant comparison, we obtained a list of mitochondrion-related proteins from 

rat based on the cellular compartment information curated in the Gene Ontology database (GO). 

A similar portion of mitochondrial proteins was revealed by comparison with the GO inventory. 

The underrepresented proteome may be due to bias occurring during sample preparation, such as 

incomplete extraction of membrane proteins and the incompatibility of the current LC-MS
E 

method to detect low abundant proteins that are below the detection limit of current method.      
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Figure 4.2. Profiling of the liver mitochondrial proteome and distribution of protein 

abundance of all 317 proteins identified (Mito24).  

(A) Heatmap visualization of abundance of the 317 proteins identified in the dataset that 

we named “Mito24” and which was generated by using LC-MS
E
 quantification. Rows from 

top to bottom are the 317 proteins and the columns represent the 24 samples from the 6 

groups (from left to right: C, ML, MH, CE, MLE and MHE). Individual protein 

abundance was calculated as relative percent against total protein amount in the sample. A 

3-color scheme is used with red is the highest followed by green and black representing the 

lowest-abundance proteins. Gray was used for missing values.  

(B) The Venn diagram shows that 157 of the 317 proteins that were annotated by Gene 

Ontology database (GO) as mitochondrial proteins. With additional 96 proteins confirmed 

by literature search, more than 80% (253 of 317) were mitochondria-related. The 

distribution of abundance of the proteins from the Mito24 dataset (blue column) and GO-

confirmed mitochondrial proteins (red column) are shown in the histogram.  
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Variation of LC-MS
E
 quantitative analysis: technical and biological 

Maintaining consistency and precision throughout the entire analysis period are critical for valid 

and successful label-free quantification [34]. Steps such as sample preparation, LC injection, 

spray stability, and external and internal parameters of the mass spectrometer all need to be 

optimized to achieve the most accurate outcome. Our dataset consisted of 6 groups, each group 

had 4 biological replicates and each sample was injected 3 times for a triplicate analysis. A total 

of 72 LC-MS
E
 runs were performed. The variances of technical replicates as well as the 

variances of the biological replicates are shown in Figure 4.3. Overall, the median coefficient of 

variance (CV) among repeated injections was 7.2% with most (83%) of them lower than 5%. In 

comparison, the median CV for biological replicates was 19.5% (Fig. 4.3). The low variance 

across technical runs indicated the robustness of our method and the reliability of our dataset.   
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Figure 4.3. Quantitative variation of protein quantifications from technical injections and 

biological replicates  

Variations of technical replicates (n = 3, upper panel) and biological replicates (n = 4, lower 

panel) are shown in the box plot. The technical variations were obtained from the triplicate 

LC-MS injection of each sample (total 24 samples). The variation of biological replicates 

was determined from the 4 animals in each group (total 6 groups).  

Technical replicate 
7.2 % median CV 

Biological replicate 
19.5 % median CV 

6 groups

24 animals

C
V

C
V
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Differentially expressed proteins in response to dietary ethanol 

To assess the effect of dietary ethanol, we calculated the fold changes of  the 5 experimental 

groups against control and t-test was performed. Changes of protein level due to ethanol diet 

were calculated as ethanol over control (CE/C) (Fig. BS1). Nineteen and forty-eight proteins 

showed up- and down-regulation with more than 1.5 folds, respectively, and 9 up-regulated and 

21 down-regulated proteins were found to be significant (p<0.05). Among those, carbonic 

anhydrase III (Ca3) showed significant down-regulation (-2.8 fold) in the ethanol-fed group. 

Ca3, a member of the carbonic anhydrase family, has been suggested to protect cells from 

hydrogen peroxide-induced apoptosis via scavenging of reactive radicals [35]. Other studies 

using 2D-PAGE and Western blot analysis have also reported similar down-regulation of Ca3 

under influence of ethanol [36, 37]. Similarly, betaine homocysteine S methyltransferase 1 

(Bhmt) which was found as being up-regulated in the previous gel-based studies was also 

determined as being up-regulated (+1.2 fold) in the current study. Bhmt is involved in the 

regulation of homocysteine metabolism and catalyzes the conversion of betaine and 

homocysteine to dimethylglycine and methionine. Further comparison with the in parallel 

performed Western blot analyses of several proteins on the same mitochondrial samples [27] also 

revealed that our result was consistent with the gel-based approach (data not shown).  

 

Enriched functional pathways in response to dietary ethanol and MitoQ 

The information-rich nature of the proteomics data allowed us to conduct an integrated analysis 

at the system level. In order to obtain more comprehensive understanding of our data, we then 

performed pathways analysis as a systematic approach to depict the alteration of the 

mitochondrial proteome in response to ethanol-induced hepatotoxicity. The protein fold change 

distribution was grouped into five categories: up-top (85-100%), up (70-85%), equal (30-70%), 

down (15-30%) and down-low (0-15%) (Fig. 4.4A). Each category was separately analyzed for 

enriched KEGG pathways with corresponding p-values. The result was hierarchically clustered 

based on p-values and illustrated as heatmap (Fig. 4.4B). Notably, the pathway analysis of our 

data sets underscored that oxidative phosphorylation (OXPHOS) was severely impaired by 

ethanol in accord with previous studies [6, 8, 14, 27]. Indeed, most of the OXPHOS proteins 

(except for complex II) were highly down-regulated. Similarly, but to a lesser extent, down-

regulation was also observed in other metabolic pathways such as drug and xenobiotics 
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metabolism, ascorbate and aldarate metabolism, steroid hormone biosynthesis, and pentose and 

glucuronate interconversions (and glyoxylate and dicarboxylate metabolism). Conversely, 

synthesis and degradation of ketone bodies was revealed with up-regulation. A slight shift 

toward up-regulation was also observed in butanoate metabolism, pyruvate metabolism, certain 

amino acid metabolism (not including His, Ala, Asp, Glu), TCA cycle, 

glycolysis/gluconeogenesis, and surprisingly, fatty acid metabolism. Eminently, this system-wide 

map of enriched pathways/functions not only highlighted the distinct metabolic signature of 

mitochondria, but also directly linked to our five quantitative categories.  
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Figure 4.4. Quantitative categories and enriched functional pathways in response to dietary 

ethanol.
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Figure 4.4. Quantitative categories and enriched functional pathways in response to dietary 

ethanol. (Continued)  

(A) To show the effect of ethanol consumption on the mitochondrial proteome, protein 

abundance changes were calculated as ratio of ethanol group over control group (CE/C). 

Distribution of ratios is shown in the histogram. Five quantitative categories were defined 

based on CE/C ratios. Upper categories depicted up-regulated proteins and proteins of 

lower categories were down-regulated as a consequence of ethanol consumption. (B) 

Examples of two functional pathways and the distribution of associated proteins in each 

quantitative category (termed protein count) were shown. The majority of oxidative 

phosphorylation (OXPHOS) associated proteins fell in the lower categories whereas the 

fatty acid metabolism related proteins mainly remained unchanged. (C) Pathway analyses 

were performed based on each quantitative category. The significance levels of the 

enriched pathways in each category are visualized in the heatmap: red, more significant 

pathways/function and green, pathways/function with lower significance. In the heatmap, 

the OXPHOS pathway showed high significance in the Down-low category and the fatty 

acid metabolism pathway was enriched in the Eq category. This has indicated the 

distribution of protein category in each pathway correlated to the significance. The detail 

of data visualization workflow was described in the Method section. 

 

Subsequently, the same quantitative categorization strategies in conjunction with the pathway 

analysis were applied to assess the effect of MitoQ using the ratio of low dose MitoQ (MLE) and 

high dose MitoQ (MHE) against ethanol-fed group (CE). Low dose MitoQ (fig. 4.5A) shifted 

pathways such as xenobiotics metabolism (including P450) and primary bile acid synthesis 

toward up-regulated categories. In contrast, high dose MitoQ treatment (fig.4.5B) caused an 

opposite effect on those pathways. In addition, TCA cycle and several metabolism pathways 

(fatty acid, amino acid) were slightly up-regulated with high dose MitoQ.  

Statistical tests facilitate finding of significantly regulated proteins due to perturbation. However, 

the biological process is a complex network and in many cases, changes are subtle, systematical, 

interconnected and may not be revealed by comparing each component individually. As 

demonstrated by Kirkwood et al. in a metabolomics study of anti-obesity mechanisms by 

xanthohumol [38], they used Fisher’s grouping analysis to reveal significant changes in global 
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and subgroup that were not observed from a Student’s T-test. Similarly, using pathway analysis 

of each quantitatively defined subgroup, we had the advantage of incorporating all components 

(quantified proteins) in the network (mitochondria) to achieve comprehensive interpretation. 

Guided by this approach, several metabolic pathways in mitochondria were highlighted. 

Quantitative information obtained from the label-free quantification were compiled and 

integrated to pathways shown in Figure 4.4 and 4.5. 

 

Figure 4.5. Heatmap of enriched functional pathways with (A) low and (B) high dose of 

MitoQ treatment combined with chronic ethanol consumption. 
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Figure 4.5. Heatmap of enriched functional pathways with (A) low and (B) high dose of 

MitoQ treatment combined with chronic ethanol consumption. (Continued) 

The same quantitative categorization was defined for assessing the effect of low dose MitoQ 

(MLE/CE) and high dose MitoQ (MHE/CE).  Pathway analysis of each category was 

performed. Significance of enriched pathways in each category is visualized in the heatmap 

with red representing pathways/functions with more significance and green representing 

pathways/functions with lower significance. Gray color indicates pathways that were not 

enriched. 

 

 Highlighted metabolic pathways  

Effect of ethanol and MitoQ on OXPHOS complex proteins 

All identified OXPHOS complex proteins were listed according to each complex and color-

coded based on CE/C ratio (ethanol effect). To reveal abundance changes due to the 

administration of MitoQ, fold changes of abundance were calculated as MLE/CE (effect of low 

dose) and MHE/CE (effect of high dose). Consumption of ethanol severely decreased protein 

levels of constituents of the OXPHOS complexes except for complex II (overall fold change = -

1.6) (Fig. 4.6). Impact of pathways and/or functions associated with the OXPHOS complexes  is 

the most prominent ethanol-induced mitochondrial dysfunction and is well documented [6, 8, 14, 

27]. The effect of low dose MitoQ showed varied effects (Fig.4.6), but in general resulted in 

down-regulation (overall fold change = -0.3). In contrast, high dose MitoQ resulted in up-

regulated OXPHOS proteins (overall fold change = 0.8). This suggested that MitoQ, in high 

dose, may prevent oxidative insult caused by ethanol indigestion and restore the abundance of 

OXPHOS proteins.      
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Figure 4.6. Changes of protein abundance in response to ethanol and MitoQ in OXPHOS 

complexes 

Identified OXPHOS complex proteins are listed according to each complex and color-

coded based on CE/C ratio (alcohol effect). To reveal abundance changes due to 

administration of MitoQ, fold changes of abundance were calculated as MLE/CE (effect of 

low dose) and MHE/CE (effect of high dose). Average fold changes of the protein levels in 

response to ethanol, low dose and high dose MitoQ in each complex as well as overall are 

shown in the inserted table. 
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To examine whether protein level and activity were correlated to the OXPHOS complexes, we 

compared measured activities [27] and abundance measurement of the complexes obtained from 

the same mitochondrial samples but conducted in different laboratories and at a different times 

(Fig. 4.7). Comparison of activity and abundance results showed high concordance between the 

two measurements. High dose MitoQ up-regulated OXPHOS proteins abundance and activity 

(less obvious in activity) while low dose showed opposite effect. This trend was observed in both 

with and without ethanol diet (independent with ethanol). 

 

 

Figure 4.7. Concordance between respiration chain activity and abundance of OXPHOS 

complexes constituents (proteins). 

OXPHOS complex activities (Chacko et al., 2011) were compared with the protein 

abundance estimates obtained in the current LC-MS analysis. Ratios (log converted) were 

calculated using control as reference. Activities of complex I to V are shown on the left 

while ratios of each protein from OXPHOS complexes are shown on the right.   
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Figure 4.8 (A, B). Highlighted pathways with highly-regulated proteins with MitoQ 

treatment (A) Acyl-CoA synthase (ACS) and carnitine shuttle, and (B) Ketogenesis. 

Proteins were placed in each metabolic pathway and color-coded for alcohol effect (CE/C). 

The regulation of protein expression levels in response to low and high dose MitoQ are 

denoted as fold changes in the blue (low dose) and orange (high dose) solid circle, 

respectively. Only fold changes larger than |1.2| are shown. Average fold changes of protein 

levels in response to ethanol, low dose and high dose MitoQ are shown in the inserted 

tables.  
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Ethanol diet had mixed effects on the two pathways. As shown in figure 4.8A, all 5 ACSs as well 

as the proteins involved in carnitine shuttle were determined as up-regulated in response to high 

dose MitoQ. Conversely, proteins involved in ketogenesis responded to MitoQ in a distinct dose-

dependent manner. The most prominent case is Hmgcs1. While high dose down-regulated the 

protein 9.1 fold, low dose brought it up 1.5 fold (Fig. 4.8B). This suggested that MitoQ may 

activate ACSs and the carnitine shuttle for processing and transporting excessive fatty acids 

induced by ethanol diet into mitochondria. As a result, we may further speculate, that the 

activation of the ACSs and of the carnitine shuttle balances the perturbed energetic metabolism, 

and in turn, decreases the ethanol-dependent hepatosteatosis.  

The immuno-staining analysis of the same mitochondrial samples conducted by Chacko et al. 

[27] showed that high dose MitoQ did not demonstrate complete protection of microsteatosis 

compared to low dose MitoQ. As observed in the current study, Hmgcs1 showed opposite 

response to low and high dose of MitoQ. This indicated that the ketogenesis pathway and related 

proteins including Hmgcs1 may be associated with a liver protective effect of MitoQ as 

suggested by Chacko and colleagues [27].      
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Figure 4.8 (C). Highlighted pathways with highly-regulated proteins with MitoQ treatment 

(C) TCA cycle. 

Most of the components related to the TCA cycle were identified and determined to be 

slightly up-regulated with MitoQ treatment. 

 

(C) 
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Taken together, we illustrated metabolic impact of MitoQ on liver mitochondria from animals 

under chronic ethanol consumption (Fig. 4.10). Chronic ethanol indigestion induced steatosis (or 

fatty liver) is a pathophysiological condition that leads to the accumulation of lipid in the liver   

from consuming excessive alcohol [39]. Our quantitative proteomics screen suggests that MitoQ 

up-regulates proteins involved in fatty acid transport, TCA cycle, respiratory chain and ATP 

transport, while no effect on proteins involved in beta-oxidation was observed. Interestingly, 

proteins involved in  ketogenesis showed varied responses to low and high dose of MitoQ. 

Hydroxymethylglutaryl CoA synthase 1, cytoplasmic (Hmgcs1) was 1.5 fold up-regulated by 

low dose MitoQ, but its level was diminished by high dose MitoQ (9.1 fold down-regulated). 

Aligned with immunohistological evidence that low dose and high dose MitoQ showed different 

degree of protecting liver from steatosis [27], our finding suggested that Hmgsc1 and ketogenesis 

may be involved in early stages of ALD development and progression.  

 

 

Figure 4.10. Schematic representation of the impact of MitoQ on metabolic pathways 

related to the mitochondrion that may explain its liver protective effects.  
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Figure 4.10. Schematic representation of the impact of MitoQ on metabolic pathways 

related to the mitochondrion that may explain its liver protective effects. (Continued) 

In order to counteract accumulation of lipid due to consuming excessive alcohol, MitoQ up-

regulates proteins involved in fatty acid transport, TCA cycle, respiratory chain and ATP 

transport, while no effect was observed for proteins involved in beta-oxidation.  Proteins 

related to ketogenesis showed varied responses to low and high dose of MitoQ.  

   

To our knowledge, the current study of using MS-based quantitative proteomics to unravel 

impact of MitoQ in mitochondria in response to dietary alcohol is unprecedented. The robustness 

of our result was reflected by the high reproducibility of our protein identifications and low 

variation that was observed for the protein abundance estimates.  

To fully utilize the information-rich data generated by the quantitative shotgun LC-MS 

workflow, we combined pathway analysis with quantitative information to facilitate assessment 

of specifically enriched pathways affected by ethanol and MitoQ treatment. Overall our 

quantitative proteomics screen indicates that MitoQ restores multiple metabolic pathways that 

were affected by chronic alcohol indigestion and associated hepatotoxicity.   

Although the label-free LC-MS strategy has proven to be robust, it is not without limitations. 

The proteome coverage of our Mito24 data set covers only a fraction of the most complete 

mitochondrial proteome that was constructed based on multiple inventories using different 

approaches in several tissues. The tremendous dynamic range of protein levels in a biological 

sample still poses challenges to achieve the goal of unraveling the complete proteomes [40]. In 

addition, protein post-translational modifications (PTMs) often govern the function, structure and 

turnover of the proteins [41]. Quantitative proteomics approaches can now routinely determine 

protein abundance estimates via isotopic labeling or label-free approaches [42]. However, 

quantification of PTMs is still a daunting task [43]. As an example, protein acetylation is more 

widespread than previously expected. Studies have shown that alcohol-induced protein 

hyperacetylation may play a critical role in the pathogenesis of alcoholic liver diseases [44-46]. 

In 2012, Galligan and colleagues utilized hydrazide chemistry to identify protein modifications 

by lipid-derived reactive aldehydes, namely 4-hydroxynonenal (4-HNE), 4-oxononenal (4-ONE), 

and acrolein (ACR) [47]. Combined with 2D-LC-MS/MS analysis, they identified 414 protein 

targets and associated pathways. Their findings suggest that aldehyde adduction may impact the 
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development of ALD. To gain a full scope of the proteome, novel strategies for PTM 

enrichment, identification and quantification are active areas of research and method 

developmental efforts.  

In systems biology, we rely on accurate information of each component (genes, proteins etc.) to 

construct the biological networks that are operative in every living cell [48]. The current 

knowledgebase regarding protein function, location, tissue/organ specificity, associated pathway 

and post-translational modifications are not comprehensive and constantly changing due to 

newly available information. The outdated, inaccurate or lack of information one acquired may 

result in inaccurate outputs (networks, pathways) and mislead interpretations. As up to date, 

serious caution still needs to be taken when using systems biology approach for data analysis and 

for the interpretation of pathways or networks [49] and extrapolating biological meaning. 

 

Conclusion  

In this study, we integrated a label-free quantitative mass spectrometry-based method, 

bioinformatics tools and knowledge databases to investigate the effects of MitoQ, a 

mitochondria-targeted ubiquinone, on liver mitochondria from ethanol-fed animals. Our 

mitochondrial proteome profiling study was robust as we quantified 317 proteins from rat liver 

mitochondria with high precision. By applying systems biology approaches, such as enriched 

pathway analysis, with quantitative information obtained from MS, we observed distinct 

phenotypes of the different protein quantiles in response to dietary ethanol and MitoQ (applied at 

two different dose regimes, low (5 mg/kg/day) and high (25 mg/kg/day) dose). Using pathway 

phenotyping as a guide, we then highlighted several metabolic pathways and related proteins, 

including acyl-CoA synthases and carnitine shuttle, ketogenesis, TCA cycle and oxidative 

phosphorylation, to construct a MitoQ-responsive metabolic network that suggest a role of the 

mitochondrion in MitoQ-facilitated liver protection against ALD. 
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Chapter 5 

 

A label-free quantitative approach assisted by affinity enrichment for elucidating the 

chemical reactivity of the liver mitochondrial proteome toward adduction by the lipid 

electrophile 4-hydroxy-2-nonenal (HNE) 
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Abstract  

 

The recent technological advancements in modern mass spectrometry have revolutionized the 

field of proteomics and made identification of a large number of proteins in biological samples 

become a routine practice. However, proteomic applications, specifically biomarker discovery 

studies, are tempered by the enormous molecular complexity and the dynamic nature of 

proteomes and have not yet met the early expectation to transform clinical diagnostics. 

In this study, we combine a LC-MS label-free quantification method and affinity enrichment to 

assess the dose-dependent insult by 4-hydroxy-2-nonenal (HNE) on the proteome of rat liver 

mitochondria. We used a carbonyl-selective probe, the ARP probe, to label HNE-protein adducts 

and to perform affinity capture at the protein level. Using LC-MS to obtain protein abundance 

estimates, a list of protein targets was obtained which increased with increasing concentration of 

HNE used in the exposure studies. In parallel, affinity capture at the peptide level was performed 

to acquire site-specific information. Examining the concentration-dependence of the protein 

modifications, we observed distinct reactivity profiles for HNE-protein adduction. Our sub-

proteome strategy generated a list of proteins that showed concentration-dependent response as 

well as known modification sites. Overall, this study provides a glimpse of the reactivity of the 

liver mitochondrial proteome towards HNE and allowed speculation on potential functional 

consequences of HNE adduction based on pathway enrichment analyses. The list of putative 

protein targets of HNE adduction may serve as lead for further validation using Western blotting 

or targeted LC-MS methods. 
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Introduction 

The decoding of the human genome sequence has provided all the transcripts that were need to 

provide a blueprint for its translation to proteins. The completion of the human genome project 

(HGP) in 2003 enabled us to predict the complete repertoire of proteins.  The HGP also inspired 

new research directions in the biomedical and biological sciences as well as promoted the 

development of new technologies to assist in the annotation of the human genome. New high 

throughput techniques were born out of the need to verify and to functionally annotate the 

genome. Mass spectrometry (MS)-based shotgun proteomics approach was one of technologies 

that was inspired by the HGP [1]. During the past decade, proteomic studies have been propelled 

by the advancement of modern mass spectrometers and related techniques. Hundreds and up to 

several thousands of proteins can now be detected and identified from biological samples in a 

single LC-MS analysis routinely [2].  

 

MS-based proteomics has made huge progress in advancing discovery-oriented research. 

However, in order to apply MS-based proteomics to the translational sciences, in particular to 

clinical applications, a gap needs to be filled between the discovery phase and the quantitative 

validation phase [3]. One of the critical obstacles that need to be addressed is the limited 

suitability of MS-based proteomics methods for delivering reliably quantitative measurements of 

proteome constituents [4]. LC-MS-based quantitative proteomics achieves the quantification goal 

with several different approaches: either by introducing stable isotopes to proteins metabolically, 

chemically or enzymatically, or by comparing protein abundance among samples without any 

labeling (label-free) [5, 6]. Isotopic labeling approaches are considered more accurate and 

consistent but usually have much less depth of coverage than label-free methods. The recently 

emerging label-free methods have gained more and more attention due to their abilities to 

provide superior proteome coverage and ease of implementation in study designs.     

 

However, the aforementioned labeling or label-free quantitative approaches have a common 

limitation: those approaches are usually only able to detect relative high abundant proteins. In 

other word, the dynamic range of current LC-MS based proteomics methods are well behind the 

concentration span of any proteome which easily reach more than ten orders of magnitude [7]. 

To address this issue, studies focused on certain types of proteins or subgroups within the whole 
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proteome have emerged. The so-called “sub-proteome” studies are usually assisted by specific 

affinity enrichment procedures. For example, phosphorylated proteins can be enriched by 

titanium oxide [8]. The affinity enrichment strategies not only can drastically reduce complexity 

of the proteome but also enriched protein abundance to a detectable level for those low abundant 

proteins that would otherwise be undetectable.        

 

The analysis of protein post-translational modifications (PTMs) is complicated by two major 

problems. First, many different proteins are modified by reactive intermediates in biological 

samples. Second, modified proteins only make up a small fraction of proteins present in a cell or 

tissue proteome. Thus, both the relatively low stoichiometry of protein modification and 

diversity of protein targets lead to an analytical challenge [9].  

 

The bottom-up proteomics approach is an analytical strategy in which complex protein mixture 

are first digested to peptides and then analyzed by LC-MS/MS to generate tandem mass 

spectrometry spectra. A database search of the MS/MS spectra assigns them to peptides and 

reassembly of the information indicates the proteins present in the original mixture. By applying 

efficient affinity capture tools on top of bottom-up approach address the issue that protein 

adducts only represent a small fraction and are difficult to be identified from the whole protein 

pool, and as a result, lead to significantly increase in sensitivity and specificity [10].  

 

Nearly 30 years ago, the α, β unsaturated aldehyde 4-hydroxy-2-nonenal (HNE) was identified as 

a major product of peroxidation of liver microsomal lipids and found to be toxic to cells [11]. 

HNE is generated during oxidation of ω-6 polyunsaturated fatty acids  which are abundant in 

phospholipids, the major constituents of biomembranes [12]. The reactivity of HNE is attributed 

to three functional groups: conjugated double bond, carbonyl group and hydroxyl group. HNE 

can react with proteins and cellular targets which lead to a variety of biological effects including: 

inhibition of protein and DNA synthesis, inactivation and stimulation of enzymes, resistance to 

proteolytic degradation and a tendency towards aggregation [13]. Adducts of HNE with varieties 

of biomolecules have been detected in various human tissue samples such as atherosclerotic 

lesions, Lewy bodies, the neurons of patients with Parkinson’s disease, renal cell carcinoma, 

tissue from Alzheimer patients and chronic liver diseases [14]. Proteins and peptides are primary 
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reactants for HNE and due to their abundance, proteins and peptides represent one of the most 

targeted groups of biomolecules. HNE reacts with proteins to form predominantly Michael-type 

adducts involving the nucleophilic side chains of cysteine, histidine and lysine residues [15]. 

 

Our group has introduced a biotin-tagged aldehyde reactive probe (ARP) approach [16, 17] that 

enables the selective derivatization and enrichment of aldehydic peptide adducts in complex 

biological matrices. The aldehyde functionality of Michael-type conjugates such as 4-

hydroxynonenal (HNE) adducts, is the target for ARP where it forms a C=N bond to yield a 

chemically stable biotinylated oxime derivative.  This conjugate derivative can be detected with 

both Western blots as well as by mass spectrometry [18]. 

 

HNE-protein adducts have been detected in liver tissues associated with various hepatic diseases 

and are believed to be a reliable biomarker of lipid peroxidation in liver injury [19]. Studies have 

shown that HNE level and protein adduction were elevated in liver mitochondria of animal 

models under ethanol exposure [20, 21]. Shotgun LC-MS methods have been used for profiling 

the  liver proteome in models under induced oxidative stress but these shotgun methods 

frequently fail to provide the site of HNE modifications [22]. Conversely, LC-MS approaches in 

line with affinity capture can capture adducts at the peptide level and pinpoint the actual sites of 

HNE modification [23]. Pinpointing the site of adduction is essential for understanding the 

molecular processes that lead to HNE toxicity.  

 

Here we exposed liver mitochondria to increasing concentrations of HNE (0 to 2000 µM) to 

mimic increasing stress status as if disease progressed. We performed affinity capture at the 

protein and peptide level and utilized label-free quantitative analysis to quantitatively evaluate 

the concentration-dependent increases in protein adducts. The purpose was to develop a 

quantitative, sensitive and easy-to-use strategy for depicting the sub-proteome susceptibility to 

HNE injury in the hepatic mitochondrion. We addressed technical obstacles related to affinity 

enrichment, assessed kinetics of HNE reactivity and correlated quantitative information from the 

two enrichment strategies to provide guides for future study. Overall, the current study portraits 

the disparate reactivity of the mitochondrial proteome of the liver to the biologically relevant 

electrophile, HNE.  
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Materials and methods 

 

Materials 

Sequencing grade modified trypsin and ProteaseMAX surfactant were purchased from Promega 

(Fitchburg, WI). Mass spectrometric grade acetonitrile and water were purchased from 

Honeywell (Morristown, NJ). 4-hydroxy-nonenal (4-HNE) and Aldehyde-reactive Probe (ARP, 

N-aminooxymethylcarbonyl-hydrazino D-biotin) were purchased from Caymen (Ann Arbor, 

MI). Precision Plus protein standard (Dual color) and TCEP (tris(2-carboxyethyl)phosphine) 

were purchased from BioRad (Hercules, CA). UltraLink-immobilized monomeric avidin, poly-

horseradish peroxidase (HRP)-NeutrAvidin conjugate and SuperSignal West Pico 

Chemiluminescent substrate were obtained from Pierce (Rockford, IL). Nitrocellulose membrane 

was obtained from Millipore (Bedford, MA). Magnetic streptavidin-coated T1 Dynabeads was 

obtained from Invitrogen (Carlsbad, CA).  

 

Rat liver mitochondrial samples 

Mitochondrial samples were provided by Dr. Darley-Usmar. The preparation procedure was 

described in [24]. Briefly, adult male Sprague-Dawley rats were fed with Lieber-Decarli liquid 

diets for 5 weeks. Liver tissues were harvested at the time of sacrifice. Mitochondria were 

prepared by differential centrifugation of liver homogenates using ice-cold mitochondria 

isolation medium containing 0.25 M sucrose, 1mM EDTA and 5 mM Tris-HCl (pH 7.5). 

Protease inhibitors were added to the isolation buffer to prevent protein degradation.   

 

HNE exposure of rat liver mitochondria samples 

For preparation of mitochondrial sample for HNE incubation and ARP labeling, 7.5 mg of liver 

mitochondrial samples were washed twice with 50mM sodium phosphate buffer (pH 7.4) 

followed by sonicating at 1 second pulse for 40 cycles using a probe sonicator in an ice box. 

Additional of final 1% of Triton X-100 detergent was added to the solution. Solution was equally 

divided into 6 portions for incubation with HNE. Different amounts of HNE stock solution were 

added to samples (except for the control group) to obtain the following final HNE concentrations 

in the solutions: 10, 50, 100, 500 and 2000 µM. Incubation was performed with gentle vortex at 

room temperature for 4 hour, followed by derivatization with 5 mM of ARP for 1 hr. Excess 
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reagents were removed by Centri-Sep gel-filtration spin column from Princeton Separations 

(Adelphia, NJ).  

 

SDS-PAGE and Western blotting analysis 

For gel electrophoresis, 2 µl of sample were add to 10 µl of sample buffer with 50 mM TCEP 

and incubated in a water bath held at 95 
o
C degree for 5 min. Samples were then resolved in a 4-

12 % gel following the protocol as described in [18]. The gel was then transferred to a nitro-

cellulose membrane (Millipore, MA) and proteins blotted at 0.15 A for 2 h. The membrane was 

blocked with 5% non-fat milk in TBS containing 0.1% v/v Tween-20 (TBS-T) overnight.  

For detection of ARP-labeled protein bands, the membranes were incubated with 20 ml of 

30ng/mL Poly-HRP-NeutrAvidin for 1 h. After washing the blots six times in TBS-T for 5 min 

each, the membranes were detected with SuperSignal WestPico chemiluminescent substrate and 

protein bands were visualized by exposing the membranes to an X-ray film.   

 

Enrichment of ARP labeled proteins using streptavidin magnetic beads    

Enrichment of ARP labeled samples was achieved by utilizing streptavidin magnetic T1 

Dynabeads following vendor’s instruction with modifications. Briefly, 100 µl of suspended 

beads were washed 3 times with phosphate buffer followed by adding 50 µg of sample and 

incubated with gentle vortex for 45 min. Beads was separated from unbounded sample on a 

magnetic stand and washed with phosphate buffer 3 times. To elute ARP-labeled 

proteins/peptides, 50 µl of 0.1% SDS was added to the beads and the suspension briefly 

incubated in a water bath at 90 °C.  Beads and solution were immediately separated using a 

magnetic stand, and the supernatant was carefully taken out. Part of the eluted protein samples 

were analyzed by SDS-PAGE and Western blotting. The rest of the samples were tryptic 

digested utilizing a filter-aided sample preparation method (FASP) [25] to remove the detergent 

for the subsequent LC-MS analyses.  

 

Peptide level enrichment of ARP-HNE peptide adducts   

Affinity enrichment was performed at the peptide level with UltraLink monomeric avidin resin. 

Samples were tryptic digested and utilized the FASP protocol [25] to remove trypsin and other 

large biomolecules. The digest was then added to a mini spin column packed with monomeric 
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avidin resin. After collecting the flow-through and extensive wash with 1 mL of 2x PBS (20 mM 

NaH2PO4, 300 mM NaCl) followed by an additional wash with 1.5 mL of 50 mM NH4HCO3 in 

20% CH3OH to remove non-labeled peptides. The column was then rinsed with 1 mL of MilliQ 

H2O before eluting the captured peptides from the avidin resin by 30% acetonitrile acidified with 

0.4% formic acid. The eluate was concentrated using vacuum centrifugation and stored at −20 °C 

before further analysis.  

 

Reference mitochondrial proteome  

A quantitative analysis of unexposed mitochondrial sample was carried out to obtained 

endogenous protein abundance as a reference point for comparison purpose. Briefly, fifty µg of 

original, unexposed mitochondria were tryptic digested using the FASP protocol [25] described 

previously followed by subsequent label-free quantification described in the following section. 

 

LC-MS-based quantitative analysis of enriched proteins 

LC-MS analysis of the peptide samples from protein level or peptide level enrichment was 

performed using a hybrid linear ion trap-Fourier transform ion cyclotron resonance mass 

spectrometer (LTQ-FT Ultra, Thermo Fisher) coupled to a NanoAcquity UPLC (Waters, MA) 

equipped with BEH C18 column (100 μm x 15cm) (Waters Corp.). A binary solvent system 

consisting of solvent A, 0.1 % aqueous formic acid, and solvent B, acetonitrile containing 0.1% 

formic acid was utilized. The sample (2 μl per injection) was automatically loaded onto a Waters 

Symmetry C18 trapping cartridge (0.3 x 10 mm) and washed for 3 min using 3% acetonitrile 

containing 0.1% formic acid at a flow rate of 5 μl per minute for concentration and desalting. 

After trapping, peptides were separated on the analytical column at a flow rate of 500 nl/min 

using the following gradient conditions: (1) 5 min in 97% solvent A for equilibration; (2) linear 

gradient to 40% solvent B over 25 min and holding at 40% solvent B for isocratic elution for 5 

min; (3) increasing the gradient to 90% solvent B and maintaining for 5min; and finally (4) 97% 

solvent A for the next 15 min for equilibrating the column. Column was maintained at 37°C 

during the run. Peptides were electrosprayed using a PicoView nanospray ion source (New 

Objective, MA). Spray voltage and capillary temperature during the gradient run were 

maintained at 3.2 kV and 180 °C. The mass spectrometer was operated in a data-dependent 

acquisition mode in which full MS scans from 350-2000 m/z were performed in the ICR cell 
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with the resolving power set to 100,000 mass (m/z 400) using the automatic gain control mode 

(AGC) of ion trapping. Parallel tandem mass spectrometry was performed in the linear ion trap 

mass analyzer on the five most abundant precursors detected in the ICR full MS scan. Peptide 

fragmentation was induced by collision-induced dissociation (CID) with helium as the target gas. 

The isolation width was set to 2.0-Th, 35% normalized collision energy with a 30 ms activation 

time, and an activation Q of 0.25 were utilized. The precursor ion that had been selected for CID 

was dynamically excluded from further MS/MS analysis for 60 seconds.  Data acquisition was 

operated with the Xcalibur (version 2.2) and Tune Plus (version 2.2) software. 

For protein identification and quantification, data were processed with Proteome Discoverer 

version 1.3 (ThermoFisher, MA) using default parameters. A Mascot search (version 2.3) against 

Uniprot (http://www.uniprot.org/, 05/12/13) Rattus norvegicus database including common 

contaminants (28,476 sequences; 13,906,781 residues) was launched from Proteome Discoverer 

with the following parameters: the digestion enzyme was set to trypsin and two missed cleavage 

sites were allowed. The precursor ion mass tolerance was set to 5 ppm, while fragment ion 

tolerance of 0.8 Da was used. Dynamic modifications included carbamidomethyl (+57.0214 Da) 

for Cys, deamidation for Asp and Gln (+ 0.9840 Da), and oxidation (+15.9994 Da) for Met.  

For protein quantification, we utilized the peak integration feature of the Proteome Discoverer 

1.3 software. For each identified protein, the average ion intensity of the 3 most intense peptides 

(Hi3 approach) was used for protein abundance. Scaffold version 3.0 (Proteome Software, OR) 

was used for comparative analysis.  

 

Gene Ontology, KEGG pathway analysis and hierarchical clustering  

Mitochondria-related proteins were confirmed by using Gene ontology database [26] in “cellular 

compartment” under Rattus norvegicus. The proteins identified from protein level enrichment 

were categorized into 3 groups based on their reactivity profiles. Enriched pathway analyses for 

each reactivity category were done separately. We used DAVID Bioinformatics Resources 

(version 6.7) [27] to obtained enriched Kyoto Encyclopedia of Genes and Genomes (KEGG) 

[28] pathways and a p-value for each pathway was obtained. For hierarchical clustering, p-values 

were first log transformed (x = -log10 [p-value]), and missing p-values in the categories were 

filled in using a p-value of 1. Finally, these x values were further transformed to z-score. The z-

scores were then clustered by one-way hierarchical clustering using “Euclidean distance” as 

http://www.uniprot.org/
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distance function and “Average Linkage Clustering” method. Handling of data matrix and heat 

map visualization were performed with Perseus software [29]. 

 

Figure 5.1. Experimental design and workflow of the study.  

To access the insult by HNE mitochondrial samples were exposed to HNE, captured, 

identified and quantified by implementing two complementary capture strategies: (A) at 

the protein level and (B) at the peptide level. 

Firstly, we used ARP probe to label HNE-protein adducts and performed affinity capture 

at the protein level. After trypsin digestion, samples were analyzed by label-free 

quantification approach to identify and quantify protein targets that increase with HNE 

concentration to obtain a preliminary target list. (B) To achieve affinity capture at the 

peptide level, tryptic digestion of samples were performed prior to enrich HNE adducted 

peptides. By this approach, another list of targets with site-specific information was 

provided. Those found in both lists were proteins that showed concentration-dependent 

response as well as known modification sites, and may be considered as biomarker 

candidates for monitoring and diagnostic purpose.  
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Result and Discussion 

 

This work attempts to present an analytical strategy for bridging the gap between discovery-

driven research and quantitative applications, such as needed for the validation of potential 

biomarkers to assist in the elucidation of disease mechanisms.  The label-free quantitative LC-

MS/MS approach in combination with capture/release strategies enables the identification and 

quantification of the reactive aldehyde-adducted protein pool in rat liver mitochondria. The study 

provides a curated and validated set of potential protein targets of reactive lipid peroxidation 

products that may serve as putative liver disease biomarkers for future quantitative studies using 

targeted proteomics strategies (e.g. MRM-based proteomics).  

 

SDS-PAGE and Western blot analysis of HNE-exposed mitochondrial proteome 

In order to determine the effects of various concentrations of HNE exposure on the 

mitochondrial proteome, we initially conducted a gel-based study to reveal the presence of HNE 

adducts in mitochondrial proteins using ARP labeling and Western blotting. Suspended rat 

mitochondria were lyzed and incubated with varied concentrations of 4-HNE. After labeling with 

ARP, excess reagent was removed by gel filtration. Samples were separated by SDS-PAGE and 

stained by Commassie blue and Western blotting using NeutrAvidin (Fig. 5.2A, 5.1B).  

The result of blue staining showed no visual difference of the protein bands with respect to 

intensity and pattern among 0 to 100 µM HNE incubations. However, with higher concentration 

of HNE (500 µM) treatment, the intensities of protein bands were slightly reduced, while the 

pattern of the stained proteins showed no difference. In the extreme case of 2 mM HNE, a 

significant decrease in staining intensity was observed which potentially indicated occurrence of 

protein precipitation at this level of exposure. Indeed unrecoverable protein loss was observed as 

consequence of the 2 mM HNE exposure experiment during sample preparation. 

 

To detect ARP-labeled proteins, SDS-PAGE separated proteins were transferred onto a 

nitrocellulose membrane and biotinylated proteins were detected using avidin affinity staining in 

combination with chemiluminescence detection (Fig. 5.2B). A dose-dependent increase of HNE 

adducts was revealed throughout the entire HNE range that was tested (0 to 2 mM). Several 

bands (25, 50, 60 and 150 kDa) were observed with visible intensity in the control samples, 
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possibly due to non-specific binding or the presence of endogenous protein carbonyls. 

Noticeably, intense protein bands were readily observed in the sample treated with 10 µM of 

HNE before fully saturated signal was observed between 100 to 500 µM. This showed HNE-

protein adduction occurred in 10 µM , indicating high reactivity of HNE toward proteins [30]. 
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Figure 5.2. SDS-PAGE and Western blot analysis of mitochondrial proteins exposed to 

various concentration of HNE followed by ARP labeling.  

(A) HNE-treated mitochondria samples followed by ARP labeling were analyzed by SDS-

PAGE and proteins were stained with Coomassie blue for universal protein detection. (B) 

Western blot analysis with HRP-NeutrAvidin was performed to detect ARP-labeled HNE 

adducts.  

 

 

Detection of enriched ARP-HNE proteins by Western Blot and LC-MS quantification  

Our group has developed methods utilized chemical probes including ARP to enrich protein 

carbonyls successfully in heart mitochondria and THP-1 cells [16, 17, 31-34]. The enrichment 

procedure followed by tryptic digestion enables capture of adducted targets at the peptide level 

thereby providing information on the type of adduction and the specific site of modification. 

Alternatively, enrichment can be performed at the protein level prior to tryptic digestion. 
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Capturing intact proteins prior to tryptic digestion has several advantages:  (1) this strategy will 

provide greater depth and sequence coverage resulting in more confident protein identifications 

and quantification compared to workflows in which enrichment is performed at the  peptide 

level; (2) adduction of Lys by HNE (and related 2-enals) causes miscleavages and results in 

peptide assignments with less confidence; and (3) enrichment at the protein level may provide 

potential access to protein-protein interaction information [35]. Consequently, combining the two 

enrichment strategies will provide complementary information as more accurate protein 

quantification is obtained by intact protein enrichment while enrichment at the peptide level 

results in site-specific annotations.  

 

The avidin (or streptavidin)-biotin interaction is by far the most used affinity capture tool owing 

to the extreme affinity of native tetrameric avidin for biotin (Kd ~ 10
-15

M). Avidin monomers 

have a much lower biotin-binding affinity than native tetrameric avidin enabling dissociation of 

biotinylated molecules using mild elution conditions. Chavez et al., [16] has successfully utilized 

monomeric avidin for pulling down biotinylated HNE adducts at the peptide level. Adopting the 

same approach for performing enrichment at the protein level, however, was not as successful, 

probably due to spatial hindrance caused by the protein resulting in limited access to the 

monomeric avidin binding site and reduced binding affinity. In this work, we therefore explored 

the use of magnetic beads coated with streptavidin with high affinity for achieving enrichment of 

ARP-tagged HNE-adducts at the protein level. However, the strength of the streptavidin-biotin 

interaction poses challenges for the recovery of biotinylated molecules. To overcome the 

challenge of reversing the strong binding, we developed a MS-compatible elution approach. This 

new approach combines elevated temperature and low concentration of an ionic detergent 

followed by a detergent clean-up procedure to release, recover and digest captured proteins for 

downstream Western blot analysis and LC-MS quantification.   

 

After exposing mitochondria to varied concentrations of HNE, affinity capture of ARP-HNE 

adducts at the protein level was performed using the aforementioned approach. The pull-downed 

fractions of all six concentrations (0 to 2 mM) were analyzed by Western blotting to confirm 

efficacy of the enrichment. No visible protein bands were observed in Western blots for the 0 to 

100 µM HNE treatments (Fig.5.3). Several enriched protein bands were observed in the 20, 35, 
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50, 60, 100, 170 kDa range in the 500 µM treated sample. As noted previously, the highest 

concentration of HNE that was used for exposure (2 mM) may have caused substantial protein 

loss thus showed less adducted protein bands than were observed in the 500 µM exposure.    
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Fig. 5.3. Western blotting in combination with HRP-NeutrAvidin detection of streptavidin-

enriched fraction of mitochondrial samples.  

ARP-labeled mitochondrial proteins were incubated with magnetic streptavidin beads. 

After extensive wash, captured proteins were released from the beads by elevated 

temperature in 0.1% SDS. SDS-PAGE and NeutrAvidin blotting of the eluted fractions 

were performed. There were no visible bands observed for the HNE incubation with 

concentrations less than 500 μM. For the highest concentration tested (2 mM), less bands 

with weaker intensities were visible likely due to protein precipitation. 
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To reveal concentration-dependent increases in protein adducts with LC-MS-based label-free 

quantification, enriched samples were trypsin-digested, separated by LC and analyzed on a LTQ-

FT. A total of 204 proteins were identified and 182 proteins were quantified across all six 

enriched samples. Figure 5.4 depicts a heatmap visualization of the levels of protein adducts. 

Overall, the LC-MS quantification resulted in adduct abundance estimates that were consistent 

with the Western blot; confirming significant adducts formed at the lowest concentration of HNE 

exposure (10 µM). Further, the same unexpected decrease of adduct intensity in the sample 

treated with 2 mM HNE due to protein loss was also revealed.  

To answer whether HNE formed adducts with proteins in a selective fashion or randomly, we 

compared the abundance of the adducted proteins with the proteins curated in the reference 

mitochondrial proteome (Fig. 5.5). The comparison showed that all of the highly abundant 

proteins were also detected as putative HNE adducts. However, a significant number of the low 

abundant proteins were also found as putative adducts suggesting that HNE reacts with proteins 

partly according to abundance but also with some degree of selectivity.  There were 42 proteins 

found in our screen that were only identified after affinity enrichment. This implicated the 

efficacy of the enrichment, and the increased sensitivity of our method for detecting low 

abundant proteins (as putative targets of HNE) that originally were undetectable.   

Examination of adduct abundance with increasing concentrations of HNE applied in our 

exposure experiment suggested that proteins differed significantly in susceptibility to adduction. 

In order to profile the protein reactivity toward HNE, protein targets of HNE were grouped into 

three major categories based on the concentration-dependent profile of adduct accumulation (Fig. 

5.6). Category A adducts were formed readily even at low concentration (10 µM). Category B 

adducts were significantly detected at the medium and high concentrations (50 and 100 µM). 

Category C adducts were significantly found only at higher HNE concentrations (>100 µM). Due 

to the protein loss caused by precipitation at the highest HNE concentration used in this study (2 

mM) we focused our reactivity evaluation only on the results from the 0 to 500 µM exposures.  
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Figure 5.4. Heatmap visualization of quantitative values of the 182 proteins enriched at 

protein level. Left: heatmap of the 182 peptide identified and quantified over all six HNE 

exposure groups; Right: Zoomed-in region of the heatmap focusing on the most 

abundantly detected and identified putative HNE protein adducts. 

After affinity capture, samples were trypsin-digested and analyzed using LC-MS. Protein 

quantification was based on the peak intensity of the 3 most intense peptides. A total of 182 

proteins were quantified. From top to bottom the 182 identified proteins are listed and each 

row represents a protein and its corresponding abundance. From left to right, HNE 

concentrations in increasing order are provided which were used for the in vitro exposure 

of the mitochondrial protein samples. The color in each cell represents protein abundance 

obtained from the “Hi3” peptide intensity approach:  red is more abundant and dark green 

is less abundant. Black indicates missing values.  



105 

 

 

 

 

Figure 5.5. Abundance distribution of HNE-adducted proteins and non-adducted proteins 

obtained by profiling the current liver mitochondria preparations. 

Protein abundance was obtained from quantifying the “reference” mitochondrial proteome 

(REF_Mito) that was not exposed to HNE and no enrichment was performed. The yellow 

bar represents the 218 proteins that were present in the reference proteome. The blue bars 

show the proteins that were quantified after enrichment and were also identified in the 

reference proteome (see method section).   
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Figure 5.6. Categorization according to reactivity based on observed profiles of adduct 

accumulation in response to increasing HNE concentration for distinct proteins.  

Protein reactivity toward HNE can be grouped into three distinct types: High (category A), 

medium (category B) and low (category C) reactivity. Category A adducts were formed 

readily and detected even at low concentration (10 µM). Category B adducts were 

significantly observed at the medium and high concentrations (50 and 100 µM). Category C 

adducts were significantly detected only at higher HNE concentrations (>100 µM).  
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Further, we examined whether the abundance of proteins in our mitochondrial protein 

preparations may contribute to the observed reactivities with HNE. For this purpose we 

correlated the abundance of the adducts that were assigned from the 500 µM HNE exposure 

experiment with their abundance observed in the reference proteome. This allowed us to 

cautiously conclude that adduct accumulation seemed to be slightly correlated to the abundance 

of the respective protein present in the reference proteome. However, Cat A proteins were 

relatively more abundantly detected in the datasets after enrichment as one would expect from 

their observed abundance estimates observed in the reference proteome. These observations 

would be consistent to observations made by us [36] and others [23, 30] that proteins show 

disparate reactivities toward HNE. Table CS1 lists the proteins detected as putative HNE adducts 

according to their reactivity profiles. 
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Figure 5.7. Correlation of the abundance of the enriched proteins found in the 500 µM 

HNE exposure experiment with their respective abundance in the reference proteome. 

Proteins are marked according to their experimentally observed reactivity toward HNE: 

Cat A (highly reactive); Cat B (medium reactive), Cat C (low reactivity) and other 

(observed reactivity does not conform to the patterns used for classification) (see also 

Figure 5.6). This presentation allowed us to cautiously conclude that adduct accumulation 

seemed to be slightly correlated to the abundance of the respective protein present in the 

reference proteome. However, Cat A proteins were relatively more abundantly detected in 

the datasets after enrichment as one would expect from their observed abundance in the 

reference proteome.  
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Because HNE showed distinct reactivity profiles toward protein adduction, we asked whether 

this pattern of reactivity could selectively impact functional processes. We used a web-based 

bioinformatics resource, DAVID [27, 37], to evaluate KEGG [28] pathway enrichment of  

protein targets in each category.  

HNE protein targets in different reactivity categories were enriched for disparately different 

KEGG pathways (Fig. 5.8). Category A HNE targets were enriched for mainly metabolic 

processes including amino acid, fatty acid and glyoxylate and dicarboxylate metabolism, bile 

acid synthesis and TCA cycle. In contrast, Category B and C targets were enriched for oxidative 

phosphorylation (OXPHOS) and pathophysiological conditions associated with mitochondria 

dysfunction [38]. The findings suggested that OXPHOS proteins were less susceptible to HNE 

adduction and may imply that the OXPHOS machinery was built to resist oxidative insult in 

order to preserve its vital function in the cell. Our results are in accord with Codreanu and 

colleagues’ observation that OXPHOS proteins seem to be rather resistant to electrophilic 

aldehyde adduction in their cell exposure studies. They suggested the reduced susceptibility may 

indicate the  evolutionarily adaption of protein systems to protect vital cellular functions [30].     
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Figure 5.8. Heatmap presentation of enriched KEGG pathways for each reactivity 

category. 

Proteins in each category were analyzed separately for enriched pathways. The rows are 

the enriched pathways for each of the three categories. For the procedure used for 

generating the heatmap based on p-values for the KEGG pathway enrichment in 

conjunction with Perseus software please refer to the Methods section. Relative significance 

is shown in 2-color scheme, red is more significant and green represents less enriched. 

black, 
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Enrichment of adducted peptides for site-specific information 

To obtain information about HNE-adducted site at the residue level, a parallel enrichment was 

performed at the peptide level to confirm the presence of the HNE-modification on the proteins 

and to obtained site specific information. After tryptic digestion of HNE-treated mitochondrial 

protein samples, HNE-adducted peptides were affinity enriched and subjected to data-dependent 

LC-MS analysis using nanoAcquity UPLC and a LTQ-FT Ultra mass spectrometer. 

  

In total, 36 proteins with 77 HNE adducted sites were identified after the peptide level 

enrichment. The reactivity of HNE toward nucleophilic protein side chains has been 

characterized in the order of Cys>>His>Lys [15]. At low concentration (10 to 100 µM HNE), 

our result, shown in Figure 5.9, was consistent with that order, as the majority of the adductions 

were on cysteine residues (50%) followed by histidine (41%) and lysine (9%) (Fig. 5.9A). Our 

group has observed in a previous study that characterized endogenous 2-alkenal adducts in heart 

muscle mitochondria from rats using the same ARP enrichment approach, that 85 percent of the 

adductions were on cysteine residues, while modifications on histidine and lysine residues were 

scarce [36]. In contrast, at high concentration (500 to 2000 µM HNE), histidine adducts were 

dominantly present, and surprising, the number of cysteine adducts were lower compared to 

those from the low concentration exposures (Fig. 5.9B).  Similar result was also reported in a 

study of cytochrome c oxidase (COX) proteins exposed to 2 mM of HNE by Rauniyar and 

Prokai. They observed most HNE targets were histidine residues,  and only one adduction was 

detection on lysine and one on cysteine residue [39]. The deviation from the expected reactivity 

order may be partly due to protein denaturation and precipitation promoted by the extremely high 

content of reactive aldehyde used. As we showed in SDS-PAGE analysis that the protein content 

was significantly lower in sample treated with 500 and 2000 μM HNE (Fig. 5.2A). 
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Figure 5.9. Numbers of HNE modified Cys, His and Lys identified in HNE exposed 

mitochondrial samples via peptide level enrichment.  

(A) Numbers of Cys, His and Lys HNE adducts identified from the peptide level 

enrichment analyses; combined for all exposure experiments (in total), in the 100 µM and 

the 2mM HNE exposure experiments.  (B) Numbers of Cys, His, Lys adducts as well as 

total adducts detected in each treated concentration is shown. 

 

Comparison of protein level and peptide level enrichment  

A total of 204 and 44 proteins were identified from protein-level and peptide-level enrichment, 

respectively (Fig. 5.10A). Thirty-one of the 44 proteins identified at the peptide level were also 

found at the protein level. In terms of adducted site identification, only 4.9% of proteins (10 of 

204) were identified with ARP-HNE adducted sites in the protein level enrichment. In contrast, 

36 of 44 proteins identified in the peptide-level enrichment were identified with assigned ARP-

HNE modification sites. A total of 14 and 77 ARP-HNE peptides were identified from protein 

level and peptide level enrichment, respectively (Fig. 5.10B). Table S1 compiles the complete 

list of the adducted peptides identified. 

 

To examine the correlation between the two enrichment methods, results obtained from protein 

level and peptide level enrichment in numbers of identified proteins (at both levels), adducted 

peptides (peptide levels only), and total intensity measured by LC-MS analysis (protein level 



113 

 

 

 

only) were plotted against the HNE concentrations tested (Fig. 5.10C). All four datasets showed 

positive correlations with increasing HNE concentrations in the range of 0-500 µM. This 

indicated that the severity of insult with increasing concentration of HNE was revealed by those 

numbers of putative protein adducts and sites obtained by the two separate enrichment methods 

and the results were concordant. Notably, the sum of intensities obtained from the LC-MS 

quantification in protein level enrichment was lower at the 2 mM compared to the result acquired 

from the 500 µM. This may be due to protein loss at high concentration of HNE exposure and 

the finding was consistent with our SDS-PAGE analysis (Fig.5.2).        
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Figure 5.10. Comparison of results obtained from protein level and peptide level 

enrichment in numbers of identified proteins (putative protein targets of HNE identified at 

the protein level), adducted peptides (proteins identified at the peptide level) and 

modification sites (at the peptide levels).  
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(A) and (B) Venn diagrams of identified proteins and ARP-HNE adducted proteins and 

peptides from both protein and peptide level enrichment. (C) Plot depicts the numbers of 

identified proteins, modification sites (peptide level only) and the sum of the peak intensity 

from LC-MS quantification (protein level only) obtained from samples exposed to varied 

concentrations of HNE.  

 

We utilized both protein and peptide level affinity enrichment to generate lists of HNE targets, 

and combined the two lists to compile a list of proteins that showed a concentration-dependent 

trend as well as known modification sites. Table 5.1 lists 31 proteins that were found with both 

enrichment methods. The proteins were sorted by their occurrence of ARP-HNE sites identified 

in the peptide level enrichment strategy. The protein with the most adducted sites observed was 

ATP synthase subunit beta with a total occurrence of 38. In contrast, 11 proteins have 2 or less 

ARP-HNE peptide occurrences. Linear regression and correlation were applied to evaluate the 

concentration-dependency of protein abundance on HNE concentration. The upper 27% (54 of 

204 proteins) of the proteins found with the protein-level enrichment strategy have regression 

coefficient values, which represents the slope of the regression line, larger than 1500. Among the 

31 proteins that were identified by both enrichment methods, 24 of the 31 proteins fell into the 

upper region. In accord with the reactivity profile analysis, the five proteins that were found with 

the most numbers of ARP-HNE peptides identified belonged all to category A, the high 

reactivity category. As for the correlation coefficient (linearity of the correlation), 21 proteins 

from the list have linearity larger than 0.617 (1 reflects the most linear correlation), which also 

confirmed the quantitative validity of the list and indicated that the results from the two 

enrichment methods were comparable. In a separate study conducted by Guo et al., they 

identified 16 HNE adducted proteins in isolated liver mitochondria upon HNE exposure using an 

enrichment approach based on solid-phase hydrazine chemistry in combination with a LC–

MS/MS bottom-up approach for identification [40]. About one-third of their proteins (5) were 

also revealed in our combined list of the 31 proteins. The five proteins identified by both studies 

were ATP synthase subunit beta, Carbamoyl-phosphate synthase, 3-ketoacyl-CoA thiolase, 

Catalase and Glutamate dehydrogenase 1. The cross-method match further enhanced the validity 

of the list generated by our approach for its potential use in biomarker discovery and validation 

studies. The list of putative targets can serve as starting point for further validated studies using 
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orthogonal methods, including highly protein specific immuno-staining approaches or targeted 

LC-MS method, to confirm the identity of the protein and further evaluate any concentration-

dependent relationships with relevance to biomarker validation studies in various stages of 

diverse liver diseases.     
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Table 5.1. The combined 31 proteins identified in both protein- and peptide-level enrichment workflows. 

Thirty-one proteins that were found with both enrichment methods are listed in table 1. The list is sorted by total occurrence 

of ARP-HNE sites. Linear regression and correlation were applied to evaluate the concentration-dependency of protein 

abundance on HNE concentration; the regression coefficient represents the slope of the regression line and the correlation 

coefficient represent the linearity of the correlation between adduct accumulation and HNE concentration.
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Table 5.1. The combined 31 proteins identified in both protein- and peptide-level enrichment workflows. (Continued) 

 

 

Protein name
Gene 

name

Occurrence of 

ArpHNE 

peptides

Reactivity 

category

Correlation 

coefficient

Regression 

coefficient

ATP synthase subunit beta, mitochondrial Atp5b 38 A 0.627 110812

D-beta-hydroxybutyrate dehydrogenase, mitochondrial Bdh1 21 A 0.764 27361

Carbamoyl-phosphate synthase [ammonia], mitochondrial Cps1 12 A 0.729 68122

Long-chain-fatty-acid--CoA ligase 1 Acsl1 12 A 0.352 6051

Voltage-dependent anion-selective channel protein 1 Vdac1 11 A 0.635 311

Microsomal glutathione S-transferase Mgst1 9 B 0.775 3656

ADP/ATP translocase 2 Slc25a5 8 B 0.981 2993

3-ketoacyl-CoA thiolase, mitochondrial Acaa2 7 C 0.982 2879

ATP synthase subunit gamma, mitochondrial Atp5c1 6 B 0.985 521

Catalase Cat 6 A 0.636 40051

Glutamate dehydrogenase 1, mitochondrial Glud1 5 B 0.908 14995

Electron transfer flavoprotein-ubiquinone oxidoreductase, mitochondrial Etfdh 5 B 0.899 2470

ATP synthase subunit alpha, mitochondrial Atp5a1 4 B 0.910 29111

Prohibitin-2 Phb2 4 B 0.998 4138

Choline dehydrogenase (Fragment) Chdh 4 other 0.406 7508

ATP synthase subunit d, mitochondrial Atp5h 4 B 0.917 65516

Trifunctional enzyme subunit beta, mitochondrial Hadhb 3 A 0.845 1507

Bile acid-CoA:amino acid N-acyltransferase Baat 3 A 0.277 1366

Sideroflexin-1 Sfxn1 3 B 0.989 3523

Cytochrome c oxidase subunit 4 isoform 1, mitochondrial Cox4i1 3 C 0.982 1197

60 kDa heat shock protein, mitochondrial Hspd1 2 A 0.553 7760

CDGSH iron-sulfur domain-containing protein 1 Cisd1 2 C 0.982 285

Aldehyde dehydrogenase, mitochondrial Aldh2 2 other 0.107 3837

Voltage-dependent anion-selective channel protein 2 Vdac2 2 A 0.217 182

Hydroxymethylglutaryl-CoA synthase, mitochondrial Hmgcs2 2 A 0.382 2750

Nicotinamide nucleotide transhydrogenase Nnt 2 A 0.542 9062

Cytochrome b-c1 complex subunit 2, mitochondrial Uqcrc2 2 A 0.617 1827

Mitochondrial dicarboxylate carrier Slc25a10 2 B 0.928 2482

ATP synthase subunit b, mitochondrial Atp5f1 1 C 0.985 1774

Aspartate aminotransferase, mitochondrial Got2 1 N/A N/A 0
Succinate dehydrogenase [ubiquinone] flavoprotein subunit, mitochondrial Sdha 1 other -0.523 -1758.474
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Using affinity capture in combination of LC-MS label-free quantification, we demonstrated the 

increase in sensitivity for detecting low abundant proteins that were too low to be detected if 

unenriched. Advantages of performing enrichment strategies at the protein level are greater 

coverage, more relevant protein quantification, and specifically, determination of protein 

isoforms, which can be crucial for biomarker discovery and validation [41]. The site-specific 

adduction information gathered by the peptide level enrichment strategy is not only useful for 

confirming the putative targets obtained by the protein level enrichment workflow, but also 

provides valuable site-specific information that can be utilized to generate the transitions of 

precursor-product ion pairs for developing targeted MRM methods [42].  

 

Chemoselective probes, such as ARP, are powerful tools but not without limitations. The probe 

may not only react to a specific target but also to other chemical structures with a similar 

functional group. Chung et al., has identified as an ARP-reactive protein aspartate 

aminotransferase which has a covalently linked cofactor with a reactive aldehyde/keto group 

[43]. As a result, the protein was detected with avidin staining. In this study, we identified this 

protein by both enrichment workflows, however, it did not produce enough peptides for 

quantification and thus may indicate it as a false positive. Nonetheless, the enhanced sensitivity 

and depth provided by affinity enrichment approaches are necessities for gaining comprehensive 

information of the proteome. The vast advancement of modern mass spectrometry technologies 

with elegant chemical approaches will accelerate the emergence of quantitative proteomics 

approaches as a powerful tool for discovering and validating novel biological targets and 

biomarkers.   
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Conclusion 

 

In this study, a label-free quantitative method in combination with affinity capture for identifying 

and quantifying HNE adducted proteins in rat liver mitochondria was developed. We developed 

and employed affinity capture at the protein and peptide level to obtain a complementary list of 

putative targets of protein HNE adducts for further biological studies. Distinct reactivity 

categories of HNE targets were revealed and pathway analysis indicated evolutionarily adaption 

of protein systems to withstand stress. As for reactivity toward different residues, preferred 

formation of Cys adducts was observed at low HNE concentration, but His adducts were 

dominant at high concentration. The results from the separate enrichments were quantitatively 

correlative and complementary. Several proteins on our target list were also found by others. 

This further enhanced the credibility of our discovery as well as the efficacy of our strategy.              
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Chapter 6 

 

Conclusions 

 

This dissertation describes the development and application of label-free mass spectrometry-

based quantitative methods, assisted with bioinformatics resources, chemoselective labeling, and 

avidin-biotin based affinity enrichment on both protein and peptide level, for elucidating 

adaptive response of the hepatic mitochondrial proteome in an alcoholic fatty liver disease 

model. The capability of three label-free quantitative approaches, two spectral counting-based 

DDA approaches and the ion-intensity-based MS
E 

method, were evaluated initially using single- 

and three-protein model systems and ultimately applied to a complex biological system for 

examining the consequence of chronic alcohol consumption on the proteome biology of liver 

mitochondria. Our results showed that the MS
E
-based quantification technique is superior to the 

DDA-based quantification methods regarding accuracy, precision and dynamic range and 

coverage depth. Despite the conceptual difference of the two label-free quantification techniques, 

our study indicated that the outcomes of the two methods were consistent and complementary as 

more than half of the differentially expressed proteins identified by the MS
E
 method were also 

detected by at least one of the DDA methods.   

 

We further used label-free LC-MS
E
 quantification techniques in combination with bioinformatics 

tools and knowledge bases to investigate the protective effect of MitoQ on liver mitochondria in 

a rat model of alcoholic fatty liver disease. A total of 317 proteins were identified and 

functionally annotated. Systems biology tools were coupled with a quantitative categorization 

strategy to enable the integration of the available biological information with the quantitative 

proteomics data. This integration of information revealed altered metabolic pathways related to 

the protective effect of MitoQ on liver under ethanol-induced stress, including acyl-CoA 

synthases and carnitine shuttle, ketogenesis, TCA cycle, and oxidative phosphorylation.  

 

A LC-MS-based label-free quantification strategy assisted by selective labeling and affinity 

enrichment at the intact protein and at the peptide level was developed and applied to further 

depict a subset of the mitochondrial proteome susceptible to HNE insult. The application of the 
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protein-level enrichment strategy allowed the examination of the concentration-dependence of 

protein modifications based on distinct reactivity profiles. Combined with site-specific 

information obtained from the peptide-level enrichment, a list of potential protein targets with 

known modification sites and displaying a concentration-dependent response was obtained and 

these putative targets of HNE insult may serve as leads for directing future studies. 

  

Mass spectrometry-based proteomics has become a vital tool in the biological and biomedical 

sciences, including but not limit to, discovery-oriented researches, owing to its sensitivity and 

high-throughput. A biomarker rush was anticipated at the time mass spectrometry was 

introduced to the field of proteomics. However, the expectations have not been fulfilled since 

only a handful of candidates are approved as markers for clinical use every year. The culprit is 

the complexity and dynamic nature of the proteome, further complicated by PTMs, alternative 

splicing isoforms, protein complexes and tissue/cell/organ specificity. At this point in time we do 

not yet have enough pieces to construct this big puzzle. The integrated strategy combing MS-

based quantitative proteomics, bioinformatics, selective labeling and affinity enrichment 

described in this dissertation offers opportunities for dissecting the proteome, and hopefully, 

provide inspiration and new leads for discovering more missing pieces of the OMICs puzzle.           
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Table AS1. Composition of the 4 3-protein mixtures 

 

 

Mixture Protein(pmol) 

 
BSA ENO LYSO 

A 1 1 1 

B 1 5 0.2 

C 5 0.2 1 

D 0.2 1 5 
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Table AS2. Identification rate and other statistics of all the 3 methods. 

Category Bio Sample #Prot #IDs #Spec %IDs 

MSE MC1 99 1130 6100 18.5% 

 
MC2 118 1213 5954 20.4% 

 
MC3 101 1076 6346 17.0% 

 
ME1 124 1474 6928 21.3% 

 
ME2 113 1367 6273 21.8% 

 
ME3 105 1290 6688 19.3% 

Total 182 average 110.0 1258.3 6381.5 19.7% 

DDA DC1 102 735 1385 53.1% 

 
DC2 107 755 1372 55.0% 

 
DC3 105 758 1367 55.4% 

 
DE1 104 807 1377 58.6% 

 
DE2 102 829 1382 60.0% 

 
DE3 106 814 1360 59.9% 

Total 128 average 104.3 783.0 1373.8 57.0% 

DDA_FT LC1 128 859 2309 37.2% 

 
LC2 123 815 2304 35.4% 

 
LC3 124 844 2265 37.3% 

 
LE1 130 995 2317 42.9% 

 
LE2 129 932 2299 40.5% 

 
LE3 132 986 2320 42.5% 

Total 174  average 127.7 905.2 2302.3 39.3% 

249 Proteins at 95.0% Minimum 2 Min # Peptides 4.6% Decoy FDR 

19211 Spectra at 90.0% Minimum 0.13% Decoy FDR 

M=MS
E
, D=DDA, L=DDA_FT 

C=control group, E= ethanol group 

1-3= replicate number   
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Table AS3. Fold change determination by the DDA and DDA_FT methods after different 

adjustments to raw spectral counts. (A)emPAI,  (B)NSAF, (C)TOP 3 MS/MS intensity. 

 

(A) 

emPAI 

adjusted 

                   DDA     DDA_FT   

Ratio  

Expected 

ratio Measured ratio 

T-TEST 

p<0.05 

 

Measured ratio 

T-TEST 

p<0.05 

 

BSA 

         C/D 25 17.22 ± 0.59 Y 

 

19.46 ± 1.88 Y 

C/B 5 4.15 ± 0.56 Y 

 

3.84 ± 0.89 Y 

A/B 1 1.54 ± 0.57 N 

 

0.97 ± 0.32 N 

 

ENO 

         B/C 25 7.79 ± 2.16 Y 

 

8.05 ± 0.94 Y 

B/A 5 4.7 ± 2.46 N 

 

5.24 ± 0.11 Y 

A/D 1 0.89 ± 0.07 N 

 

1.03 ± 0.29 N 

 

Lyso 

         D/B 25 24.91 ± N/A Y 

 

8.37 ± 1.72 Y 

D/A 5 10.19 ± 8.06 Y 

 

2.48 ± 0.32 Y 

A/C 1 0.51 ± 0.24 N   1.55 ± 0.39 N 
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Table AS3. Fold change determination by the DDA and DDA_FT methods after different 

adjustments to raw spectral counts. (A)emPAI,  (B)NSAF, (C)TOP 3 MS/MS 

intensity.(Continued) 

 (B) 

NSAF 

              DDA     DDA_FT   

Ratio  

Expected 

ratio Measured ratio 

T-TEST 

p<0.05 

 

Measured ratio 

T-TEST 

p<0.05 

 

BSA 

         C/D 25 7.03 ± 1.13 Y 

 

8.69 ± 0.87 Y 

C/B 5 2.44 ± 0.31 Y 

 

3.31 ± 0.08 Y 

A/B 1 1.25 ± 0.42 N 

 

0.98 ± 0.1 N 

 

ENO 

         B/C 25 4.24 ± 0.89 Y 

 

6.22 ± 1.92 Y 

B/A 5 3.06 ± 0.58 Y 

 

5.24 ± 0.6 Y 

A/D 1 0.85 ± 0.17 N 

 

1.14 ± 0.03 N 

 

Lyso 

         D/B 25 6.53 ± N/A Y 

 

9.39 ± 1.44 Y 

D/A 5 4.76 ± 3.58 Y 

 

2.83 ± 0.52 Y 

A/C 1 0.57 ± 0.27 N   1.13 ± 0.11 N 



140 

 

 

 

Table AS3. Fold change determination by the DDA and DDA_FT methods after different 

adjustments to raw spectral counts. (A)emPAI,  (B)NSAF, (C)TOP 3 MS/MS 

intensity.(Continued) 

 

          (C) 

TOP 3 MS/MS 

TIC 

              DDA     DDA_FT   

Ratio  

Expected 

ratio Measured ratio 

T-TEST 

p<0.05 

 

Measured ratio 

T-TEST 

p<0.05 

 

BSA 

         C/D 25 16.82 ± 2.82 Y 

 

19.77 ± 7.29 Y 

C/B 5 3.94 ± 1.69 Y 

 

4.13 ± 2.18 Y 

A/B 1 0.89 ± 0.34 N 

 

0.79 ± 0.35 N 

 

ENO 

         B/C 25 8.31 ± 3.7 Y 

 

11.73 ± 3.13 Y 

B/A 5 4.76 ± 1.96 Y 

 

5.24 ± 1.9 Y 

A/D 1 1.17 ± 0.33 N 

 

0.84 ± 0.35 N 

 

Lyso 

         D/B 25 6.77 ± N/A Y 

 

10.45 ± 5.88 Y 

D/A 5 8.57 ± 10.18 Y 

 

5.77 ± 4.36 Y 

A/C 1 0.59 ± 0.4 N   1.18 ± 0.44 N 
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Table AS4. Ratios of protein abundance (adjusted by emPAI, NSAF and Top3 TIC) 

between MS
E
 and two DDA methods categorized by protein size are shown. 

 

emPAI NSAF Top3 TIC

Protein size (kDa) Control Ethanol Control Ethanol Control Ethanol Control Ethanol Control Ethanol Control Ethanol

 8 - 34 89.1 91.1 90.2 101.7 78.4 79.6 78.2 83.8 90.8 96.9 115.0 106.9

35-60 117.9 120.9 119.3 121.1 107.1 108.5 106.8 105.7 96.1 107.1 92.2 91.3

61-165 202.1 137.0 122.9 116.8 175.4 133.9 108.7 99.0 141.7 110.4 93.1 83.8

MSE/DDA_G1 (%) MSE/DDA_FT (%) MSE/DDA_G1 (%) MSE/DDA_FT (%) MSE/DDA_G1 (%) MSE/DDA_FT (%)

 

 

Figure AS1. Comparison of chromatograms from MS
E
 and DDA experiments of rat liver 

mitochondria samples. 

The same UPLC coupled to a nanoESI source was utilized for both MS
E
 and DDA 

methods. Chromatograms from both acquisition methods were almost identical, indicating 

that the DDA mode (using the settings described in the method section) did not result in 

under-sampling. 
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Figure AS2. Correlation of proteins’ abundance between the MS
E
, DDA and DDA_FT 

methods. 
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Figure AS3. 

Distribution of abundance estimates of proteins in rat liver mitochondria samples 

measured by MS
E
, DDA_G1 and DDA_FT methods. 

Frequency of normalized protein abundance was plotted. 90% of proteins have abundance 

less than 2%. Plot has asymmetric x-axis. Normal scale is showed in the  insert. Similar 

distributions were obtained by three label-free methods tested.  
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Figure AS4. Comparison of log2 fold changes of the 111 proteins that were identified by all 

the three methods. 

 

 

 

 

 

 

 

 

 



145 

 

 

 

Figure AS5. Venn diagram compiling the numbers of proteins identified  as differently 

regulated (t-test p<0.05) between control and ethanol-treated groupby all three methods, 

MS
E
, DDA_G1 and DDA_FT. 
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Figure AS6. Comparison of adjusted log2 fold changes of the 111 proteins that were identified by all the three methods.  

Results from the DDA and DDA_FT methods were adjusted by (A) emPAI, (B) NSAF and (C) Top3 MS/MS TIC methods. 

The result showed a slight improvement in correlation compared to the unadjusted results. 
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Supplemental Material for Chapter 4 
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Figure BS1. Heatmap representation of ratios (Log converted) of the 5 experimental 

groups against control.  

Rows represent proteins that were clustered based on calculated ratios. Red color 

represents high ratio and green represents low ratios in the 2-color scheme.  



149 

 

 

 

 

 

 

 

APPENDIX C 

 

Supplemental Material for Chapter 5 

 

 

 



150 

 

 

 

 

Table CS1. ARP-HNE modified peptide list from the current study. 

Protein name Gene name Uniprot ID MW Sequence
adducted 

residue

ATP synthase subunit beta, mitochondrial atp5b ATPB_RAT 56 kDa (R)LVLEVAQhLGESTVR(T) His

(K)AhGGYSVFAGVGER(T) His

(R)TREGNDLYhEMIESGVINLK(D) His

(R)EGNDLYhEMIESGVINLK(D) His

(K)KGSITSVQAIYVPADDLTDPAPATTFAhLDATTVLSR(A) His

(R)IMDPNIVGSEhYDVAR(G) His

(R)FLSQPFQVAEVFTGHMGk(L) His

(K)GFQQILAGDYDhLPEQAFYmVGPIEEAVAK(A) His

(K)LAEEhGS(-) His

D-beta-hydroxybutyrate dehydrogenase, mitochondrial Bdh1 BDH_RAT 38 kDa (K)AVLVTGcDSGFGFSLAK(H) Cys

(R)TIQLNVcNSEEVEK(A) Cys

(K)mETYcNSGSTDTSSVINAVTHALTAATPYTR(Y) Cys

Voltage-dependent anion-selective channel protein 1 Vdac1 VDAC1_RAT 31 kDa (K)YQVDPDAcFSAK(V) Cys

(K)LTLSALLDGKNVNAGGHk(L) Lys

(K)NVNAGGhK(L) His

ADP/ATP translocase 2 Slc25a5 ADT2_RAT 33 kDa (K)LLLQVQhASK(Q) His

(K)GTDImYTGTLDcWR(K) Cys

Long-chain-fatty-acid--CoA ligase 1 Acsl1 ACSL1_RAT 78 kDa (K)ALkPPCDLSmQSVEVTGTTEGVR(R) Lys

(R)GIQVSNDGPcLGSR(K) Cys

(K)GIAVhPELFSIDNGLLTPTLK(A) His

Carbamoyl-phosphate synthase [ammonia], mitochondrial Cps1 CPSM_RAT 165 kDa (R)SAYALGGLGSGIcPNK(E) Cys

(R)SAYALGGLGSGIcPNKETLMDLGTK(A) Cys

(R)VSQEhPVVLTK(F) His

(R)FLGVAEQLhNEGFK(L) His

Uricase Uox URIC_RAT 35 kDa (K)DYLhGDNSDIIPTDTIK(N) His

(K)NTVhVLAK(F) His
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Table CS1. Table S1. ARP-HNE modified peptide list from the current study. (Continued)

Protein name Gene name Uniprot ID MW Sequence
adducted 

residue

60 kDa heat shock protein, mitochondrial Hspd1 CH60_RAT 61 kDa (K)ISSVQSIVPALEIANAhR(K) His

(R)AAVEEGIVLGGGcALLR(C) Cys

Microsomal glutathione S-transferase Mgst1 B6DYQ4_RAT 17 kDa (K)VFANPEDcAGFGK(G) Cys

(R)IYhTIAYLTPLPQPNR(G) His

Catalase Cat CATA_RAT 60 kDa (K)NAIHTYVQAGShIAAK(G) His

(R)LGPNYLQIPVNcPYR(A) Cys

(R)GPLLVQDVVFTDEMAhFDR(E) His

(R)DAMLFPSFIhSQK(R) His

Choline dehydrogenase (Fragment) Chdh Q64644_RAT 49 kDa (R)KPTQQEAYQVhVGTMR(A) His

(K)hELGANMYR(G) His

(K)GcPALGDENVPVYKPQTLDTQR(-) Cys

ATP synthase subunit gamma, mitochondrial Atp5c1 ATPG_RAT 30 kDa (R)ThSDQFLVSFK(D) His

(K)hLIIGVSSDR(G) His

3-ketoacyl-CoA thiolase, mitochondrial Acaa2 THIM_RAT 42 kDa (K)TNVSGGAIALGhPLGGSGSR(I) His

(K)LEDTLWAGLTDQHVk(L) Lys

Mitochondrial carrier homolog 2 (C. elegans) Mtch2 B0BN52_RAT 34 kDa (K)VLQYYQEcEKPEDLGSANVQK(E) Cys

ATP synthase subunit alpha, mitochondrial Atp5a1 ATPA_RAT 60 kDa (K)hALIIYDDLSK(Q) His

ATP synthase subunit b, mitochondrial Atp5f1 AT5F1_RAT 29 kDa (R)LDYhISVQDMmR(R) His

(R)hYLFDVQR(N) His

(K)hVIQSISAQQEK(E) His

Prohibitin-2 OS=Rattus norvegicus Phb2 PHB2_RAT 33 kDa (R)IGGVQQDTILAEGLhFR(I) His
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Table CS1. Table S1. ARP-HNE modified peptide list from the current study. (Continued)  

  

 

 

 

Protein name Gene name Uniprot ID MW Sequence
adducted 

residue

Voltage-dependent anion-selective channel protein 3 Vdac3 VDAC3_RAT 31 kDa (K)ScSGVEFSTSGHAYTDTGK(A) Cys

(K)NFNAGGhK(V) His

Sideroflexin-1 Sfxn1 SFXN1_RAT 36 kDa (K)hVSPLIGR(F) His

Glutamate dehydrogenase 1, mitochondrial Glud1 DHE3_RAT 61 kDa (K)hGGTIPVVPTAEFQDR(I) His

ATP synthase subunit d, mitochondrial Atp5fh ATP5H_RAT 19 kDa (K)NcAQFVTGSQAR(V) Cys

Cytochrome b-c1 complex subunit 2, mitochondrial Uqcrc2 QCR2_RAT 48 kDa (R)YENYNYLGTShLLR(L) His

(K)NALANPLYcPDYR(M) Cys

Cytochrome c oxidase subunit 4 isoform 1, mitochondrial Cox4i1 COX41_RAT 20 kDa (K)SYVYGPIPhTFDR(D) His

(R)DYPLPDVAhVK(L) His

Bile acid-CoA:amino acid N-acyltransferase Baat BAAT_RAT 46 kDa (K)LTAVPLSALVDEPVhIR(V) His

Mitochondrial carnitine/acylcarnitine carrier protein Slc25a20 MCAT_RAT 33 kDa (K)SVhDLSVPR(V) His

(R)LQTQPPSLPGQPPMYSGTIDCFRk(T) Lys

NADH dehydrogenase [ubiquinone] 1 alpha subcomplex 

subunit 10, mitochondrial Ndufa10 NDUAA_RAT 40 kDa (R)VITVDGNIcSGK(N) Cys

Nicotinamide nucleotide transhydrogenase Nnt Q5BJZ3_RAT 114 kDa (R)EANSIVITPGYGLcAAK(A) Cys

Voltage-dependent anion-selective channel protein 2 Vdac2 VDAC2_RAT 32 kDa (K)SFNAGGhK(L) His

(K)ScSGVEFSTSGSSNTDTGK(V) Cys
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Table CS1. ARP-HNE modified peptide list from the current study. (Continued) 

Protein name Gene name Uniprot ID MW Sequence
adducted 

residue

Peroxisomal acyl-coenzyme A oxidase 2 Acox2 ACOX2_RAT 77 kDa (R)SLEDhTPLPGITVGDIGPK(M) His

Mitochondrial dicarboxylate carrier Slc25a10 O89035_RAT 31 kDa (R)GALVTVGQLScYDQAK(Q) Cys

Pyruvate carboxylase, mitochondrial Pc PYC_RAT 130 kDa (R)LDNASAFQGAVISPHYDSLLVk(V) Lys

Methylmalonate-semialdehyde dehydrogenase [acylating], 

mitochondrial Aldh6a1 MMSA_RAT 58 kDa (K)GYENGNFVGPTIISNVKPSMTCYk(E) Lys

Aldehyde dehydrogenase, mitochondrial Aldh2 ALDH2_RAT 56 kDa (K)VAFTGSTEVGhLIQVAAGSSNLK(R) His

Aspartate aminotransferase, mitochondrial Got2 AATM_RAT 47 kDa (K)TcGFDFSGALEDISK(I) Cys

3 beta-hydroxysteroid dehydrogenase type 5 Hsd3b5 3BHS5_RAT 42 kDa (K)SQSIQGQFYYISDDTPhQSYDDLNYTLSK(E) His

Very long-chain specific acyl-CoA dehydrogenase, 

mitochondrial Acadvl ACADV_RAT 71 kDa (R)TGIGSGLSLSGIVhPELSR(S) His

Ndufa9 protein Ndufa9 B5DER7_RAT 43 kDa (K)AVQhSNVVINLIGR(E) His

Trifunctional enzyme subunit beta, mitochondrial Hadhb ECHB_RAT 51 kDa (R)LNFLSPELPAVAEFSTNETMGhSADR(L) His

Tricarboxylate transport protein, mitochondrial Slc25a1 TXTP_RAT 34 kDa (K)FIhDQTSSNPK(Y) His

Succinate dehydrogenase complex, subunit C, integral 

membrane protein Sdhc Q641Z9_RAT 18 kDa (K)NTSSNRPVSPhLTIYR(W) His

CDGSH iron-sulfur domain-containing protein 1 Cisd1 CISD1_RAT 12 kDa (K)hNEETGDNVGPLIIK(K) His

Fatty aldehyde dehydrogenase Aldh3a2 AL3A2_RAT 54 kDa (R)FDhILYTGNTAVGK(I) His  
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